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1 Introduction
1.1 Context
Over the last century, the diagnosis and monitoring of respiratory diseases
has been an ongoing challenge and requires constant improvement. The assessment of patients with respiratory disease generally starts by a physician
determining a medical sign based on typical symptoms such as shortness of
breath, wheezing, cough etc., which is then evidenced by clinical pulmonary
function tests (PFT). The PFTs currently available are limited in the capability of providing detailed insight into the cause of the respiratory complaints
and consultations with a physician are required to monitor the patient’s condition.
Several chronic respiratory diseases exist of which asthma and chronic obstructive pulmonary disease (COPD) make up the majority. According to the
World Health Organization (WHO), 235 million people suffer from asthma
worldwide and it is the most common chronic disease among children [1].
Moreover, asthma is under-diagnosed and under-treated such that symptoms
can worsen and, in some cases, even be fatal. This causes 80 % of asthma
deaths to occur in low and lower-middle income countries. The WHO also
showed that 64 million people suffer from COPD which is predicted to become the third leading cause of death worldwide by 2030 [1]. An improvement in terms of detection, diagnosis and monitoring of these respiratory diseases is thus urgently required and will depend largely on the development
of new PFTs together with the improvement of currently available PFTs.
The standard PFT is spirometry which requires the patient to perform a
forced expiration maneuver and measures the forced expiratory volume in
1 second (FEV1 ) and forced vital capacity (FVC). An assessment of patients
with respiratory complaints is obtained based on FEV1 and the ratio FEV1/FVC.
A spirometric measurement example comparing a healthy patient with a patient suffering from obstructive lung disease is shown in Figure 1.1. The
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Figure 1.1: Spirometry data for a healthy and an obstructive patient represented by the volumetime curve during a forced expiration (left) and flow-volume curve for both expiration
and inspiration (right). The patient performs a maximal effort expiration from which
FEV1 is obtained. The total expiration volume yields FVC. Both FEV1 and the ratio
FEV1/FVC are used for assessment of patients with respiratory complaints.

measured values for FEV1 and FVC are combined with the patient’s symptoms to diagnose the patient with a specific respiratory disease. For example,
an adult can be diagnosed with asthma if he/she suffers from one or more
of the aforementioned symptoms and spirometry shows an FEV1/FVC ratio of
less than 0.75 [2]. In the case of COPD, additional symptoms such as sputum
production and chronic cough are required and an FEV1/FVC ratio of less than
0.70 needs to be measured after administration of a bronchodilator [3].
Even though widely considered as the standard PFT, spirometry has two
major disadvantages. First, it requires a maximal effort expiration which
is highly uncomfortable for the patient and sometimes unfeasible to perform, especially for young children and elderly patients. Second, spirometry
provides limited insight into the underlying mechanical derangements that
make up the respiratory disease and cause its symptoms. Moreover, a spirometric test provides only a very limited amount of data (FEV1 and FVC together with peak expiratory flow (PEF)) which do not provide insight into the
physiology of the patient’s respiratory system. Novel insights from spirometry are not to be expected, as indicated by the standstill of spirometric data
interpretation over the last decades. Therefore, additional PFTs have been
widely investigated, of which the forced oscillation technique (FOT) is considered as the current state-of-the-art in the assessment of lung function [4,5].

2
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Figure 1.2: An FOT device applies pressure oscillations Pao ( f ) and measures the resulting flow
Qao ( f ) at the airway opening to measure respiratory impedance Zrs ( f ).

1.2 The forced oscillation technique
The forced oscillation technique (FOT) is a noninvasive measurement technique which demands minimal cooperation from the patient. It has been
introduced in the 1950’s [6] and has the advantage that it can provide insight into the mechanical status of the respiratory system. FOT measures
the mechanical impedance of the respiratory system by superimposing small
amplitude pressure oscillations (or flow oscillations) onto the patients breathing [7]. When measured at the airway opening, the complex ratio of the resulting flow (or pressure) to the excitation pressure (or flow) yields the input
impedance of the total respiratory system Zrs which is defined as
Zrs ( f ) =

Pao ( f )
Qao ( f )

(1.1)

with f the frequency. Qao and Pao are the frequency domain representation
of respectively flow and pressure at the airway opening. The pressure at the
airway opening corresponds to the pressure drop over the total respiratory
system (Figure 1.2). Alternative applications of FOT exist, such as the measurement of transfer impedance Ztr using pressure at the body surface instead
of the airway opening [4, 8]. Additionally, Zrs can be separated into lung and
chest wall impedances, ZL and ZCW respectively, by adding a measurement of
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Figure 1.3: Total respiratory impedance Zrs consists of a serial combination of lung impedance
ZL and chest wall impedance ZCW . Pao represents the pressure at the airway opening. The pressure drop over the respiratory system is obtained as the difference between Pao and atmospheric pressure Patm . ZL and ZCW can be separated by addition
of an esophageal pressure measurement Pes which yields a separate measurement of
transpulmonary pressure.

transpulmonary pressure (Figure 1.3) [9–11]. However, this requires for the
insertion of a balloon-tipped catheter into the patient’s esophagus which is
an additional invasive measurement, making it highly unpractical in clinical
settings [12, 13]. This extension will therefore not be handled in this work.
Zrs is most commonly expressed with resistive (Rrs = Re(Zrs ( f ))) and reactive (Xrs = Imag(Zrs ( f ))) components to allow for the separation of processes
associated with energy dissipation and energy storage [5]:

Zrs = Rrs ( f ) + jXrs ( f )

(1.2)

√
with j = −1 the unit imaginary number. In the low frequency range, i.e.
lower than 10 Hz, frequency dependent elastance Ers ( f ) can be considered
which is related to Xrs by Ers (ω) = −ωXrs (ω) with ω = 2π f the angular frequency [10, 14, 15]. Given the definition of respiratory impedance in (1.1),
we can describe the relation between Zrs and the mechanics of the respiratory
system.

1.2.1 Respiratory system mechanics
The respiratory system is depicted in Figure 1.4. It consists of a branching
structure, known as the respiratory tract, which starts at the trachea and divides into smaller and smaller airways reaching more than 200 million alveoli [16]. The alveolar compartments make up the lung tissue which is inflated
and deflated during breathing. Together with the lower respiratory tract,
the alveoli make up the lung which is encapsulated in the chest wall. The
latter consists of the ribs, separated by intercostal muscles and is separated
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Figure 1.4: Representation of the respiratory system and its main components.

from the lungs by the pleural space. The primary function of the respiratory
system is ventilation which describes the movement of air to and from the
alveoli. Ventilation requires driving pressures to overcome the resistive and
elastic components of the lungs and chest wall [5].
Describing the mechanical behavior of each subcomponent of the respiratory system would require for an extremely high number of parameters (more
than 108 ). Therefore, the mechanics of the respiratory system are described
using simplified models [17].
To exemplify how respiratory impedance can provide insight into the mechanics of the respiratory system, we consider the simplest model for the
lung, commonly referred to as the linear single compartment model [17].
Example: the linear single compartment model
This model represents the lung as an elastic balloon sealed over the end of a
pipe, where the pipe represents the airways of the respiratory tract and the
balloon represents the alveoli as a single uniformly ventilated alveolar compartment (Figure 1.5). Even though it is an extreme oversimplification of the
lung, this model can already provide a lot of insight in the relation between
the mechanical properties of the lung and measurements of pressure, volume
and flow. To demonstrate this, we will derive the respiratory impedance for
this specific model.
A mechanical equivalent of the model is given in Figure 1.6. The airway is
represented as a single conduit which connects the outer world to the alveolar
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Figure 1.5: The linear single compartment model represents the lung as a balloon sealed over
the end of a pipe. The pipe represents the conducting airways from the mouth to
the alveoli. The balloon (alveolar compartment) represents the alveolar tissues of the
lungs.

Figure 1.6: Mechanical equivalent of the linear single compartment model of the lung. A conduit
with resistance R leads to two telescoping canisters which are connected by a spring
with elastance E.
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compartment, represented as a pair of telescoping cannisters connected by a
spring. A flow of air (q(t) = dv(t)/dt = v̇(t)) is driven through this conduit when
a pressure gradient ∆p(t) exists between its both ends. As the flow of air
reaches the alveolar compartment, the compartment volume v(t) increases,
causing the spring to stretch. The tension in the spring produces an elastic
pressure inside the compartment pel (t) which makes the compartment return
to its initial volume once the inflating air flow is removed. The total pressure
from the entrance of the conduit to the compartment p(t) is the sum of the
elastic pressure in the spring and the pressure gradient across the conduit
p(t) = pel (t) + ∆p(t)

(1.3)

In order to relate both pel (t) and ∆p(t) to the mechanical properties of the
model, certain assumptions are required about the elastic properties of the
spring and the flow resistance of the conduit. The first assumption is that the
pressure gradient between both ends of the conduit increases linearly with
flow such that
∆p(t) = Rv̇(t)
(1.4)
with R the resistance of the conduit. The elastic properties of the alveolar
compartment are determined by the relation between pel (t) and v(t) which
depends on the properties of the spring. When the spring is assumed to behave according to Hooke’s law, its tension increases linearly with increasing
volume v(t) such that
pel (t) = Ev(t)
(1.5)
with E the elastance of the spring. Another mechanical property that can be
considered is compliance C which is the inverse of elastance, C = 1/E . Elastance gives a measure of how difficult it is to increase the volume in the alveolar compartment given a driving pressure. In a simple analogy we can state
that a high elastance (low compliance) is present in a balloon which is very
hard to inflate. A very low elastance (high compliance) can be found in, for
example, an easily inflatable plastic grocery bag.
Combining both the elastic and resistive properties of the single compartment model, a first order differential equation is obtained, generally referred
to as the equation of motion of the lung:
p(t) = Rv̇(t) + Ev(t)

(1.6)
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By means of the Fourier transformation, denoted as F {x(t)} = X(ω) and
given that F {ẋ(t)} = jωF {x(t)}, with ω = 2π f the angular frequency, the
equation of motion (1.6) can be transformed to the frequency domain such
that
P(ω) = RQ(ω) − j
= (R − j

E
Q(ω)
ω

E
)Q(ω)
ω

(1.7)
(1.8)

with Q(ω) = F {v̇(t)}.
To identify the mechanical properties, given by R and E, the ratio of P(ω)
and Q(ω) is considered, leading to the impedance

Z(ω) =

P(ω)
Q(ω)

= R(ω) + jX(ω)
E
= R− j
ω

(1.9)
(1.10)
(1.11)

with the corresponding curves for R(ω) and X(ω) shown in Figure 1.7. Hence,
measurements of Z(ω) as a ratio of P(ω) and Q(ω) at the entrance of the
conduit allow to estimate the mechanical properties, namely R and E, of the
linear single compartment model.
This model serves as an intuitive example for respiratory mechanics but is
far too simple to characterize mechanical behavior of most respiratory system pathologies [5, 17]. Therefore, numerous models have been proposed
depending on the measurement conditions and frequency ranges over which
Z is determined. Before discussing the frequency ranges at which Z is considered, we first introduce the electrical equivalents of the pressures, flows and
impedance which will be used throughout this work.
Electrical equivalents
Mechanical equivalents have a high physical analogy with the respiratory system because they are characterized by the same variables, namely pressure,
volume, and flow [17]. Most commonly, the respiratory system is represented
using electrical equivalents, where voltage and current are the analogs of
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Figure 1.7: Resistance R(ω) and reactance X(ω) of the single compartment model.

Figure 1.8: Electrical equivalent of the linear single compartment model. The capacitance C is
the inverse of the elastance E of the spring used in the mechanical equivalent.

Figure 1.9: RIC model extending the linear single compartment model with a conductor with
inertance I.

pressure and flow, respectively and where the electrical ground corresponds
to atmospheric pressure. The electrical equivalent of the single compartment
model is shown in Figure 1.8 where the resistance of the airway to flow is
replaced by an electrical resistance R and the telescoping cannisters are replaced by a capacitor with capacitance C = 1/E , with E the elastance of the
mechanical spring. A frequently used model when Zrs is considered in the
mid frequency range (4 − 32 Hz) is the RIC−model which adds an inductor to
the single compartment model (Figure 1.9) to incorporate gas inertance.
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Figure 1.10: Electrical equivalent of the lung consisting of central (Rc ) and peripheral (R p ) airway resistances together with central airway wall shunting (Csh ) and tissue (Ct ) capacitors. This equivalent can be extended with inductors to represent inertance for
airways and tissues, in which case it is referred to as the six-element model [4].

1.2.2 Low frequency respiratory mechanics
Zrs is measured over a wide frequency range, starting from 0.01 Hz [18] and
going up to 300 Hz [19]. Most applications of FOT are found in the midfrequency range which starts at 2−4 Hz, i.e. 10 times the breathing frequency,
and extends up to 20 to 50 Hz. For this frequency range, commercial devices
for clinical practice and home monitoring are readily available [20, 21] and
studies on large-scale studies have been executed, for example 1255 subjects
in [22].
Nonetheless, the low frequency range (between 0 and 10 Hz) has been shown
to be most sensitive to pathologic structural alterations [5] since it gives access to what is called the lung’s quiet zone [23].
The lung’s quiet zone
The cause of the increased sensitivity of low frequency Zrs measurements is
demonstrated with an electrical equivalent of the lung (Figure 1.10) [24]. The
resistances of the upper and central airways are gathered in Rc , the resistance
of the smaller airways in the lung periphery, i.e. the peripheral airways, are
represented by R p and a capacitor Ct represents the alveolar tissue elastance.
The shunt capacitor Csh incorporates shunting of pressure and flow oscillations into the non-rigid airway walls, commonly referred to as central airway
wall shunting.
Central airway wall shunting prevents the oscillations from reaching the
lung periphery which consists of the peripheral airways and the alveolar tissues [25, 26]. Because of central airway wall shunting, the periphery’s mechanical characterization is impeded which is why the lung periphery is also
referred to as the lung’s ’quiet zone’ [23]. Access to the lung periphery is
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Figure 1.11: Example of Zrs below 5 Hz for a healthy patient and a patient with obstructive respiratory disease, for example asthma or COPD. Increased frequency dependence
below 5 Hz can be due to several mechanical processes such as peripheral airway
heterogeneity and tissue viscoelasticity.

vital for improved diagnosis of respiratory diseases, since early changes in
many respiratory diseases manifest themselves in the most peripheral airways and the alveolar tissues [5, 27]. Low frequency measurements are beneficial for this purpose since airway wall shunting becomes progressively less
pronounced as frequency decreases [17]. Therefore, mechanical characterization of the peripheral airways and alveolar tissues demands for low frequency
impedance measurements.
Diagnostic potential of low frequency Zrs
Low frequency Zrs is shown in Figure 1.11 for a healthy patient and a patient
suffering from an obstructive respiratory disease such as asthma or COPD.
These obstructive diseases manifest themselves as increased heterogeneity of
the peripheral airways and/or alterations in tissue viscoelasticity [5, 17]. The
severity of both heterogeneity and viscoelasticity is directly proportional to
the frequency dependence of Zrs below 5 Hz. The relation between frequency
dependence and heterogeneity has been demonstrated using morphometric
models of dog lungs in [28] and using computed tomography (CT) scans of
sheep lungs in [29]. Tissue viscoelasticity has been proven to be proportional
to frequency dependence by means of a mathematical framework in [30] and
by measurements on dog lungs in [31]. Additionally, low frequency Zrs allows
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for the separation of airway and tissue contributions as shown on healthy
subjects in [10]. A brief overview is given on the most relevant studies on low
frequency Zrs for detection of asthma and COPD.
Asthma Early changes in asthma were proven to occur first in the most peripheral airways as shown by applying FOT during bronchoscopy in
[27, 32]. In [14], frequency dependence below 5 Hz allowed to classify 21 asthmatic subjects into two distinct groups based on the heterogeneity of the peripheral airways. This study demonstrated the importance of peripheral airway constriction in mild-to-moderate asthma [5],
which has been confirmed by means of lung imaging techniques in [33].
Moreover, separation between tissue and airway contributions can be
obtained from Zrs below 5 Hz [10, 14] which could separate asthmatics
whose disease is caused by airway constriction from those who suffer
from tissue damage.
COPD Separation of tissue and airway properties was obtained from measurements on mechanically ventilated COPD patients in [24]. Moreover, an increased frequency dependence below 5 Hz could be used to
distinguish healthy patients from COPD patients as measured on anesthetized patients in [34]. A similar study [35] confirmed these observations and linked the frequency dependence to variations in tissue viscoelasticity and peripheral heterogeneity.
As this discussion shows, measurement of Zrs below 5 Hz has high diagnostic
potential in the clinical setting. Nonetheless, large-scale studies on patients
with a variety of respiratory diseases are lacking. This void is due to the
absence of patient-friendly FOT methods to measure Zrs at low frequencies.

1.2.3 Low frequency FOT measurements
Measurements of Zrs below 5 Hz are contingent upon the quality of the pressure and flow measurements at the airway opening. The problem is that the
patient’s spontaneous breathing introduces major errors on both pressure and
flow leading to unreliable measurements of Zrs . The fundamental breathing
frequency is generally found between 0.1 Hz and 0.4 Hz with harmonics that
can reach up to 2 Hz. Therefore, measurements of Zrs below 5 Hz are currently
obtained by adapting the measurement circumstances in order to eliminate
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the breathing disturbance from the measured pressure and flow signals. Unfortunately, these adapted circumstances generally make the measurement
procedure impractical for routine clinical use. The state-of-the-art for low
frequency FOT measurements handles the problem of breathing disturbances
in the following ways:
1. Elimination of the patient’s breathing by
a) Measuring patients during voluntary apnea as performed in [9]. In
this study, the patients had to maintain voluntary apnea for more
than 30 seconds while remaining relaxed with open glottis. The
maintenance of a constant wide glottal aperture required considerable training from the patients and only 5 healthy subjects could
be measured. While this study provided pioneering insights on
low frequency Zrs , it has not been repeated, supposedly due to the
difficult measurement procedure.
b) Measurements during end-expiratory pauses on mechanically ventilated patients [35–37]. These studies aimed at optimizing ventilator settings to reduce ventilator induced lung injury and hence
required patients that were already undergoing mechanical ventilation.
c) Measurements on sedated infants by exploiting an apneic phase
induced by the Hering-Breuer reflex [38, 39]. These studies can
only be executed on infants.
2. Addition of an esophageal pressure measurement pes [11,13] which provides a measurement of transpulmonary pressure. In this case, the assessment of respiratory mechanics is limited to the lungs (ZL ) and the
chest wall contributions (ZCW ) are not taken into account. On the other
hand, measurements of Zrs do not enable a distinction between ZL and
ZCW unless parametric modeling techniques are applied [40]. However,
measurement of pes requires for insertion of a balloon-tipped catheter
into the patients esophagus as well as an operator for correct placement
and inflation of the balloon. This technique is used in [11] to obtain ZL
below 2 Hz by considering the breathing as the excitation signal. However, this interpretation is only valid when esophageal pressure is measured.
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3. Using the FOT device to take control over the patient’s breathing flow.
This technique is commonly referred to as the optimal ventilator waveform (OVW) technique [41] and/or its improvement, the enhanced ventilator waveform technique (EVW) [42]. A flow waveform is generated
that delivers sufficient volume to maintain the patient’s breathing while
exciting the respiratory system with a multiharmonic flow signal. As
discussed in [41], the patient needs to be trained to relax and permit
the oscillator to govern the respiratory cycle. In [10], this technique
was used to measure healthy subjects but a 15-20 minute training period was required to establish which OVW was most comfortable for
the subject.
The last example is generally considered as the most applicable low frequency FOT for conscious patients [4, 5]. Nonetheless, it has not found its
way into routine clinical use nor has it been tested on large patient groups,
i.e. more than 50 patients in one trial. A possible reason for this is the need
for patient training which required 15-20 minutes for healthy subjects. We
hypothesize that the length of this training period increases for patients with
severe respiratory diseases.
The current state-of-the-art FOT methods are not applicable for routine
clinical use which limits low frequency FOT from reaching its full potential
as a diagnostic method.

1.3 Research goal
The goal of this work is to fill the gap between the diagnostic potential of low
frequency FOT and the clinical practice by providing a patient-friendly measurement technique that can obtain high quality measurements of Zrs below
5 Hz. This goal has been obtained through the following research process. A
brief summary is given on the research process followed to obtain this goal.
A FOT device is developed which applies small amplitude pressure oscillations at a subject’s airway opening and measures the flow response of the respiratory system. The use of pressure oscillations ensures that the subject can
breathe freely since the flow is not controlled. The breathing disturbances on
the pressure signal are suppressed by means of a control scheme in the FOT
device. However, the flow measurement is heavily disturbed by the subject’s
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breathing which calls for several measures to eliminate the breathing contribution.
A large part of this work has been devoted to the development of modeling
techniques that allow for the post-measurement elimination of the breathing
disturbance from the measured flow. The aim of these modeling techniques
was to obtain high quality estimates of Zrs without requiring any patient cooperation or adaptation of the measurement protocol. It will be shown that
these techniques can strongly improve the estimates of Zrs in comparison to
the estimates obtained directly from the measurement data. However, the
potential of these techniques is limited when the breathing disturbance has a
strong frequency overlap with the flow response of the respiratory system.
To avoid the problem of frequency overlap, an adaptive technique is developed which allows to separate the breathing contributions from the respiratory response by adapting the excitation frequencies to the subject’s natural
breathing frequency. Additional synchronization of the subject’s breathing
with an external stimulus causes a further decrease of the frequency overlap.
The adaptive method has been validated in a clinical trial on 63 subjects,
which are grouped in healthy subjects, asthmatics and subjects suffering from
COPD. The results of this clinical trial will demonstrate that the adaptive
method is able to provide high quality estimates of Zrs in each group.
Additionally, the presence of time-varying behavior of the respiratory system has been detected and an improved measurement protocol has been suggested that allows for the separation of time-varying and time-invariant behavior of the respiratory system.

1.4 Outline of the thesis
First, a set of basic definitions and measuring techniques, required to describe the measurement of the respiratory system, are discussed in chapter
2. Next, the FOT device is presented in chapter 3 together with the control
scheme that enables the generation of high quality pressure oscillations in
the presence of spontaneous breathing disturbances.
To demonstrate the impact of the breathing disturbance on the flow measurement and hence on the estimation of Zrs , a separate chapter is devoted
to the description of the measurement problem (chapter 4). This chapter
provides a system identification framework together with an error analysis,
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allowing a deeper understanding of the impact of the breathing on the measurements.
The modeling techniques developed for the post-measurement elimination
of the breathing disturbances from the flow measurements are discussed in
chapter 5. Next, an alternative solution to handle the breathing disturbances,
entitled the adaptive measurement protocol, is presented in chapter 6.
The adaptive measurement protocol was validated during a clinical trial
and the results are discussed in chapter 7. Since the clinical trial indicated a
time-varying behavior of the respiratory system, an improved measurement
protocol is developed in chapter 8, targeting the characterization of the timevarying behavior of the respiratory system.
Conclusions are drawn up in chapter 9 together with the main contributions. An overview of the possible improvements for future research is given
in chapter 10.
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measurement techniques
Throughout this work, a set of definitions are used which are introduced in
section 2.1. Additionally, frequency response function (FRF) measurements
will emerge regularly and the fundamental conventions and techniques are
discussed in section 2.2.

2.1 Definitions
The characterization of respiratory mechanics is generally performed under
the assumption that the respiratory system behaves as a linear time-invariant
(LTI) system. However, since the patient’s breathing causes the lung volume
to change during FOT measurements, the mechanical properties of the respiratory system are expected to vary over time. This has been demonstrated
by measurement of within-breath differences of Zrs in [15, 43]. When the system’s properties vary over time, the respiratory system should be considered
as a linear time-varying (LTV) system. For the majority of this work, Zrs will
be assumed to be an LTI system but LTV behavior is considered in chapter 8.
The respiratory system is mostly characterized by means of its impedance
Zrs . Its inverse, namely respiratory admittance Yrs = 1/Zrs , is rarely considered [44]. The respiratory system is generally described by means of its
impedance to keep the analogy with resistive and reactive properties of electrical equivalents. Moreover, most FOT measurements consider flow as the
excitation signal and pressure as the system response. However, in this work,
pressure excitation signals will be used which calls for the consideration of
respiratory admittance Yrs , as will be motivated later.
An extension of the LTI framework is the theory of nonlinear systems. This
class of systems is not considered in this work since the amplitude of the
excitation signal is kept sufficiently low, i.e. < ±3hPa, as recommended in [7],
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and since measurements will be performed during spontaneous breathing,
thereby holding the respiratory system in its linear operating region.
This section therefore provides the definitions of LTI and LTV systems and
the respiratory admittance.

2.1.1 Linear systems
The study of respiratory impedance Zrs is embedded in the theory of linear
systems [4]. A system is considered linear if the relation between its input
u(t) and output y(t) follows the superposition principle. Denote the response
yi (t) of a system to an input ui (t) as
ui (t) → yi (t)

(2.1)

The superposition principle then implies that

∑ αi ui (t) → ∑ αi yi (t)
i

(2.2)

i

Linear time-invariant systems
If the response of the system to an input is independent of the time instance
at which the input is applied, this system is called a linear time-invariant
(LTI) system. An LTI system is characterized entirely by its impulse response
g(t). A response y(t) to an input u(t) is obtained as
y(t) =

+∞
Z

g(t − τ)u(τ)dτ

(2.3)

−∞

= g(t) ∗ u(t)

(2.4)

with ∗ representing the convolution integral. The Fourier transform of g(t)
yields the frequency response function (FRF) G(ω) which provides a frequency domain relation between the Fourier transforms of the input and output, respectively U(ω) and Y (ω), as
Y (ω) = G(ω)U(ω)

(2.5)

An elaboration on the measurement of the FRF of a linear system is given
in section 2.2.
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Linear time-varying systems
The system is called a linear time-varying (LTV) system if the response of
the system to an input depends on the time instance at which the input is
applied. An LTV system is characterized by its two dimensional impulse
response gV (t, τ) and the response y(t) to an input u(t) is given by
y(t) =

Z+∞

gV (t, τ)u(τ)dτ

(2.6)

−∞

A frequency domain representation GV (ω,t) of the time-varying system
function is obtained as the Fourier transform of gV (t,t − τ) w.r.t. τ [45]. A
subclass of LTV systems for which the time-variation is time-periodic are the
so-called linear time-periodic (LTP) systems. The properties of LTP systems
will be discussed in more detail in chapter 8.

2.1.2 Respiratory admittance
Under the assumption that the respiratory system acts as an LTI system, the
inverse of the respiratory impedance Zrs is given by the respiratory admittance
Qao ( f )
Pao ( f )
1
=
Zrs ( f )

Yrs ( f ) =

= Re(Yrs ( f )) + jImag(Yrs ( f ))

(2.7)
(2.8)
(2.9)

Though less commonly used in FOT research, Yrs contains exactly the information as Zrs . The only disadvantage is that there is no direct analogy
with resistance and reactance, representing respectively energy dissipation
and energy storage.
While the majority of this work focuses on the use of Zrs , its counterpart
Yrs will regularly be taken into consideration since pressure is the controlled
input signal for the FOT measurements. Additionally, the pressure will be
measured with a decreased uncertainty in comparison to flow.
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Figure 2.1: The dynamic system G( jω) with input u(t) and output y(t).

2.2 Measurement of frequency response
functions
The measurement of Zrs as a frequency dependent ratio of pressure to flow
fits in the framework of frequency response function (FRF) measurements of
dynamic systems. These measurements can be performed after developing a
device which is able to generate the required pressure oscillations. The measurement device itself is also a dynamic system which needs to be measured
and identified to improve the quality of the measurements of Zrs . Therefore,
we need to have a good understanding of the measurement of the FRF of a
dynamic system. This section gives an overview of the basic tools that are
required to measure the FRF and is based on chapter 2 of [46].
To maintain an overview, this elaboration gives an idealized situation since
a set of assumptions will be made, several of which are violated in the considered application to respiratory systems.

2.2.1 Introduction
Consider the linear time-invariant (LTI) dynamic system with FRF G( jω)
with input u(t) and output y(t) as shown in Figure 2.1. This system can be
described by its impulse response g(t) or by its FRF G( jω). Since FOT is a
frequency domain technique and Zrs is generally considered in the frequency
domain, we will focus on the FRF G( jωk ) at a discrete set of angular frequencies ωk = 2π fk , k = 1, 2, . . . F. The FRF is also referred to as a nonparametric
model. Measuring the FRF requires the conversion of sampled time domain
signals to the frequency domain. In general this is done by means of the discrete Fourier transform (DFT) which will be used throughout this work. The
DFT of any sampled and windowed signal x(n), n = 0 . . . N − 1 at the angular
frequency ωk = 2π fk will be denoted as X(k). The argument k will be omitted
if the particular angular frequency is unimportant.
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2.2.2 Discrete Fourier Transform
Throughout this work we will regularly switch between time and frequency
domain representations of signals. The frequency domain representation
U(ω) of a continuous time signal u(t) can be obtained using the Fourier transform. In this work, the measured continuous-time signals are sampled with
a sample period Ts such that a finite set of samples u(nTs ), n = 0 . . . N − 1 is
available as the discrete time equivalent of u(t).
The frequency domain representation of a discrete time set of samples is
generally obtained using the Discrete Fourier Transform (DFT) which is defined as
N−1

U(k) =

2πk

∑ u(nTs )e− j N n

n=0

k = 0...N −1

with k the DFT bin that corresponds to the frequency fk =

(2.10)
ωk
2π

k
NTs . Hence,
by Nfs and im-

=

the frequency resolution at which the DFT is obtained is given
proves for increasing N. Note that the frequency resolution improves for decreasing values of Nfs since this corresponds to a higher number of frequency
lines within a given frequency band.
Conversion from the frequency domain to the time domain is obtained using the Inverse Discrete Fourier Transform (IDFT) given by
u(nTs ) =

2πk
1 N−1
U(k)e j N n
∑
N k=0

(2.11)

Leakage
Application of the DFT to a finite series of samples leads to leakage errors
if no integer number of periods is measured [46]. Leakage errors can be decreased by using a Hanning window. However, this comes at a cost of reduced
frequency resolution. Since this work focuses on low frequency measurements, the number of measured periods is kept as small as possible (below 10)
to reduce the measurement time. This results in an already poor frequency
resolution, so the application of a Hanning window is undesired for our application. Therefore we will only use rectangular windows in this work.
The best solution to avoid leakage errors is by measuring an integer number of periods. Therefore we will set the length of the measurement record to
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Figure 2.2: The measurement setup with measurement noise nu (t) on the input and ny (t) on the
output.

an integer number of excitation periods. However, not every signal that contributes to the measurements can be controlled. When a patient performs
spontaneous breathing and the measurement time is chosen such that an
integer number of excitation periods is measured, a non-integer number of
breathing periods will most probably be captured in the measurement record.
Therefore, the spontaneous breathing disturbance will cause leakage errors
on the data.

2.2.3 Frequency Response Function measurements using
periodic excitations
The measurement of the FRF G( jω) with true input u0 and true output y0 in
the presence of noise on input nu (t) and output ny (t) is shown in Figure 2.2.
In this section the following assumptions are made:
1. Periodic excitation signals are used.
2. An integer number of periods is measured to avoid leakage errors.
3. G( jω) is measured in steady-state to avoid transient errors [46].
4. nu (t) and ny (t) are additive normally distributed noise sources.
Noise influence
Application of the DFT to the measured signals u(t) and y(t) gives
Y (k) = Y0 (k) + NY (k)

(2.12)

U(k) = U0 (k) + NU (k)

(2.13)

with k the DFT bin corresponding to the frequency fk and U0 , Y0 , NU and NY
the DFT of u0 , y0 , nu and ny respectively. The noise contributions NU and NY
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are assumed to be circular complex normally distributed [46] which gives the
following properties for the expected values (E{}):
E{NUr (k)} = 0

E{NYr (k)} = 0

r = 1, 2, . . .

(2.14)

and the following additional assumptions are made for NY and NU
E{|NU (k)|2 } = σU2 (k), E{|NY (k)|2 } = σY2 (k)
2
2
= σYU
(k) = σ UY
(k),

E{NY (k)NU (k)}

E{NY (k)NU (k)} = 0

(2.15)
(2.16)

with X the complex conjugate of X.
The measurement of G( jω) is given by
Y (k)
U(k)
Y0 (k) + NY (k)
=
U0 (k) + NU (k)
1 + NY (k)/Y0 (k)
= G( jωk )
1 + NU (k)/U0 (k)

Ĝ( jωk ) =

(2.17)
(2.18)
(2.19)

which can be rewritten using the Taylor series expansion
1
= 1 − x + x2 + higher order terms
1+x

(2.20)

as


NU (k)
NU (k) 2
NY (k)
)(1 −
+
+ higher order terms)
Y0 (k)
U0 (k)
U0 (k)
(2.21)
Note that the Taylor expansion (2.20) only converges if |x| < 1 or in this case
Ĝ( jωk ) = G( jωk )(1 +

(k)
if NUU(k)
< 1, otherwise a significant bias appears [46]. The bias on Ĝ( jωk ) is
0
thus dependent on the signal-to-noise ratio (SNR) of the input signal given
(k)
by |U0 (k)/σU (k)|. If NUU(k)
 1 and given that the second order terms are 0 in
0
expected value for circular complex distributed noise, (2.21) can be restricted
to the first order terms which gives

Ĝ( jωk ) = G( jωk )(1 +

NY (k) NU (k)
−
)
Y0 (k) U0 (k)

(2.22)
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such that the variance on the estimate Ĝ can be estimated as
σ̂Ĝ2 (k) = |G( jωk )|2 (

2 (k)
σU2 (k)
σYU
σY2 (k)
+
−
2Re(
))
|Y0 (k)|2 |U0 (k)|2
Y0 (k)U0 (k)

(2.23)

where Re() represents the real part. The estimated variance (2.23) is inversely
proportional to the SNR of both input and output.
This shows that a higher SNR of the measurements can strongly reduce the
bias and variance of the measurement of G( jωk ). To increase the SNR, we will
benefit from the use of periodic signals by using spectral averaging.
Improving the FRF measurement using spectral averaging
Measurements consist of the sampled data records u(nTs ) and y(nTs ) with n =
0, 1, . . . N − 1 and Ts the sample period. For periodic excitation signals this
yields
u0 (nTs ) = u0 ((n + Ns )Ts )

(2.24)

with Ns the number of samples in a period of length T = Ns Ts . In the case of
an LTI system this ensures a steady-state response
y0 (nTs ) = y0 ((n + Ns )Ts )

(2.25)

For notational simplicity, we drop the sample period Ts in the argument of
the signals. The measured data records are split into M data blocks of which
the length corresponds to the period length Ns to avoid leakage problems.
This gives
u[l] (n) = u(n + (l − 1)Ns ), y[l] (n) = y(n + (l − 1)Ns )
(2.26)
with the DFT of the l − th data block given by
U [l] (k) = DFT(u[l] (n)), Y [l] (k) = DFT(y[l] (n))

(2.27)

and l = 1 . . . M.
The DFT of the data blocks (2.27) allows for spectral averaging of the input
and output signals to calculate the sample mean
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Û(k) =

1 M [l]
∑U (k)
M l=1

(2.28)

Ŷ (k) =

1 M [l]
∑Y (k)
M l=1

(2.29)

and the sample (co)variances
σ̂Û2 (k) =
σ̂Ŷ2 (k) =
σ̂Ŷ2Û (k) =

M
1
∑ |U [l] (k) − Û(k)|2
M(M − 1) l=1
M
1
∑ |Y [l] (k) − Ŷ (k)|2
M(M − 1) l=1

M
1
(Y [l] (k) − Ŷ (k))(U [l] (k) − Û(k))
∑
M(M − 1) l=1

(2.30)
(2.31)

(2.32)

Using the sample mean and variance, an estimate of the SNR at the frequency fk of the measured input and output is given by
SNRU (k) =

Û(k)
σ̂Û (k)

(2.33)

SNRY (k) =

Ŷ (k)
σ̂Ŷ (k)

(2.34)

√
Thanks to spectral averaging, σ̂Û (k) and σ̂Ŷ (k) decrease with M such that
an increased measurement time yields higher values for SNRU and SNRY .
Maximum likelihood estimator
Given the sample mean over the data blocks, an improved measurement of
G( jωk ) (2.17) is obtained when using the maximum likelihood estimator
ĜML ( jωk ) =

Ŷ (k)
Û(k)

(2.35)

of which the variance is estimated as
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σ̂Ĝ2 (k) =

2

ĜML ( jωk ) (

σ̂Ŷ2 (k)
Ŷ (k)

2

+

σ̂Û2 (k)
Û(k)

2

− 2Re

σ̂Ŷ2Û (k)
Ŷ (k)Û(k)

!
)

(2.36)

As shown in [46], this estimator is asymptotically unbiased (i.e. for M → ∞)
as opposed to the commonly used direct or least squares estimator:
Ĝ1 =

SYU
SUU

(2.37)

with SYU and SUU the cross power and auto power spectra respectively. Another popular estimator in FOT is the indirect estimator:
Ĝ2 =

SY R
SUR

(2.38)

where a reference signal R is taken into account in the estimator to decrease
errors introduced by, for example, breathing artifacts [47]. Ĝ2 is unbiased and
reduces to the maximum likelihood estimator (2.35) in the case of periodic
excitations.
Since the respiratory impedance is often expressed by means of its real
and imaginary contribution, we need an estimate of the uncertainty bounds
on the real and imaginary part starting from the variance estimate in (2.36).
ĜML ( jωk ) can be rewritten as
ĜML ( jωk ) = G( jωk ) + NG (k)

(2.39)

with NG (k) the noise on ĜML ( jωk ) whose variance is given by (2.36). Under the assumption that NG (k) is circular complex normally distributed, its
real and imaginary parts are independent and normally distributed with estimated variance σ̂Ĝ2 (k)/2. Given the properties of a normal distribution we can,
for example, obtain that the 95 % confidence region on the real part of ĜML (k)
lies within the range
σ̂Ĝ (k)
σ̂Ĝ (k)
, Re(ĜML (k)) + 2 √
)
(Re(ĜML (k)) − 2 √
2
2

(2.40)

As shown in [48], these confidence regions are valid if SNRU is larger than
20 dB. However, [48] also shows that in the case SNRU decreases to 5 dB, an
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SNRG [dB]
γ2

5
0.76

10
0.91

15
0.97

20
0.99

Table 2.1: Coherence values corresponding to a set of signal-to-noise-ratios SNRG .

absolute error on the confidence region of about 5 % is added. In other words,
if an SNRU of 5 dB is measured, the range given in (2.40) gives the 90 % confidence region. Throughout this work, an SNRU of less than 20 dB will occur
on a regular basis when estimating Zrs .
Intermezzo: Coherence vs. Signal-to-noise-ratio
In many FOT investigations, the reliability of the respiratory impedance measurements is quantified by the coherence, mostly denoted as γ 2 [5,7,14]. Measurement data is often discarded when the coherence at a given frequency is
below a threshold value of, for example, 0.95 in [14]. The use of γ 2 is a remainder of the application of random noise excitations in FOT measurements
for which the direct estimator Ĝ1 (2.37) is used to estimate the respiratory
impedance. For these excitations, the variance on the estimate σ̂Ĝ cannot be
estimated directly from the data which motivates the use of γ 2 instead of the
SNR ( [46] section 2.5.4).
For the maximum likelihood estimator ĜML (2.35), the SNRG is given by
ĜML/σ̂ . Since periodic signals are used in this work, we will describe the
Ĝ
uncertainty of the estimates through σ̂Ĝ and coherence is not considered. A
conversion from SNRG to γ 2 can be made by using
γ2 ≈

SNR2G
1 + SNR2G

(2.41)

as shown in equation (2-50) of [46]. Note that this approximation requires
for γ 2 to be scaled with the number of data blocks M since SNR2G increases
with M which is not incorporated in the commonly used definition of γ 2 [5].
To compare SNR2G with γ 2 , the approximation of γ 2 is therefore given by
|1 +

γ2 =
(1 +

σ̂ 2

σ̂ 2

Ŷ Û

Ŷ Û

|

σ̂ 2

(2.42)

Ŷ
2 )(1 +
2)
|Û |
|Ŷ |
Û
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A list of values for SNRG and their corresponding values for γ 2 is provided
in Table 2.1.
Most of the time, we will discuss the SNR of the pressure and flow signals, respectively denoted as SNRP and SNRQ , instead of considering SNRG .
As will be shown later, SNRQ will be much smaller than SNRP because the
pressure signal is controlled by the FOT device. Since SNRQ  SNRP , the uncertainty on ĜML , as given in (2.36) will be dominated by SNRQ . Hence, the
uncertainty on the flow given by SNRQ will yield a good approximation of
SNRG and can be inserted in (2.41) to have an estimate of the corresponding
coherence γ 2 .

2.2.4 FRF of the respiratory system
Before applying the estimators introduced previously, a translation of the
measurement of the FRF of a system G to the respiratory system is in order.
In most literature, the respiratory impedance Zrs is considered (1.1), hence
corresponding to a system with flow q as the input and pressure p as the system’s response. However, in this work, a pressure generating device is used,
so pressure signals are used as excitation signals to which the respiratory system responds in the form of flow. Therefore, the input signal is the pressure
signal p and the output signal is the flow signal q.

2.2.5 Simulation example
The estimators introduced previously are demonstrated on a simulation example. The reader is referred to chapter 4 for the details of the simulation.
This example represents an idealized case since a whole range of real life
noise sources such as generator noise of the device, process noise, breathing
disturbances etc. are omitted.
The simulation goes as follows. A dynamic system with an FRF corresponding to the inverse of a model for Zrs , denoted as Yrs is taken from [10].
This system is excited with a periodic pressure excitation p(t) with flat amplitude spectrum |P(k)|. The inversion of Zrs originates from the fact that
pressure excitations are used while the measurement setup as shown in Figure 2.2 can only be used directly for Zrs if flow excitations are applied.
The flow response q(t) is obtained by applying the IDFT to Q(k) which is
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Figure 2.3: Amplitude spectra (full +) with standard deviation (dashed *) of pressure (left) and
flow (right).

calculated as
Q(k) = Yrs ( jωk )P(k)

(2.43)

with Yrs the respiratory admittance obtained as Yrs ( jωk ) = 1/Zrs ( jωk ). 9 consecutive periods are applied and both the flow and pressure signals are disturbed
with additive normally distributed noise. The variance of the noise sources
are set such that an SNR as given in (2.33) and (2.34) of more than 20 dB is
obtained for pressure and flow. Since Q(k) is shaped by Yrs ( jωk ), SNRQ is not
constant over the excited frequency band. The amplitude spectra of P(k) and
Q(k) are shown in Figure 2.3 together with their standard deviation.
The real and imaginary part of the estimate of Zrs using (2.35) together with
the 95 % confidence regions and the true Zrs are shown in Figure 2.4.
These simulation results give an example of the measurement of the respiratory impedance in the ideal case. As will be shown further, the presence
of breathing disturbances and measurement noise in the real-life measurements strongly decreases the SNR of the measured flow. The pressure signal
can be controlled by means of a control scheme as will be shown in chapter
3 and can therefore reach SNR values of around 40 dB. Unfortunately, the
estimation of Zrs is most sensitive to the SNR of the flow since flow can be
considered as the input signal to the dynamic system Zrs ( jωk ) when follow-
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ing the measurement setup in Figure 2.2. Additionally, a significant bias on
the flow estimates appears in the presence of breathing disturbances. A more
detailed error analysis is given in chapter 4.
Zrs [hPa · s · L−1 ]

15

Rrs

10
5
0

Xrs

0
−5
−10
−15
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1

2

3
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4

5

Figure 2.4: Estimated nonparametric respiratory impedance Ẑrs using the maximum likelihood
estimator. Error bars indicate the 95 % confidence region. The dashed line represents
the true Zrs used in the simulation.
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3.1 Problem formulation
The FOT device developed during this work functions as a pressure generator applying user-defined pressure signals pe to a load, mostly the subjects
respiratory system, with impedance Zrs defined in (1.1) [49]. Assuming that
flow disturbances are present, as is the case for subjects breathing qb , an electrical equivalent of the measurement problem can be formulated as shown
in Figure 3.1. The device is represented as a voltage source with a non-zero
output impedance ZD . pao is the pressure at the airway opening of the subject
which corresponds to the measured pressure drop over the subject’s respiratory system Zrs . pao induces a flow response qe of Zrs which would allow for
the direct measurement of Zrs using (1.1) if no breathing contribution was
present. However, since the device is developed for use in clinical practice,
the subject will continue spontaneous breathing qb during the measurement
which is represented by a current source parallel to Zrs . The total measured
air flow at the airway opening qao is noted as
qao = qe + qb

(3.1)

The development of a pressure controlled device to measure Zrs in a clinically practical manner should fulfill the following requirements:
1. A pressure oscillation should be applied at the airway opening while
the subject is able to continue spontaneous breathing.
2. The pressure oscillation needs to be generated with sufficient, but limited, amplitude, i.e. peak values of ±200 Pa, and a sufficiently high
bandwidth, i.e. 0.1 − 2 Hz.
An additional design requirement to obtain impedance measurements with
low uncertainty is the application of pressure oscillations with a sufficiently
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Figure 3.1: Electrical equivalent of measurement of Zrs using a pressure controlled FOT device.
The device is considered as a voltage source pe with a non-zero output impedance ZD .
The subject is represented as its impedance Zrs in parallel with a breathing flow qb .
The total pressure drop over the respiratory system corresponds to the pressure at
the airway opening pao . The measured air flow at the airway opening qao is the sum
of the response of the respiratory system qe and the breathing qb .

high SNR. An SNR of more than 30 dB is desired over the full excitation band,
even in the presence of the subjects breathing disturbances. This corresponds
to lowering the total output impedance of the device ZD .
In this chapter we will discuss how these requirements were fulfilled in
the development of a low frequency FOT device. We will start with the motivation of the practical implementation of the device in section 3.2. In this
section we will motivate why we have chosen to use fans as actuators as opposed to commonly used actuators such as pistons, loudspeakers, etc [5]. We
will show how the use of fans allows for the provision of sufficient fresh air
to the subject which fulfills requirement nr. 1. Next we will discuss the type
of pressure signals we use to measure Zrs in the most efficient way (section
3.3). Once we described the device implementation and the desired pressure
signals, we will look into the performance of the device in section 3.4. This
will enable us to estimate what bandwidth can be obtained and which pressure amplitudes can be generated using the implemented device. In section
3.5 we will then be able to fulfill requirement nr. 2, while maintaining a sufficiently high SNR of the pressure excitation signal. This will be obtained by
developing a control scheme that can increase the bandwidth of the pressure
excitation signals while being robust to breathing disturbances generated by
the subject.
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3.2 Implementation of a fan-based FOT device
3.2.1 Providing fresh air by using fans as actuators
The practical implementation of the FOT device developed in this work differs from any other FOT device in the type of actuators used to generate the
pressure oscillations [49]. To demonstrate its strength we take a closer look
at two components that are required in almost every FOT device used for
measurements on breathing subjects:
• actuators to generate the required pressure excitation signal, and
• access to fresh oxygen such that the subject can continue breathing during the measurement.
The actuators used in most previously developed FOT devices are loudspeakers, pistons or solenoid valves [4, 36, 41, 50]. These actuators have the disadvantage of being closed systems such that no fresh oxygen O2 is provided to
the subject. To allow access to fresh oxygen, a bias tube is generally added to
the device (Figure 3.2) [4]. Due to the bias tube, all low frequent pressures
or flows escape from the measurement system, thereby precluding the low
frequency measurement of Zrs .
A first alternative is to replace the bias tube with a separate O2 bias flow,
complemented with a soda lime scrubber to absorb CO2 [10]. A second alternative can be found in [9] were the access to O2 is completely omitted.
However, these measurements were performed in the absence of the subjects
breathing. Subjects were trained to maintain apnea during the entire measurement which is highly unpractical, if not impossible, in clinical routine
use.
To combine the actuator with access to fresh air, we have chosen to use fans
to generate the pressure oscillations. More specifically direct current (DC)
cooling fans, generally needed for cooling systems, are used. Fans distinguish themselves from the aforementioned actuators in their ability to allow
the passage of fresh air (oxygen) while generating pressure oscillations (Figure 3.3). This makes the addition of a bias tube unnecessary and therefore
allows to measure low frequent pressures and flows to obtain Zrs . Another
motivation for the use of fans is their ability to produce very low frequent oscillations while loudspeakers have many difficulties to generate oscillations
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Figure 3.2: Standard FOT measurement using a loudspeaker and bias tube to provide access to
oxygen (O2 ) for the subject.

below 2 Hz. On the other hand, fans do have the disadvantage that oscillations
at frequencies above 5 Hz are hard to generate with an amplitude sufficiently
high for clinical use. This will be discussed in more detail later on.

3.2.2 The measurement setup
A schematic representation of the measurement setup is shown in Figure 3.4.
The aim is to impose pressure oscillations at the airway opening of the subject
while providing constant access to fresh air. The setup consists of two sets of
fans forcing an air flow through a central conduit. The fans are put in the
same direction such that the pushing fans push air into the conduit while
the pulling fans pull air from the conduit. To measure pressure and flow at
the mouth of the subject, two pressure sensors and a pneumotachograph are
used. A pneumotachograph is a commonly used flow measurement device
which consists of an inner membrane with flow resistance Rq . By means of
the pneumotachograph, the flow at the airway opening is measured using
qao =

pin − pao
Rq

(3.2)

with pin the pressure on the inner side of the membrane and pao the pressure
at the airway opening which corresponds to the pressure at the outer side of
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Figure 3.3: Fan-based FOT device providing access to oxygen (O2 ) through the fans.

Figure 3.4: Schematic representation of the measurement setup. Two sets of fans (pushing and
pulling fans) send an air flow through a conduit to build up pressure in the middle
of the conduit while providing fresh air to the subject. In the middle of the conduit,
a pressure sensor is placed at each side of a pneumotachograph to measure pressure
and flow. A microcontroller unit (MCU) is used for acquisition of the pressure sensor
data and control of the fans.

Figure 3.5: The device can be represented as a digital-to-analog converter (DAC). The output
impedance ZG represents the aggregation of ZG0 and the membrane resistance Rq such
that ZG = ZG0 + Rq . The measurement system converts a digital input signal (discrete)
to a pressure signal (continuous). Blue arrows indicate the digital fan control signals.
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the membrane. A microcontroller unit (MCU) is used for the acquisition of
the pressure sensor data and the control of the fans.
Since the MCU uses digital signals to control the fans such that pressure at
the airway opening is generated, the device can be represented as a digitalto-analog converter (DAC). This is illustrated in Figure 3.5 where the device
is represented as a digitally driven pressure source with output impedance
ZG0 connected to the pneumotachograph with resistance Rq . The total output
impedance of the DAC that represents the device is thus ZG = ZG0 + Rq . Note
that ZG represents the output impedance of the device in open loop configuration. The eventual total output impedance of the device ZD as represented
previously in Figure 3.1 will differ from ZG because of the closed loop control
scheme developed later.
To provide fresh air to the subject, the fans are controlled using an antisymmetrical configuration. First we will motivate the use of this configuration and next we will describe the hardware specifications of the implemented device.
3.2.2.1 Anti-symmetric Fan control
To provide fresh air to the subject, the fans are controlled anti-symmetrically
around half of their maximal power. This means that if the fan power is normalized between 0 and 1, a power of 1/2 + x of the pushing fans corresponds
to a power of 1/2 − x of the pulling fans with x ∈ [0, 1/2]. To motivate this
choice we use an electrical equivalent of the measurement setup as shown in
Figure 3.6.
Since fans are flow generators, they are most intuitively represented through
their Norton equivalent as non-ideal current sources qpush and qpull with output resistance RF [51]. The output resistance is added to the equivalent to
cope with the fact that air can pass through the fans even when switched off
(qpush = 0 or qpull = 0). The conduit is represented as two resistances RC in series and qin and qout represent the incoming and outgoing air flow to and from
the middle of the conduit. The middle of the conduit is connected to the outer
world by a branch with resistance Rq of the membrane of the pneumotachograph. For this elaboration we assume that no subject is present and the outer
side of the pneumotachograph is closed. This means that no current can pass
through Rq such that qin = qout and no pressure drop is present over Rq .
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Even though a Norton equivalent is a more intuitive representation of the
fans, the Thevenin equivalent from Figure 3.6 can give more insight [51].
From the Thevenin equivalent we can derive that
ppush + ppull
qpush − qpull
= RF
(3.3)
2
2
with pao the pressure as defined in Figure 3.6. Equation (3.3) shows that a
given pressure value pao can be generated using different combinations of
qpush and qpull (denoted together as qfan ) as illustrated in Figure 3.7a and 3.7c.
Figure 3.7a shows a configuration in which the pulling fan is switched
off for positive pressures while the pushing fan is switched off for negative
pressures (the simple configuration). An alternative approach is the antisymmetrical configuration illustrated in Figure 3.7c. In this configuration,
both positive and negative pressures are generated by anti-symmetrically
balancing the fan power around half of the maximal power. Both configurations can seem equally practical since they can generate pressure values
with the same range. However, the choice for an anti-symmetrical configuration can be motivated by taking a look at the amount of fresh air provided
to the subject. From the Thevenin equivalent we can calculate the air flow
qt (= qin = qout ) that passes through the conduit:
pao =

qpush + qpull
(3.4)
2
with η = RF/(RF +RC ). Values of qt for both aforementioned configurations are
shown in Figure 3.7b and 3.7d. As illustrated in Figure 3.7b, the simple approach leads to a qt that depends on the value of the generated pressure. More
specific, lower absolute values of the pressure oscillation correspond to lower
values of qt . If, for example, a subject is maintained at pao = 0 which corresponds to atmospheric pressure, qt = 0 and no access to fresh air is provided
to the subject. Therefore the best choice for the practical implementation is
to use the anti-symmetrical configuration as shown in Figure 3.7b. In this
configuration qt maintains the value of η/2 for every desired pressure value
pao which corresponds to a constant access to fresh air of the subject.
For the whole continuation of this work, the anti-symmetric configuration
is applied.
qt = η
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Figure 3.6: Electrical equivalent of fan-based measurement device. Up: Fans are represented
through their Norton equivalent as non-ideal current sources qpush and qpull with output resistance RF . RC represents the resistance of each side of the conduit given in
Figure 3.4. qin and qout represent the incoming and outgoing air flow to and from the
middle of the conduit. Rq is the resistance of the membrane of the pneumotachograph and pao represents the pressure at the subject side of the device. Down: Fans
represented by their Thevenin equivalent with ppush = RF qpush and ppull = −RF qpull .

(a)

(b)

(c)

(d)

Figure 3.7: Simple (top) and anti-symmetrical (bottom) configuration for the generation of a
given pressure value pao . The anti-symmetrical configuration allows for constant
fresh air flow since qt is independent of desired pao . (a) Normalized pressure values
pao for varying qfan for the simple configuration, (b) the air flow through the conduit
qt for varying pao for the simple configuration. (c) Normalized pressure values pao
for varying qfan for the anti-symmetrical configuration, (d) the air flow through the
conduit qt for varying p for the anti-symmetrical configuration.
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3.2.2.2 Hardware specifications
The fans used in the setup are DC cooling fans of type SanAce 60 (60 ×
60 × 38 mm) produced by Sanyo Denki. These fans are controlled by means
of pulse width modulated (PWM) signals. Hence the aforementioned antisymmetrical configuration corresponds to anti-symmetry around a duty cycle of 1/2. This implies that for all later measurements, if the pushing fan
is running at a duty cycle of 1/2 + x, the pulling fan operates at 1/2 − x with
x ∈ [0, 1/2].
The pressure sensors used are miniature amplified low pressure sensors
from the HCLA series of FirstSensor. Here, the HCLA12X5EB with a range of
±12.5 mbar = ±1250 Pa is used. The measured value is quantized in the pressure sensor with a 12 bit analog-to-digital converter (ADC) and transmitted
over an I2 C bus. The 12 bit ADC gives a resolution of
2500 Pa
= 0.6104 Pa
(3.5)
212
which corresponds to 0.0062 cmH2O (1 cmH2O = 98.0665 Pa).
A better resolution can be obtained by using sensors with a lower range.
For example, the HCLA02X5EB (range = ±250 Pa) has the same ADC resolution for a range which is 5 times smaller and thus a resolution which is 5
times better. However, this would limit the pressure values to ±250 Pa which
is insufficient for our application.
Flow measurement is obtained using a Hans Rudolph inc. pneumotachograph with a flow range of 400 liters per minute and a membrane resistance
of
res p =

Rq = 0.04 mmH2 O/(L/min) = 0.3923 Pa/(L/min) = 23.5356 Pa/(L/s)

(3.6)

Since the flow is calculated as a pressure difference scaled with Rq given in
(3.2), its resolution can be obtained as
resq =

2res p
= 0.0519 L/s
Rq

(3.7)

where the factor 2 originates from the fact that we use two pressure sensors.
The flow conduits are realized using a 3D printer. The fans create the turbulent flow which results in increased process noise on the measured pressure. Therefore, the conduit has a diameter of 4 cm and consists of thin tubes
of 2 mm diameter which strongly decrease the turbulence [52].
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The MCU used is a Microchip PIC 32 MCU running at 80 MHz and with
an Ethernet connection which allows for web-based monitoring of the application. This will be useful for the later application of the device during the
clinical trial (chapter 7).

3.3 Multisine excitation
The purpose of the FOT measurements is to obtain Zrs in the frequency range
0 − 2 Hz. Several types of excitation signals targeting frequency domain identification of Zrs are available, such as (pseudo) random noise signals, single
tones, and multisines. Since it is desirable to have control over the frequencies at which Zrs is measured, we prefer to use an excitation signal of which
the excited frequencies are user-defined. Hence, (pseudo) random noise signals are not considered in this work. Additionally, single tones are omitted
since the measurement time can be strongly reduced by using a broadband
signal instead of multiple experiments of a single tone excitation [53]. The
solution is to use a periodic broadband signal consisting of a sum of sines at
user-defined frequencies, commonly known as a multisine.
A multisine is defined as
1
x(t) = √
∑ Xk sin(2πke f0t + ϕke )
Nexc ke ∈Ke

(3.8)

with f0 the base frequency of the signal, Ke the user-defined set of excited frequency bins of cardinality Nexc ∈ N, and Xk the user-defined amplitude spectrum of the k-th frequency line. The use of multisines has several additional
advantages:
• Spectral leakage can be eliminated by measuring an integer number of
multisine periods [46].
• The influence of measurement noise and breathing disturbances can be
attenuated by averaging over multiple periods [54].
• Nonlinear and time-varying behavior can be detected together with
transients [45, 55].
• Nonlinear distortions and additive measurement noise can be separated
[55].
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• Even and odd nonlinearities can be separated by carefully selecting the
excited frequency lines [46].
A particularly interesting subclass of multisines are the random phase multisines (RPM) which are obtained by drawing the phases ϕke in (3.8) from
an independent uniformly distributed random process on [0, 2π), such that
E{e jϕke } = 0 with E{} the expected value. RPMs have been widely used for the
identification of linear systems in the presence of nonlinear distortions [46].
The use of an RPM in combination with a careful selection of the excited
frequency lines allows for the the separation of odd and even nonlinearities
from a single experiment. For example, distortions caused by even nonlinearities can be detected by using an odd random phase multisine (ORPM),
meaning only odd multiples of the base frequency are excited.
Throughout this work, ORPM signals are used as pressure excitation. This
choice was originally made to allow for the separation of even and odd nonlinearities of the respiratory system, however, identification of the nonlinear
behavior of the respiratory system is out of the scope of this work. Nonetheless, the ORPM has been kept, since it allows to spread the available power
over a wider frequency range than would be the case when all multiples of
f0 within a given band are excited. The latter is also known as a full multisine. Moreover, the non-excited even frequency bins will be used to separate
the breathing disturbances from the respiratory system response as shown in
chapter 6.
In this work, the frequency range of interest starts around f0 = 0.1 Hz, to
limit the measurement time of a single period to 10 s, and goes up to about
2 Hz. An additional design requirement when choosing a pressure excitation
signal for FOT measurements is that the peak values need to stay within the
range of ±5 hPa as recommended in [7].
To comply with the limitation of the peak values of the pressure signal, the
phases ϕke can be optimized such that the crest factor (CF) is minimized. The
crest factor of a signal x is defined as
CF(x) =

xmax
max(x)
=s
xrms
N
1
2
N ∑ x(n)

(3.9)

n=1

with xmax and xrms respectively the maximal absolute value and the root mean

41

3 The low frequency FOT device
square (rms) value if N samples of x are obtained. [56]. The crest factor indicates how peaky a signal is. A crest factor of 1 corresponds to no peaks (DC
signal) while higher crest
for example
√ factors correspond to increased peaks,
√
a sine wave has a CF of 2 and a triangle wave has a CF of 3.
One way to minimize the CF is by starting from random initial phase values of the RPM and using the crest-factor optimization algorithm of the FDIDENT Toolbox of MATLAB [57]. However, it should be noted that crest factor
optimization violates the random phase character of the multisine. Indeed,
optimizing the crest factor can only be made possible by adapting the phases
of the excited harmonics since the amplitudes have to stay unchanged. This
implies that the phases are no longer drawn from an independent uniformly
distributed random process. Therefore, instead of performing a CF optimization, we generate a set of phase realizations for the ORPM and keep the realization with the lowest CF. In that way, the phases are still originating from
an independent uniformly distributed random process.

3.4 Performance: characterization of static and
dynamic behavior
Our goal is to generate pressure excitation signals with a sufficient bandwidth and a well-defined power spectrum in the presence of breathing disturbances. To get to this result, we will build a control scheme consisting
of a combination of feedforward and feedback control. However, a proper
control scheme can only be developed if the open loop performance of the
measurement system is well-known.
Static measurements are used to evaluate the static nonlinear behavior of
the system over its full range. Next, the dynamics of the measurement system are characterized using multisine excitations. These results can then be
used to estimate a parametric model which is needed for the eventual control
scheme.
Before going into further detail, we give an overview of the settings under
which the measurements are performed.
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3.4.1 Measurement settings
The measurement system
The measurement system is defined as the linear dynamic system G( jω) representing the DAC which converts a discrete time input signal u(nTs ) between
−1 and 1 of the fans (dimensionless) into the continuous time pressure signal
pao (t) (in Pa)(Figure 3.8) where u(nTs ) contains the PWM input values of the
fans. Even though two sets of fans are controlled, the measurement system is
considered as a single input single output (SISO) system. This is due to the
anti-symmetric fan control which ensures that the value of the pushing fans
is always the anti-symmetric equivalent of the value of the pulling fans and
vice versa.
PWM duty cycle
The duty cycle of the PWM input signal of the fans can be varied in a range
of [0, 1]. The outer duty cycle values of 0 and 1 correspond to saturation of the
fans, i.e. when a fan is driven with a duty cycle of 1 it is using its maximal
power. Due to the anti-symmetrical configuration a value of 0 at one set of
fans means that saturation occurs at the other set and vice versa.
When a signal is directly applied to the measurement system, a multisine
is converted to duty cycles in the range of [1/2 − sw, 1/2 + sw] (Figure 3.9). sw
refers to the swing around the duty cycle of 1/2 which is proportional to the
amplitude of the pressure signals generated by the measurement system. In
all open loop measurements, sw is set to 0.375 which means that the full range
of the PWM is not used. The reason for this choice lies in the later applied
feedback control. Setting sw to 0.375 leaves margin for the feedback controller
without saturation of the fans as shown in Figure 3.9.
Sample frequency fs
All measurements in this chapter and chapter 4 and 5 are performed using
a sample frequency fs of 102.4 Hz. The reason why this rather odd value is
chosen can be found in the operation of the MCU. Since the MCU software
does not contain an algorithm to apply the fast fourier transform (FFT), an
FFT algorithm had to be implemented. The speed of this algorithm strongly
increases if the number of samples is a power of 2. Throughout the work it
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Figure 3.8: The measurement system. u(nTs ) is the discrete time input signal of the system G( jω)
which results in the continuous time pressure signal at the airway opening pao (t).

Static Pressure [Pa]

Figure 3.9: Duty cycle of PWM signals driving the fans. A maximal swing sw around a duty cycle
of 1/2 is allowed such that a margin is left for feedback control applied later. sw is set
at 0.375 throughout this work.
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Figure 3.10: Transient of the fan-based setup is takes less than 2 seconds. Static measurement is
shown for a static duty cycle of 0.4 for the pushing fans.
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was chosen to work with a standardized base frequency f0 of 0.1 Hz which
corresponds to a period of T0 = 1/ f0 = 10 s. To have a number of samples per
period equal to a power of 2 we chose to use Ns = 1024 samples per period.
Since the base frequency is given by f0 = fs/Ns , the sample frequency is set to
fs = 102.4 Hz.
Transient elimination
When multiple consecutive periods are performed, the first period is generally discarded to ensure that the transient effects are damped out and that
the measurement system is in steady state. The transient of the fans takes
about 2 seconds as shown with a static measurement in Figure 3.10. Hence,
elimination of a period of ten seconds ensures that the transients effects are
damped out.
Mouthpiece
In this chapter we focus on the identification and optimization of the performance of the setup. Unless mentioned otherwise, the subject from Figure 3.1
will therefore be replaced by a an infinite load, i.e. the mouthpiece is sealed
to prevent disturbances generated by air flow at the mouthpiece.

3.4.2 Static behavior
To characterize the static behavior of the measurement system, static measurements are performed for a set of duty cycles between 0 and 1. This provides us with the linear range and gives a first idea of the static nonlinearity
of the system.
The duty cycle of the set of pushing fans is varied from 0 to 1 and for
each duty cycle a measurement of 100 seconds is performed. For each measurement the first 10 seconds are omitted to eliminate transient effects and
the static pressure corresponding to the given duty cycle is calculated as the
mean value of the remaining pressure samples. These measurements together
with a least square fit are shown in Figure 3.11.
As illustrated a range of approximately -500 to 500 Pa can be obtained. The
system has a weakly static nonlinear behavior which can generate nonlinear
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Figure 3.11: Static measurements (red dot) and their least square fit (blue line).

distortions on the pressure excitation signal. These distortions will be suppressed using feedback control. The root mean square value of the difference
between the least square fit and the measurements has a value of 25 Pa which
corresponds to 2 % of the total range.

3.4.3 Dynamic behavior
The dynamic behavior of the measurement system is first characterized by
means of a nonparametric FRF model. A frequency band from 0.1 − 20 Hz is
excited using a full multisine, meaning that all frequencies which are a multiple of 0.1 Hz are excited. 9 consecutive periods are measured and the results
are shown in Figure 3.12. This illustrates that an uncompensated measurement system has a 3 dB bandwidth of approximately 0.4 Hz. As will be shown
later, this bandwidth can be increased using feedforward control. Furthermore we can see that a SNR of approximately 40 dB can be obtained at the
lowest frequencies.
Note that the use of a full multisine obstructs the detection of nonlinear
distortions since non-excited frequency lines are not available to observe nonlinear effects. In [49], this identification was performed using random odd
multisines which allows for the detection of nonlinear distortions. In a later
phase, these nonlinear distortions could then be eliminated by using iterative
feedforward control. However, the disadvantage of random odd multisines is
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Figure 3.12: Amplitude spectrum of the measured pressure P̂ao (red dot), its sample variance
σ̂P̂ao (green star) and the input signal (blue dot, dimensionless). A 3 dB bandwidth
of approximately 0.4 Hz is shown. The DC gain is approximately 20 dBPa.

that the number of frequency lines decreases. Hence less information is available for the identification of the linear dynamics. Through experience we
have also learned that most of the nonlinear distortions are handled by the
feedback control loop once the device is being used for subject measurements.
Therefore, the random odd multisine is not used for this identification.
Parametric model
A parametric model of the FRF G( jω) gives us more insight in the dynamics
of the system. Furthermore, this parametric model will be required to construct the feedforward and feedback control. First, a nonparametric estimate
Ĝ( jωk ) is obtained as the ratio of the measured pressure at the airway opening P̂ao (k) and the input U(k) using (2.35). A parametric model G( jω, θ ) is
then extracted by minimizing the maximum likelihood cost function
VML (θ ) = ∑
k

|Ĝ( jωk ) − G( jωk , θ )|2
σ̂Ĝ2 (k)

(3.10)

at the measured frequencies ωk with respect to the parameter set θ and with
σ̂Ĝ calculated using (2.36). A set of model complexities with varying number
of poles and zeros is analyzed using the FDIDENT Toolbox of MATLAB. In
this model scan, optimal model complexity is obtained by using the Akaike
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Figure 3.13: The parametric model G( jω, θ ) (blue line) fits the measured FRF Ĝ( jωk ) (red dot).
The residuals of the model (solid black) and the estimated standard deviation σ̂Ĝ (k)
(green dashed *) are approximately equal.

Information Criterium (AIC) and minimum description length (MDL). These
criteria are used to find an optimal balance between model complexity and
model variability.
An optimal model complexity is found in a model with no zeros and two
poles which can be represented as
G(s, θ ) =

a0
(s − 2π f p1 )(s − 2π f p2 )

(3.11)

where s = jω represents the Laplace variable. The dominant pole is found at
f p1 = 0.45 Hz and a high frequency pole can be found at f p2 = 10.40 Hz. The
gain is equal to 7.87 · 104 . The FRF measurements Ĝ( jωk ) and the parametric
model G( jω, θ ) are shown together with the standard deviation σ̂Ĝ (k) and the
residual of the model given by |Ĝ( jωk ) − G( jωk , θ )|. As illustrated, the residuals coincide with the standard deviation and the model fits the data sufficiently accurately for our application. Smaller values can be found for (3.10)
using high order models, however the added parameters no longer reduce the
systematic errors but follow the noise realization. Moreover, an improved fit
can be obtained at frequencies above 5 Hz using a model with 3 poles but the
error at frequencies below 5 Hz remains unchanged. Since the feedforward
and feedback control will target frequencies below 5 Hz, we continue with
the 2 pole model given in (3.11).
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Figure 3.14: Control scheme of the measurement setup. Blue lines indicate discrete time signals, black lines indicate continuous time signals. The measurement system G( jω)
handles the digital to analog conversion (DAC) while the acquisition of the pressure
data by the pressure sensors and the MCU handles the analog to digital conversion (ADC). The dynamics of the measurement system G( jω) are compensated by
a feedforward signal f f (nTs ) designed to generate the wanted signal pw
ao (t) which is
the continuous time representation of the reference signal r(nTs ). SW1 represents the
switch that can be closed to add a digital feedback controller C(z) to suppress the influence of breathing disturbances pb (t) on pao (t). The switch SW2 allows to eliminate
the breathing disturbance which is realized in practice by closing the mouthpiece of
the device.

3.5 Control scheme
The second requirement on the FOT device consists of generating pressure
signals with a high amplitude over a sufficient bandwidth, i.e. ±200 Pa over
a range of 0.1 − 2 Hz. Moreover, the breathing disturbances need to be suppressed to maintain a high SNR of the pressure signal. The control scheme
that will enable us to obtain these goals is shown in Figure 3.14.
The control scheme consists of a combination of feedforward and feedback
control of which the latter can be switched on or off using switch SW1 . First,
feedforward control is inserted to compensate the dynamic behavior of the
measurement system G( jω). This will allow to increase the bandwidth and
amplitude of pao (t).
Later, a feedback controller C(z) is added to suppress the disturbances introduced by the patients breathing. During the development of the feedfor-
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ward compensation, SW2 is opened to eliminate breathing disturbances from
the measurement. In practice this is realized by closing the mouthpiece of
the device. If both SW1 and SW2 are closed, the frequency domain output of
the control loop Pao is given by
CG
FG
1
+
)R +
Pb
(3.12)
1 +CG 1 +CG
1 +CG
First, we will discuss the feedforward compensation which is developed with
SW1 and SW2 opened such that the open loop performance of the measurement setup in the absence of breathing disturbances can be optimized. Next,
we handle the development of a feedback controller with SW1 and SW2 closed.
Pao = (

3.5.1 Feedforward compensation
The goal of the feedforward compensation is to increase the amplitude and
bandwidth of the pressure signal pao (t) compared to the values obtained during the performance evaluation. There, a 3 dB bandwidth of 0.4 Hz and a DC
gain of approximately 20 dBPa was observed. In the absence of breathing
disturbances (SW2 open) and in open loop configuration (SW1 open), we can
derive from Figure 3.14 that
Pao = FGR
(3.13)
An optimal feedforward compensation is found by choosing F = G−1 such
that Pao = R. Given that pwao (t) is a multisine, the DFT of the feedforward
signal f f (nTs ) at the excited frequencies is computed as
w
FF(k) = G−1 ( jωk , θ )Pao
(k)

(3.14)

w (k) the DFT of the wanted pressure signal pw (t) at the excited frewith Pao
ao
quency lines. The reference signal used for the feedback control r(nTs ) corresponds to the discrete version of pwao (t) computed as r(nTs ) = pwao (nTs ) (Figure
3.14).
Theoretically, any wanted pressure signal pwao (t) can be generated using
(3.14). However, the maximal power of the fans limits the amplitude and
bandwidth that can be obtained for pwao (t). To minimize nonlinear distortions
on the pressure signal, saturation of the fans needs to be avoided. In a first
step this is done by limiting the duty cycle swing of the PWM fan control
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Figure 3.15: Excitation signal design: For f f normalized to [−1, 1] (top row), increasing ampliw | are obtained by decreasing the excited frequency band and changing
tudes of |Pao
w | as shown in second row. With |Pw | for flat excitation band
the characteristic of |Pao
ao
up to 5 Hz (left), flat excitation band up to 2 Hz (middle), and butterworth shaped
excitation band up to 2 Hz (right). The cause for the amplitude increase is found
in |FF| (third row) which needs to insert increasing power at higher frequencies to
compensate for the low bandwidth (0.45 Hz) of the FOT device. Bottom row contains
the time domain representations of the wanted pressure excitation pw
ao (t) of which
w |.
the peak-to-peak values increase for decreasing bandwidth of |Pao

51

3 The low frequency FOT device
signal as illustrated previously in Figure 3.9. For a fixed value of the swing,
the feedforward signal f f (nTs ) thus needs to stay within the range of [−1, 1].
An illustration of the effect of the limitation on f f (nTs ) on the amplitude
and bandwidth of pwao (t) is shown in Figure 3.15. Simulations using the model
in (3.11) are executed using odd random phase multisines. Odd multisines
have the advantage that unexcited frequency lines are available to detect nonlinear distortions while at the same time a higher frequency band can be excited for a given number of excitation frequencies.
Each of the three columns of Figure 3.15 represents a different desired amw (k). They can be ordered as follows
plitude spectrum of Pao
• an excitation band up to 5 Hz with a flat amplitude spectrum (left),
• an excitation band up to 2 Hz with a flat amplitude spectrum (middle),
• an excitation band up to 2 Hz with an amplitude spectrum which is
shaped by a 3rd order butterworth characteristic with a cutoff frequency
of 1.2 Hz (right).
As shown in the top row of Figure 3.15, f f (nTs ) is kept within the range of
w (k) at frequencies below 1 Hz grows
[−1, 1]. Consequently, the amplitude of Pao
with more than 10 dBPa when the excitation band is decreased from 5 Hz to
2 Hz. An additional 7 dBPa can be gained by shaping the desired amplitude
spectrum using a butterworth characteristic. This low frequency gain is also
clearly visible in the time domain signal pwao (t) (bottom row of Figure 3.15)
where the range goes from ±50 Pa to ±200 Pa.
The cause of this increase in low frequency amplitude is found in the amplitude spectrum of FF, shown in the third row of Figure 3.15. Since the
dominant pole of G( jω, θ ) is located at 0.45 Hz, we can see from (3.14) that a
w can only be obtained if |FF| increases rapidly
flat amplitude spectrum of Pao
w are
with higher frequencies. As a consequence, higher frequencies for Pao
harder to generate since the increasing power of FF at high frequencies would
result in pushing f f (nTs ) out of the [−1, 1] range. Therefore, a higher excitaw | at all frequencies to
tion band requires for a decrease of |FF| and thus |Pao
ensure that f f stays within [−1, 1].
Given this limitation, we have to choose which excitation signal to apply.
Since we want to use the setup for measurements on breathing patients, we
know that the main disturbances will be present in the range of 0.1 − 1 Hz. As
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Figure 3.16: p̂ao (t) (red) and pw
ao (t) (black) after applying feedforward compensation.

a consequence, this will be the range at which the flow response Qe needed
to obtain Zrs will undergo the highest disturbance. In order to add as much
power as possible in this flow response, we need to concentrate the power
at the frequencies below 1 Hz. Therefore, the third option using the 2 Hz excitation band with butterworth characteristic is chosen for further measurements.
Compared to the performance evaluation, the feedforward compensation
increased the amplitude of Pao below 1 Hz from 20 dBPa to 30 dBPa and the
bandwidth from 0.45 Hz to 1.2 Hz.
To verify the simulation results, 9 consecutive periods are measured using
the chosen feedforward signal. The time domain results are shown in Figure
3.16 where the mean of pao (t) over the periods denoted as p̂ao (t) is compared
to the wanted signal pwao (t).
More insight can be obtained from the amplitude spectra which is illustrated by the sample mean P̂ao and sample standard deviation σ̂P̂ao together
w in Figure 3.17. As shown, P̂ has a slightly lower amplitude comwith Pao
ao
w . This ratio |P̂ |/|Pw | equals around −0.5 dB over the whole excipared to Pao
ao
ao
tation band. A SNR of up to 50 dBPa can be found at the lowest frequencies
while this decreases to about 40 dBPa at the highest excited frequency. The
amplitude of Pao at the nonexcited frequency lines is slightly higher than the
standard deviation which means that small nonlinear distortions are present.
This was to be expected as shown by the weakly nonlinear behavior of the
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Figure 3.17: Amplitude spectrum of P̂ao after applying feedforward compensation for an odd
random phase multisine, exciting all odd multiples of f0 = 0.1 Hz below 2 Hz. Meaw
sured pressure P̂ao at the excited frequencies (red squares), wanted pressure Pao
(black o), measured pressure P̂ao at the non-excited frequencies (blue +) , and σ̂P̂ao
at all frequencies (green *).

static measurements (section 3.4.2).
There are two main possible adaptations which would improve the quality
of the results after feedforward compensation.
First, the decrease of amplitude could be eliminated by redoing the dynamic measurements. The cause of the decrease of amplitude is most likely
to be found in a small error on the dynamic measurements of Ĝ performed
previously. To optimize the setup, we should go back to the dynamic behavior
and perform more measurements to verify the uncertainty of the measurew| =
ment of Ĝ. This improvement is omitted since the minor error of |P̂ao/Pao
−0.5 dB will easily be compensated by the feedback controller.
Second, the nonlinear distortions on Pao could be eliminated by updating
FF using the following iterative scheme
[i]

FF [i+1] (kn ) = FF [i] (kn ) − G−1 (kn , θ )P̂ao (kn )

(3.15)

with kn the non-excited frequency lines. At the excited frequency lines, the
value of FF(k) is kept at its initial value as calculated in (3.14). This improvement was implemented in the early phase of this research when a first
version of the FOT device was used [49]. The reason it is not included in later
prototypes is due to experience obtained with patient measurements prior to
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the development of the latest version of the FOT device. While in [49] the
maximum amplitude of Pao below 1 Hz was around 18 dBPa, the latest version
is able to generate amplitudes up to 30 dBPa. This amplitude increase was
only possible by using larger fans together with an increase of the swing of
the duty cycle (sw in Figure 3.9) from 0.25 in [49] to 0.375 in the current device. The increased sw eases to put the fans into saturation when feedback
control is used to suppress breathing disturbances since an increased sw decreases the margin for feedback (Figure 3.9). Hence the advantage of the
iterative scheme given in (3.15) would immediately be made undone in the
presence of breathing disturbances. Additionally, the feedforward signal will
be adapted to the subjects breathing frequency in a later phase of this work
(chapter 6). Since this demands for a novel frequency grid for each subject,
the iterative scheme given in (3.15) should be re-executed for every new subject which would strongly increase the duration of a measurement without
having any benefit to the measurement of Zrs .

3.5.2 Feedback control
Breathing disturbances pb will always be present during measurements on
patients. The feedforward compensation can compensate the dynamics of the
measurement system but feedback control is needed to suppress this external
disturbance pb . In addition, a systematic error remains since the feedforward
compensation is not perfect. This error is denoted further as δF = FG −1 such
that FG = 1 + δF with F and G as given in Figure (3.14).
The influence of the breathing disturbances together with the remaining
systematic error are illustrated in Figure 3.18 for a measurement during spontaneous breathing but without use of feedback control. As illustrated, the
standard deviation σ̂P̂ao strongly increases in the frequency range of the breathing disturbance (below 0.5 Hz) and the systematic error at the excited frequenw |. Therefore, a feedback
cies causes a decrease of |P̂ao | in comparison to |Pao
controller is added.
When we define the loop transfer function as
L = CG

(3.16)

55

3 The low frequency FOT device

|P̂ao | [dBPa]

30

0

−30
0

1
2
Frequency [Hz]

3

Figure 3.18: Amplitude spectrum of P̂ao in the presence of breathing disturbances qb without feedback control. With measured pressure P̂ao at the excited frequencies (red
w (black o) , measured pressureP̂ at the non-excited
squares), wanted pressure Pao
ao
frequencies (blue +) , and σ̂P̂ao at all frequencies (green *).

we can rewrite (3.12) as

1
P̃b
(3.17)
1+L
with P̃b = Pb + δF R. Hence, the feedback control does not only suppress the
breathing disturbance but also handles the residual error of the feedforward
compensation. The addition of this residual error to the perturbation might
give the impression that feedforward control adds unwanted errors to the
output without adding any advantage. However in the absence of feedforward (F = 0) we would have
Pao = R +

1
L
R+
Pb
1+L
1+L
1
= R+
(Pb − R)
1+L

Pao =

(3.18)
(3.19)

which shows that feedforward leads to a lower systematic error as long as
P̃b < (Pb − R) or equivalently if |δF | < 1. For the feedforward measurement
w (k)| was approximately −0.5 dB which gives δ ≈
in Figure (3.17), |P̂ao (k)|/|Pao
F
0.05.
The controller C was designed using the classical loop shaping approach
[58]. Since G( jω) is a minimum phase system which is well approximated
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Figure 3.19: Amplitude and phase of loop transfer function L (blue) and sensitivity function
S(red) with the values of the criteria for optimal k p .

with a second order model, a simple controller is sufficient to suppress the
breathing disturbances. Moreover, the controlling action needs to respond
fast on the MCU so controllers with a high computational cost are not considered. Therefore a PI-controller is proposed
C(s) = k p (1 +

1
)
Ti s

(3.20)

with k p the proportional gain and Ti the time constant of the integrator. To
optimally suppress the disturbance P̃b we want L to be high in the frequency
band of breathing disturbances. To enhance the bandwidth of L, a dominant pole compensation is applied by choosing Ti = 1/2π f p1 = 0.36 s with f p1 =
0.45 Hz the frequency of the dominant pole of (3.11).
Since L is proportional with k p , a maximization of k p is desired based on
the following criteria which use the sensitivity function S = 1/(1 + L) and the
complementary sensitivity function T = L/(1 + L):
1. To assure a large gain (±20 dB) of L(s) in the frequency range of the
breathing disturbance, the crossover frequency of L , noted as fcL should
be approximately one decade higher than the dominant breathing frequency which can generally be found below 0.5 Hz. Therefore, an fcL of
about 5 Hz is preferred.
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2. To minimize the overshoot of the closed loop transfer function, a phase
margin of L (PML ) of more than 60◦ is desirable.
3. A good disturbance rejection is guaranteed up to the closed loop bandwidth fbS which is the frequency where |S| = −3 dB. Since our excitation
band goes to about 2 Hz, and breathing disturbances can have harmonics up to 2 Hz, an fbS of more than 2 Hz is desirable.
4. As a measure of robustness, we want to keep the maximum sensitivity
peak MS = max|S| below 6 dB.
The amplitude and phase of L and S for the chosen k p are shown in Figure
3.19. A good compromise of the aforementioned criteria is met.
This controller can now be inserted such that the complete control scheme
given in Figure 3.14 can be tested. The mouthpiece is opened and a healthy
subject is measured for 9 consecutive periods while performing spontaneous
breathing. The results in Figure 3.20 show that the controlling action easily
eliminates the breathing disturbances at the excited frequency lines. Furthermore the amplitude decrease of Pao seen previously (Figure 3.18) has disappeared and an SNR of 50 dB with amplitude of 30 dBPa below 1 Hz is obtained.
The amplitude at the non-excited frequency lines show that the nonlinear
distortions increased in comparison to the feedforward measurements from
section 3.5.1 (Figure 3.17). This increase is caused by the saturation of the
fans due to the controlling action as illustrated in Figure 3.21 where a comparison is made of the duty cycle of the pushing fans with and without feedback compensation. For the same reason we have chosen to omit the iterative
scheme for the feedforward compensation discussed in the previous section.
This saturation and consequential nonlinear distortions could be minimized
by decreasing the swing of the duty cycle at the cost of a loss in gain on Pao .
We have chosen to allow this saturation of the fans for the continuation of this
work. For the later impedance measurements, the gain of Pao at the excited
frequencies is of much higher importance than the nonlinear distortions.
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Figure 3.20: Amplitude spectrum of P̂ao after applying feedback control with measured pressure
w (black o) , measured
P̂ao at the excited frequencies (red squares), wanted pressure Pao
pressure P̂ao at the non-excited frequencies (blue +) , and σ̂P̂ao at all frequencies
(green *).
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Figure 3.21: PWM duty cycle values of the pushing fans with the swing set at 0.375. Maximal
and minimal allowed values of the duty cycle for f f are shown in red. Duty cycle
values in the case of open loop feedforward control (blue), duty cycle values in the
case of closed loop feedback control together with feedforward control. Black dots
indicate points of saturation. The controller thus pushes the fans into saturation
which causes nonlinear distorions on pao .
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3.6 Conclusions
A fan-based FOT device is developed that is able to generate pressure oscillations below 2 Hz while the subject can continue spontaneous breathing.
The anti-symmetrical fan configuration provides the subject with constant
access to fresh air while a multisine pressure excitation is applied at the airway opening. The static and dynamic behavior of the device are characterized
and used to develop a control scheme consisting of feedforward and feedback
control. Pressure oscillations up to 2 Hz are generated with low uncertainty
(SNR < 50 dB) by using feedforward compensation and feedback control is
added to suppress breathing disturbances and nonlinear distortions.
A remaining problem is fan saturation which increases the nonlinear distortions but which cannot be avoided without decreasing the amplitude and/or
bandwidth of the pressure excitation.
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Even though it has already been shown in the 1980’s that low frequency FOT
could lead to unparalleled insights into lung functionality [9], it still has not
found its way into the clinical practice. The reason for this delay are the disturbances on pressure and flow signals originating from the patients breathing. A low frequency measurement of Zrs can only be obtained if there is
access to accurate measurements of the pressure excitation signal and flow
response at the mouth of the patient.
In the previous chapter we showed how a control scheme could suppress
the breathing disturbances on the pressure excitation signal. Unfortunately,
we cannot just apply a control scheme to the patient. Furthermore, it is very
undesirable to suppress the breathing on the flow signal since breathing is
required for the patient to execute the measurement in a comfortable manner.
In this work, two approaches have been made to handle the breathing disturbances on the flow signal.
A first approach consists in avoiding any intervention during the measurement and eliminate the breathing disturbances only in post-processing. This
will be done by means of two suggested modeling techniques which are discussed in chapter 5.
A second approach is to first gather information on the breathing, then
adapt the measurement device and finally demand a minor patient cooperation. In that way the breathing disturbances on the flow signal will have
minimal effect on the frequencies at which Zrs is measured. This strongly decreases the amount of post-processing required to obtain Zrs but on the other
hand some patient cooperation is required. This approach is elaborated in
chapter 6.
Before discussing these two approaches, this chapter provides a detailed
description of the entire measurement problem. Emphasis is placed on the
effect of the breathing disturbances on the flow measurement to motivate the
approaches of chapter 5 and 6.
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Figure 4.1: Electrical equivalent of measurement of Zrs using a pressure controlled FOT device.
The device is considered as a pressure source pe with a non-zero output impedance
ZD . The subject is represented as its impedance Zrs in parallel with a breathing flow
qb . The measured air flow at the airway opening qao is the sum of the responses of the
respiratory system qe and qb .

4.1 Introduction
Given the low frequency FOT device, we can apply the pressure excitation
to subjects and measure the resulting flow in order to obtain Zrs . From the
electrical equivalent of the measurement of Zrs retaken in Figure 4.1, the respiratory impedance is defined as
Zrs ( jω) =

Pao (ω)
Qe (ω)

(4.1)

with ω the angular frequency. The representation of Figure 4.1 together with
the definition given in (4.1) is widely used [44, 59–62] under the following
assumptions:
Assumption 1. the respiratory system is a linear time-invariant system
Assumption 2. the total flow is a superposition: qao = qe + qb
Note that assumption 1 implies that the respiratory response qe is independent of the instantaneous lung volume and thus independent of qb . As a first
verification of these assumptions, an example is given of the amplitude spectrum of the measured flow Qao for a measurement of 9 consecutive periods
on a healthy subject, using the excitation signal from chapter 3 (Figure 4.2).
Three excitation frequencies are highlighted with a, b, and c. For illustration,
an amplitude spectrum of Qe is added which represents the measured flow
in the case assumptions 1 to 2 would be valid and no breathing disturbance
would be present. This provides the following insights:
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Figure 4.2: Amplitude spectrum of the measured flow Qao (blue +) with red circles to indicate
the excited frequencies. The black line is added as an illustration of the expected
amplitude spectrum of Qe in the case assumptions 1 and 2 are valid and no breathing
disturbance is present. See text for elaboration on a, b, and c.

• a: The major source of disturbance is the (fundamental) breathing contribution. The amplitude spectrum of the breathing contribution smears
out over the neighboring frequency lines due to spectral leakage. This
completely impedes the measurement of Qe at 0.3 Hz for this case.
• b: At 0.1 Hz the amplitude of the response Qe does not exceed the noise
level. This attenuation of Qe can be due to time-varying contributions
or to the spectral leakage of the breathing contribution.
• c: At 1.3 Hz the measured response is attenuated in comparison to the
expected response. This can be due to a harmonic of the breathing disturbance or to time-varying contributions.
This preliminary example illustrates that assumptions 1 and 2 need to be
handled with care. This was to be expected since the changing lung volume,
correlated with qb , will cause the mechanics of the respiratory system to vary
over time in which case the respiratory response qe is correlated with qb .
Most importantly, this example illustrates that the main measurement problem is the spectral overlap between the breathing disturbance Qb and the res-
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piratory response Qe which can originate from a combination of the following
causes:
1. Coincidence of the fundamental frequency of Qb and/or its integer multiples with an excitation frequency of Qe .
2. Spectral leakage due to the measurement of a non-integer number of
breathing cycles. This is generally the case since the frequency of breathing fb is not an integer multiple of the base frequency f0 of the excitation signal. For example, in Figure 4.2 f0 = 0.1 Hz and fb ≈ 0.24 Hz.
3. Spectral leakage of Qb due to amplitude and frequency variation of the
breathing.
This work will first handle the breathing disturbances under assumptions 1
and 2. Only if this primary disturbance is handled, the assumptions will be
relaxed and the effect of time-varying behavior on the measurements is taken
into account (chapter 8).
The remainder of this chapter is built up as follows. A system identification
approach to the measurement problem is given in section 4.2. This will give
us the ability to analyze the sources of disturbance and to build simulations
that can mimic the real-life measurements (section 4.3). These simulations
will allow us to quantify the impact of the breathing disturbance on the error
and variance of the estimated Zrs as discussed in section 4.4.

4.2 The general framework: A system
identification approach
Until now the measurements were represented with the electrical equivalent
from Figure 4.1 since this gives a compact representation of the interaction
between the device and the subject. Moreover it allows for the respiratory
system to be a time-varying and/or nonlinear system. However, a more detailed representation of the measurement problem is required in order to analyze the underlying sources that contribute to the measured pressure and
flow. Therefore we will switch to the system representation given in Figure
4.3 [44, 59–62].
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−1 ( jω). r(t) is the reference
Figure 4.3: System representation of the measurement of Yrs ( jω) = Zrs
signal which is disturbed by generator noise on the pressure pg (t). The resulting
pressure at the airway opening pao (t) is applied to the respiratory admittance Yrs ( jω)
which generates the respiratory response qe (t). The total flow at the airway opening
qao (t) is disturbed by the breathing disturbance on the flow qb (t). The measurements
of pressure and flow at the airway opening, respectively pao,m (t) and qao,m (t) are disturbed by measurement noise pn (t) and qn (t).

The advantage of a system representation is that it allows to represent all
contributions to the measured pressure and flow. This makes it more feasible to analyze the measurement problem and mimic the measurements
with a simulation. The disadvantage is that each system needs to have one
or more distinguishable inputs and/or outputs. In the case of a respiratory
impedance, the definition of Zrs given in (4.1) forces Qe to be the input signal. Since we develop pressure excitation signals, we will use pressure as the
input signal to the respiratory admittance Yrs ( jω) = 1/Zrs ( jω) defined as
Yrs ( jω) =

Qe (ω)
Pao (ω)

(4.2)

Note that the inversion between Yrs and Zrs can only be performed under
the assumption that the respiratory system is a linear time-invariant (LTI)
system. In reality, there can be a nonlinear and/or time-varying relation between Qe and Pao due to the change of lung volume. In that case the conversion from impedance to admittance can no longer be made by simple inversion as will be discussed in chapter 8.
The system representation can be further described as follows: A reference
signal r(t) corresponding to the wanted pressure excitation is disturbed by
additive generator noise pg (t) which results in the total pressure excitation
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pao (t). pao (t) is considered as the controlled input to the LTI system Yrs ( jω)
defined in (4.2). The response of Yrs , denoted as qe (t) and further referred to
as the respiratory response, is disturbed by the breathing flow qb (t). The total
flow at the airway opening qao (t) is thus given by
qao (t) = qe (t) + qb (t)

(4.3)

Additive measurement noise of the pressure sensors is represented by pn (t)
and qn (t) respectively such that the measured signals pao,m (t) and qao,m (t) are
given by

pao,m (t) = r(t) + pg (t) + pn (t)
= pao (t) + pn (t)

(4.4)
(4.5)

and
qao,m (t) = qe (t) + qb (t) + qn (t)
= qao (t) + qn (t)

(4.6)
(4.7)

pn (t) and qn (t) are both assumed to be mutually uncorrelated normally distributed noise sequences, uncorrelated with the excitation signal pao (t) and
the breathing disturbance qb (t).
In the actual measurement setup represented by the electrical equivalent
of Figure 4.1, a control scheme ensures that ZD ≈ 0 such that an open loop
representation can be used. In the case no feedback control is applied, ZD
needs to be taken into account as discussed in the following intermezzo.

Intermezzo: generator noise
The system representation given in Figure 4.3 presents the generator noise
pg (t) as an independent noise source with no relation to the flow qao (t). This
is an approximation that is made knowing that the generator noise is highly
suppressed by means of the control scheme discussed in the chapter 3. For
the sake of completeness we give a brief overview of the case in which pg (t)
can no longer be suppressed. This is based on the extended system representation of Figure 4.4.
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Figure 4.4: Closed loop system representation taking into account the generator noise originating
from the subject psub
g (t). A feedback branch containing the output impedance ZD of
the device converts the total flow qao (t) to psub
g (t).

A more detailed representation of pg (t) contains two main contributions
such that
sub
pg (t) = pdev
(4.8)
g (t) + pg (t)
sub
with pdev
g (t) and pg (t) the contributions to the generator noise caused by the
device and the subject respectively.
pdev
g (t) consists of the non-idealities of the generator (such as nonlinear distortions due to saturation of the fans) and stochastic behavior (such as turbulence disturbances generated by the fans). The excitation pressure pe from
the electrical equivalent in Figure 4.1 can then be denoted as pe = r + pdev
g .
sub
pg (t) is dominated by the effect of the breathing disturbances on the pressure and its frequency domain equivalent can be obtained as Pgsub = −ZD Qao
sub
given the electrical equivalent in Figure 4.1. Note that pdev
g (t) and pg (t) are
not independent since both the fan saturation and the turbulence can be increased due to the controlling action of the device in the presence of breathing disturbances.
sub
From here on, pdev
g (t) and pg (t) will no longer be considered separately
and are brought together in pg (t). The reader should note that a framework
using the closed loop representation in Figure 4.4 will improve the approximation of the actual measurement problem. However, this improvement will
only be significant if an uncontrolled pressure generator is used. Moreover,
sub
ZD needs to be known to enable separate consideration of pdev
g (t) and pg (t).
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4.3 Simulations with known respiratory system
The general framework allows us to build simulations mimicking the actual
measurements. Pressure measurements in the presence of generator noise
and measurement noise have been illustrated in chapter 3. Here we will focus on mimicking the total measured flow qao,m as defined in (4.6) by simulating the addition of breathing disturbances qb with a response qe of a known
respiratory system.
The breathing disturbances can be artificially generated or obtained from
measurements. For artificially generated breathing disturbances, a noise-free
model is used and measurement noise is added separately. In the case of
measured breathing disturbances, measurement noise is already present so
there is no need for additional measurement noise. For the remainder of this
thesis we will build simulations using measured breathing unless mentioned
otherwise.

4.3.1 Reference values for Zrs
Two possibilities are given which can be used as later reference values for
Zrs . A first option is to use the most common parametric model found in
literature, also known as the constant phase model [4, 5]. The second option
is to use stepped sine measurements performed on an example subject.
4.3.1.1 The constant phase model
The model used for Zrs is based on the constant phase model for the lung
impedance ZL which is generally accepted as the most accurate representation
of Zrs at low frequencies [5]. This model is a frequency domain variant of
Hildebrandt’s stress-relaxation model [63] and can be written as
ZL = Raw + jωIaw +
with

G − jH
ωα

(4.9)

2
H
arctan( )
(4.10)
π
G
The model consists of a homogeneous airway compartment containing an
airway resistance Raw and inertance element Iaw leading to a viscoelastic, constant phase tissue compartment. The tissue compartment is modeled by tisα=
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Raw [hPa · L−1 · s]
1.580

Iaw [hPa · L−1 · s2 ]
0.016

G[hPa · L−1 ]
1.490

H[hPa · L−1 ]
7.943

Table 4.1: Parameter values using the constant phase model for lung impedance, obtained as the
mean of 9 healthy subjects in [10].

sue damping G and tissue elastance H. The model is compatible with the
structural-damping hypothesis which assumes that the ratio of dissipative
and elastic processes is constant with ω. Reference values for the parameters
Raw , Iaw , G and H for healthy subjects are obtained from [10] and are given in
Table 4.1.
This model can be extended to a model with multiple constant phase tissue
compartments to take into account heterogeneity of the tissues [64]. However, for the remainder of this work we will only consider the single branch
constant phase model from (4.9).
4.3.1.2 Stepped sine measurements
To validate the reference values given by [10], two series of stepped sine measurements are obtained on a healthy subject on two different days. Single
sine measurements with an increased pressure amplitude in comparison to
the multisine excitation are performed for a set of odd integer multiples of
f0 = 0.1 Hz. The subject has a natural breathing frequency of approximately
0.2 Hz. Since single sines are used, the FOT device can generate much higher
pressure amplitudes than obtained in the case multisines are applied. The
combination of a high pressure amplitude with a natural breathing frequency
that does not overlap with the excitation frequencies allows to obtain measurements of Zrs with low uncertainty.
It should be noted that this procedure is very inconvenient and not applicable in clinical practice. First of all it is very time consuming since a lengthy
measurement is applied for each of the measured frequencies. Furthermore,
the pressure amplitude is increased to peak-to-peak values higher than 800 Pa.
Not only does this violate the recommendations given in [7], it also makes it
very difficult for the subject to execute a full measurement which subverts
the whole advantage of FOT in clinical practice.
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4.3.1.3 Comparison of stepped sine measurements to constant phase
model
In Figure 4.5, both stepped sine measurements are compared with the reference values for Zrs using the constant phase parameter values from Table 4.1.
A clear difference between the stepped sine measurements and the reference
values can be observed in Rrs below 2 Hz. An increased resistive contribution
is present for the stepped sine measurements but the difference with the reference data decreases for increasing frequency. Above 2 Hz, the stepped sine
measurements coincide almost completely with the values from [10], both in
Rrs and Xrs .
The difference between the stepped sine measurements and the reference
values below 2 Hz is not entirely unexpected. The cause could be found in
the fact that the constant phase values from [10] only represent the contribution of the lung since the esophageal balloon technique was used to eliminate
chest wall contributions from the measurements.
Additional reference data can be found in [9], where Zrs was measured on
healthy subjects. It was shown that healthy subjects are expected to have an
Rrs that decreases from 5 − 10 hPa · s · L−1 at 0.1 Hz (5 hPa · s · L−1 at 0.25 Hz) to
2 hPa · s · L−1 at 1 Hz. The Xrs is shown to increase from −15 to − 10 hPa · s · L−1
at 0.1 Hz (-10 hPa · s · L−1 at 0.25 Hz) to −2 hPa · s · L−1 at 2 Hz [9]. Since [9] did
not provide model parameters for Zrs , these results cannot be evaluated over
the full frequency range. However, these values can later be used for the
validation of real-life Zrs measurements.
As a compromise between the stepped sine measurements and the reference values, we have chosen to take the reference data as given in Table 4.1
and increase the airway resistance Raw with 3 hPa · L · s−1 which approximates
the difference between lung impedance ZL and respiratory system impedance
Zrs from [40]. The results are added to Figure 4.5 and the corresponding adjusted parameter values for the constant phase model are given in Table 4.2.
Unless mentioned otherwise we will construct the simulations using the
adjusted constant phase model for Zrs with the values given in Table 4.2.
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Raw [hPa · L−1 · s]
4.580

Iaw [hPa · L−1 · s2 ]
0.016

G[hPa · L−1 ]
1.490

H[hPa · L−1 ]
7.943

Table 4.2: Adjusted parameter values for a healthy subject obtained by increasing Raw for the
constant phase parameters from Table 4.1.

Zrs [hPa · s · L−1 ]
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Figure 4.5: Zrs using the constant phase model from [10] with parameter values given in Table 4.1
(magenta), from stepped sine measurements (red) and from a constant phase model
with increased Raw with parameter values given in Table 4.2 (blue dashed).
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4.3.2 Flow simulations using measured breathing
Given the reference values for Zrs we can construct flow simulations to mimic
the real-life measurements of total flow. Measurements of qb are obtained
on a set of healthy subjects using the FOT device without excitation. These
measurements are added to simulated respiratory response qe (4.6) with qe
obtained as
qe (t) = IDFT(Yrs (k)Pao (k))
(4.11)
Additional measurement noise qn is omitted in the construction since the
measured breathing already contains measurement noise.
The previously given flow measurements (Figure 4.2) can be mimicked by
these simulations. The main difference with the real-life FOT measurements
is that assumptions 1 and 2 are imposed on the simulations while they might
be violated for the measurements. As the examples of Figure 4.6 show, the
access to the respiratory response depends on the frequency and the spectral
content of the breathing disturbance.
Figure 4.6a shows a problematic example where the total flow Qao,m strongly
deviates from the underlying respiratory response Qe at 0.3 Hz since the dominant breathing harmonic is located at 0.3 Hz. Hence, additional processing is
required to extract Qe from Qao .
In Figure 4.6b, the dominant breathing harmonic is located around 0.35 Hz
but still leaks out to 0.3 Hz, again causing a deviation of Qao,m from the underlying Qe at 0.3 Hz. Finally, in Figure 4.6c, Qao,m only deviates slightly from Qe
at 0.3 Hz but the second harmonic of the breathing, which is found at 0.7 Hz,
disturbs the measurement of Qe .
These simulation examples show that, even under assumption 1 and 2,
the access to Qe can be strongly jeopardized by the breathing disturbance
Qb . Hence, a more quantitative description is required of the impact of the
breathing disturbance on the respiratory response measurement and the corresponding estimation of the respiratory system.
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Figure 4.6: Amplitude spectra of simulated flow using measured breathing of three healthy subjects. Blue dots indicate the total simulated flow Qao,m , gray line shows breathing Qb
and the black line shows the underlying respiratory response Qe . Red circles highlight total flow Qao,m at the excited frequency lines. The access to the respiratory
response depends on the breathing frequency and spectral leakage of the breathing
disturbance.
73

4 The measurement problem

4.4 Impact of breathing disturbance on
estimation of respiratory system mechanics
Thanks to the general framework and the simulations, we can now quantify
the impact of the breathing disturbance on the measurement of Zrs and Yrs
under assumptions 1 and 2. In section 2.2 we discussed the measurement
of an FRF using the maximum likelihood estimator under the assumption
that the the noise sources act as additive normally distributed measurement
noise whose contribution can be decreased by spectral averaging. As a consequence, the SNR after averaging over a set of data blocks was higher than
20 dB for the input and output signals and the maximum likelihood estimator
from (2.35) was asymptotically unbiased.
In the real-life measurements approximated by the framework in section
4.2, the generator noise pg (t), and the breathing disturbance qb (t) are added
to the measurement setup given in section 2.2 (Figure 2.2). In this section we
will demonstrate how these additional noise sources impact the estimation of
Zrs and Yrs . First we will look at the SNR of pressure and flow for a set of measurements. Later we will use simulation examples to show how a decrease of
SNR on the flow creates an increase of estimation errors and variability.

4.4.1 Additional disturbances pg and qb
First we demonstrate how both additional disturbances pg (t) and qb (t) influence the SNR of the measured pressure and flow signals for a measurement. Given a measurement of 9 consecutive periods segmented into 9 data
blocks with length equal to the period of the excitation signal, the sample
mean and sample variance P̂ao,m (k) and Q̂ao,m (k) and sample (co)variances
σ̂P̂2 (k), σ̂Q̂2 (k) and σ̂P̂2 Q̂ (k) = σ̂Q̂2 P̂ (k) can be obtained using (2.28)
ao,m

ao,m

ao,m ao,m

ao,m ao,m

to (2.32). The SNR of Pao,m and Qao,m are defined as
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SNRP (k) =

P̂ao,m (k)
σ̂P̂ao,m (k)

(4.12)

SNRQ (k) =

Q̂ao,m (k)
σ̂Q̂ao,m (k)

(4.13)
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Figure 4.7: Amplitude spectra of measured P̂ao,m (left) and Q̂ao,m (right) for measurement data.
Full lines indicate the sample mean and dashed lines indicate the standard deviation.
The pressure is obtained with an SNRP of more than 40 dB while the flow is strongly
disturbed by the breathing disturbance leading to very low SNRQ in the frequency
range of breathing.
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Figure 4.7 shows the amplitude spectra of P̂ao,m and Q̂ao,m with their standard deviation for measurements on three healthy subjects . These examples
confirm that the main source of errors on estimates of Zrs and Yrs will originate from the breathing disturbances on the flow. The generator noise is
sufficiently suppressed by the control loop such that an SNRP of over 40 dB is
obtained which fulfills the requirements given in section 2.2. However, SNRQ
barely reaches 15 dB at the frequencies above the breathing disturbance while
it can go down to 0 dB or even become negative (in dB) below 0.5 Hz.
While the main cause of the decrease of SNRQ is the breathing disturbance,
it should be noted that, even at the frequencies at which breathing disturbance is of minor amplitude (above 1 Hz), SNRQ is also limited to values of
about 15 dB for the given measurement time. Moreover, SNRQ can be decreased further if, for example, a COPD patient is measured with a high
impedance and hence lower amplitude of the respiratory response. This will
be discussed in more detail in Chapter 7. For now we will focus on healthy
subjects with Zrs values discussed in section 4.3.1.
Out of the frequency range of breathing disturbances (above 1 Hz), SNRQ
could be increased by increasing the measurement time and/or lowering the
measurement noise by improving the hardware of the device. However, the
latter is out of the scope of this work and the measurement time will be fixed
to 9 consecutive periods (90 seconds) until Chapter 7. Hence, our main focus
will go to the impact of the breathing disturbance.
We can summarize that the limited measurement time does not allow for
spectral averaging to sufficiently decrease the contribution of the breathing
disturbance. As a consequence, SNRQ is too low for reliable estimates of
Zrs and Yrs at frequencies below 1 Hz, and the maximum likelihood estimator from (2.35) will contain an additional error term due to the breathing
disturbance as will be discussed in section 4.4.2.
To demonstrate these consequences on both the estimation error and estimation uncertainty, we consider the maximum likelihood estimators of Zrs ( jωk )
and Yrs ( jωk )
P̂ao,m (k)
ML
( jωk ) =
Ẑrs
(4.14)
Q̂ao,m (k)
ŶrsML ( jωk ) =
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Q̂ao,m (k)
P̂ao,m (k)

(4.15)
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and consider the estimation error and variance separately. One could also
consider the direct and indirect estimator as given in (2.37) and (2.38), however it can easily be shown that for the given measurement problem, the error
and variance on both estimators would not be improved.

4.4.2 Estimation error
Application of the DFT to the measured signals given in (4.5) and (4.6) yields
Pao,m (k) = Pao (k) + Pn (k)

(4.16)

Qao,m (k) = Qe (k) + Qb (k) + Qn (k)

(4.17)

with Qe (k) = Yrs ( jωk )Pao (k) and equivalently Pao (k) = Zrs ( jωk )Qe (k). To reduce
complexity, we can denote the total distortion on Qao,m (k) as
Q0b (k) = Qb (k) + Qn (k)

(4.18)

The maximum likelihood estimator of Zrs is then given by

ML
Ẑrs
( jωk ) =

=

P̂ao,m (k)
Q̂ao,m (k)

(4.19)

P̂ao (k) + P̂n (k)
Q̂e (k) + Q̂0b (k)

(4.20)

= Zrs ( jωk )

1 + P̂P̂n (k)
(k)
ao

1+

Q̂0b (k)
Q̂e (k)

(4.21)

and given that SNRP > 40 dB, we can assume that P̂n (k)/P̂ao (k)  1 such that we
can rewrite (4.21) as
ML
Ẑrs
( jωk ) ≈ Zrs ( jωk )

1
Q̂0 (k)

1 + Q̂b (k)

(4.22)

e

and under the same conditions, the respiratory admittance estimate is given
by
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ŶrsML ( jωk ) ≈ Yrs ( jωk )(1 +

Q̂0b (k)
)
Q̂e (k)

(4.23)

ML .
This illustrates that the error term Q̂0b (k)/Q̂e (k) appears on both ŶrsML and Ẑrs
However, it is important to note that the error term has a proportional conML . This causes for
tribution to ŶrsML while it appears in the denominator of Ẑrs
ML as shown below.
an additional error term on the variance calculation of Ẑrs

4.4.3 Variance
ML and Ŷ ML are given by
The variance estimates for Ẑrs
rs

2

ML
σ̂Ẑ2ML (k) = Ẑrs
( jωk ) (
rs

2

σ̂Ŷ2ML (k) = ŶrsML ( jωk ) (

σ̂P̂2

ao,m

(k)

P̂ao,m (k)

σ̂P̂2

ao,m

2

+

(k)

ao,m

Q̂ao,m (k)

σ̂Q̂2

ao,m



(k)
2

− 2Re 



(k)

− 2Re 

σ̂P̂2

ao,m Q̂ao,m

(k)



)
Q̂ao,m (k)P̂ao,m (k)
(4.24)
σ̂Q̂2

ao,m P̂ao,m

(k)



)
P̂ao,m (k)Q̂ao,m (k)
(4.25)
As shown in section 2.2, (4.24) and (4.25) are approximations of the true
variance using a first order restriction of the Taylor expansion in (2.20). The
Taylor expansion repeated here
rs

P̂ao,m (k)

2

+

σ̂Q̂2

Q̂ao,m (k)

2

1
= 1 − x + x2 + higher order terms
1+x

(4.26)

only converges if |x| < 1. Restriction to the first order terms is only valid
if |x|  1 which corresponds to a high SNRQ for (4.24) and SNRP for (4.25).
Since SNRP  1 and SNRP  SNRQ we know that (4.25) has a much lower
error than (4.24) since the Taylor expansion is dependent on SNRP for (4.25)
while it is dependent on SNRQ for (4.24). Hence, the confidence regions as
exemplified previously in (2.40) only give the correct confidence region for
estimates of Yrs .
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A first conclusion is that, even though less popular in literature, Yrs is a
more reliable figure of merit than Zrs for pressure controlled FOT measurements with highly uncertain flow measurements.
Secondly, it should be noted that the variance calculation of (4.24) and
(4.25) is insensitive to the systematic error caused by the breathing disturbance (section 4.4.2) since it only considers stochastic noise contributions.
Hence, an erroneous estimate with low variance can be obtained in the presence of breathing disturbances.

4.4.4 Results
To demonstrate the estimation error and variance, we use the simulation examples given in section 4.3. For each of the examples used for the simulation results in Figure 4.6, the sample mean and sample standard deviation
of Q̂ao,m are given together with the true response Qe . Additionally the real
ML are considered together with the true Y and Z . The
part of ŶrsML and Ẑrs
rs
rs
imaginary part is omitted as it provides similar conclusions as the real part.
The depicted error bounds on the real and imaginary parts correspond to the
estimated 95 % confidence bounds.
The results confirm the error analysis given throughout this section as
shown in Figure 4.8 to 4.10. For each of the examples an increased error and
variance is present at the first two excitation frequencies (0.1 Hz and 0.3 Hz).
For each of the examples, these excitation frequencies are in the frequency
range of the dominant harmonic of the breathing disturbance. As the amplitude spectra of the flow show for each of the subjects, the breathing disturbance strongly decreases SNRQ . Furthermore, the comparison between the
true respiratory response and Q̂ao,m shows that the true value of Qe is generally not obtained in the frequency range of breathing.
The real and imaginary part of Yrs and Zrs show that the estimated confidence regions increase to the level at which the estimation results lose any reliability. Also, it is shown in the first example (Figure 4.8c) that the estimated
confidence region can be incorrect since the true value for Zrs at the frequency
of the breathing disturbance does not fall within the estimated 95 % confidence bounds. This confirms that i) the uncertainty bounds are more reliable
ML when an SNR of less than 5 dB is obtained and ii) a
for ŶrsML than for Ẑrs
Q
systematic error can be introduced by the breathing disturbance which is not
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noticed by the variance calculation.

4.5 Conclusions
We have shown that directly applying the pressure controlled FOT device to
a breathing subject will not provide us with valuable measurements of Zrs or
Yrs . Especially at the lowest excitation frequencies (below 0.5 Hz), the breathing disturbances strongly jeopardize the measurements. This has been addressed regularly in the literature, however the actual impact of the breathing
disturbance on the measurement of Zrs below 5 Hz has rarely been discussed
in detail [11]. This chapter has shown the impact of the breathing disturbances on the measurements and the problems that need to be handled in
order to obtain low frequency measurements of Zrs .
As illustrated, additional efforts are required to obtain Zrs with a sufficiently high accuracy before any further application is possible. This will
be the goal for the main part of the remainder of this work. In chapter 5 a
set of post-processing techniques that focus on eliminating qb from the measured flow are discussed. Later, in chapter 6 we will introduce an adaptive
measurement technique which allows to obtain the required SNR on pressure
ML and Ŷ ML can
and flow. In that case, the maximum likelihood estimators Ẑrs
rs
be applied with decreased error and variance.
Finally, it has been shown that the uncertainty bounds corresponding to
ML in the case
ŶrsML have a higher reliability than the uncertainty bounds of Ẑrs
highly uncertain flow measurements are obtained. This will be used in chapter 7 and 8 when parametric estimates of the respiratory system are obtained
using ŶrsML . However, throughout chapter 5, the maximum likelihood estimator is replaced by an alternative estimation procedure and we will continue
to work with Zrs .
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(a) Amplitude spectrum of respiratory response. Black: true response Qe , blue full:
sample mean Q̂ao,m , blue dashed: standard deviation σ̂Q̂ao,m .
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(b) Respiratory admittance Yrs . Black: true Yrs , red: ŶrsML with 95 % confidence bounds.
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(c) Respiratory impedance Zrs . Black: true Zrs , red: Ẑrs

Figure 4.8: Estimation results for healthy subject 1.
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(a) Amplitude spectrum of respiratory response. Black: true response Qe , blue full:
sample mean Q̂ao,m , blue dashed: standard deviation σ̂Q̂ao,m .
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(b) Respiratory admittance Yrs . Black: true Yrs , red: ŶrsML with 95 % confidence bounds.
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Figure 4.9: Estimation results for healthy subject 2.
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sample mean Q̂ao,m , blue dashed: standard deviation σ̂Q̂ao,m .

Yrs [L · s−1 · hPa−1 ]

Real

1

0

−1

0.1

0.3

0.5

0.7

0.9 1.1 1.3
Frequency[Hz]

1.5

1.7

1.9

(b) Respiratory admittance Yrs . Black: true Yrs , red: ŶrsML with 95 % confidence bounds.
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Figure 4.10: Estimation results for healthy subject 3.
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5.1 Introduction
The presence of breathing disturbances jeopardizes the estimation of Zrs as
illustrated in chapter 4. In this chapter we will demonstrate two modeling techniques developed to eliminate the breathing disturbance from the
measured flow. These techniques are developed under the assumption that
the patient performs spontaneous breathing at his/her natural breathing frequency. No intervention is performed during the measurement to influence
the breathing pattern of the patient.
The general approach, common to both modeling techniques, is discussed
in section 5.2. The first modeling technique uses nonlinear models, i.e. models that are nonlinear in the parameters, to estimate the breathing and is discussed in section 5.3. Next, a second modeling technique is developed using regularized least squares in section 5.4. A comparison of both modeling
techniques is given in section 5.5. Finally, in section 5.6 we will draw some
conclusions on the modeling techniques of which the most important one can
be summarized as follows: Modeling techniques are an effective tool in eliminating breathing disturbances but it is not a solution that can handle any
breathing disturbance. Therefore, the adaptive method discussed in chapter
6 is preferred for use in clinical practice.
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5.2 Modeling process
5.2.1 Introduction
The total measured flow is given previously in (4.6). Since no noise model is
used, we will focus on the noiseless contribution of the measured flow given
by
qao (t) = qb (t) + qe (t)
(5.1)
The flow can be modeled using either frequency or time domain representations. In this work we will only focus on the latter since time domain
models have shown to provide increased insight when used to model breathing disturbances. This is due to common properties of breathing disturbances
such as smoothness over time, amplitude modulation and frequency/phase
modulation which would lead to models with strongly increased complexity
when modeled in the frequency domain [65].
Hence, (5.1) can be modeled using
qao (t, θao ) = qb (t, θb ) + qe (t, θe )

(5.2)

where qao (t, θao ), qb (t, θb ) and qe (t, θe ) represent the parametric models for
qao (t), qb (t) and qe (t) respectively and θb and θe are the parameter sets whose
concatenation gives θao as

θao =

θb
θe


(5.3)

The modeling techniques aim at finding estimates θ̂ao of θao leading to estimates of the flow contributions such that
q̂ao (t, θ̂ao ) = q̂b (t, θ̂b ) + q̂e (t, θ̂e )

(5.4)

The difference between both modeling techniques lies solely in the approach to model and estimate qb (t, θb ) since the model for qe (t, θe ) is invariant
for the techniques discussed in this chapter. To motivate this choice we will
take a closer look at qe and qb in section 5.2.2 and 5.2.3.
When the measurement noise qn (t) is taken into account, the residual error after application of the modeling techniques to the total measured flow
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qao,m (t) can be written as
eq (t, θ̂ao ) = qao,m (t) − q̂ao (t, θ̂ao )
= qn (t) + dq (t, θ̂ao )

(5.5)
(5.6)

with dq (t, θ̂ao ) the residual model errors. As will be shown in section 5.2.3, the
complexity of spontaneous breathing patterns makes it unfeasible to exclude
model errors. Nonetheless, it will be useful to have an idea of the variance of
qn (t) such that we know the minimal value of eq (t, θ̂ao ). This is elaborated in
section 5.2.4.
The modeling techniques will be applied to full data records at once. An
alternative is to segment the data in smaller subrecords, however this would
come at the cost of reduced frequency resolution which strongly jeopardizes
the modeling process. Since a single estimate q̂e (t, θ̂e ) is obtained by using the
full data record, spectral averaging techniques, required for the maximum
likelihood estimators of (4.14) and (4.15), can no longer be applied. Therefore, an alternative estimator is proposed in section 5.2.5 and an uncertainty
bound estimator is given in section 5.2.6.
Finally, in section 5.2.3, we will discuss a tool from [66] which is later used
to separately estimate the dominant breathing frequency fb .

5.2.2 Respiratory response qe
Under the assumption that the respiratory system is an LTI system as discussed in section 4.2, a straightforward model for qe can be obtained without
introducing model errors. In steady state, qe will be a multisine with the
same excited frequencies as pe defined in (3.8) since it is the response of an
LTI system to a multisine excitation.
To ease the estimation procedure, qe can be represented by a model which
is linear in the parameters using a sum of harmonically related sines and
cosines at the excited frequency lines with bin numbers gathered in the set
Ke
qe (t, θe ) =

∑ αk sin(2πk f0t) + βk cos(2πk f0t)

(5.7)

k∈Ke

This model is linear in the parameter vector θe with
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θe = [α1 , β1 , . . . αNexc , βNexc ]τ

(5.8)

and with Nexc the cardinality of Ke . If the respiratory system is an LTI system,
the model order of qe (t, θe ) is fixed since qe is not expected to contain power
at the non-excited frequency lines. In the case the respiratory system acts as
a nonlinear and/or time-varying system, (5.7) can be extended with the nonexcited frequency lines at which the contributions of nonlinear distortions
and/or time-variation would appear. This will be handled in chapter 8.

5.2.3 Breathing disturbance qb
The main difficulty in the modeling process is to find an appropriate model
structure qb (t, θb ) for the breathing disturbance. Not only does the flow pattern of spontaneous breathing vary over different subjects, it also varies over
time within one single measurement. Natural breathing frequencies fb as low
as 0.07 Hz have been observed while asthmatic patients can have an fb of over
0.5 Hz. Additionally, the amplitude and frequency of the breathing pattern
is never constant and can show a wide range of variability depending on the
subject.
To illustrate these properties, a set of spontaneous breathing measurements
is shown in Figure 5.1. For the sake of illustration, we do not show unprocessed measurements of full length. The measured signals with a length of
100 seconds have been filtered using a third order butterworth filter with cutoff frequency fc = 1.2 Hz and the segment between 60 and 80 seconds measurement time has been cut out of each measurement after filtering was applied.
The examples in Figure 5.1 motivate the following assumptions for the development of a model for qb :
• qb behaves quasi-periodically meaning that qb (t + Tb ) ≈ qb (t) with Tb =
1/ fb . This motivates the use of a model with a periodicity around the
natural breathing frequency fb ,
• qb shows a sinusoidal behavior for most measurements, hence sinusoidal basis functions are a valid choice to model qb ,
• qb shows both amplitude and frequency variation, hence any model
should be able to incorporate these variations.

88

5.2 Modeling process

1
[L · s−1 ]

[L · s−1 ]

1
0

−1

0

5

10
Time[s]

15

20

−1

0
0

5

10
Time[s]

15

20

[L · s−1 ]

[L · s−1 ]
0

5

10
Time[s]

15

20

15

20

0

5

10
Time[s]

15

20

0

5

10
Time[s]

15

20

0

5

10
Time[s]

15

20

0

−1
1
[L · s−1 ]

1
[L · s−1 ]

10
Time[s]

1

0

0

−1

5

0

−1

1

−1

0

1
[L · s−1 ]

[L · s−1 ]

1

−1

0

0

5

10
Time[s]

15

20

0

−1

Figure 5.1: Examples of breathing patterns qb for 8 healthy subjects.
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These assumptions are used in both modeling techniques discussed in section
5.3 and 5.4. However, from the measurements in Figure 5.1, we can conclude
that there is no such thing as a suitable model structure qb (t, θb ) that can fit
any spontaneous breathing pattern. Hence, the use of any particular model
structure qb (t, θb ) will introduce residual model errors.
Intermezzo: Grandke’s interpolation technique to determine fb
Throughout this work, estimates of the dominant breathing frequency fb are
required. fb needs to be estimated in the presence of spectral leakage of the
breathing and in the presence of respiratory response contributions on the
total flow. In general, the dominant breathing harmonic has the highest amplitude in the discrete spectrum which allows to use Grandke’s interpolation
technique [66]. This technique is summarized as follows:
Starting from a sampled data set x(nTs ) with n = 0 . . . N − 1 and having a
window length T , the leakage is suppressed by windowing the sampled data
with a hanning window as defined by

h(nTs ) = 0.5(1 − cos(

2πnTs
))
T

(5.9)

This gives the windowed signal
xw (nTs ) = x(nTs )h(nTs )

(5.10)

whose frequency domain representation is obtained using the DFT yielding
Xw (k) for frequency bin k = 0 . . . N − 1. When leakage is present, the spectral
energy is smeared out over all the neighboring frequency bins. Any particular
frequency below fs can then be noted as
fs
(5.11)
N
with lm ∈ N and 0 < ld < 1. A relative maximum in the discrete spectrum is
then located at either lm Nfs when ld < 0.5 or at (lm + 1) Nfs when ld > 0.5. As
elaborated in [66], ld can be determined as
fm = (lm + ld )

ld = (2ι − 1)/(ι + 1)
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Figure 5.2: Amplitude spectrum of measured flow for a measurement of breathing Qb alone.
The noise contribution acts as white noise outside the frequency band of interest. An
estimate σ̂q of the noise (red) on the flow measurement (gray) can be obtained by
using the flow measurements above 1 Hz.

ι = |Xw (lm + 1)/Xw (lm )|

(5.13)

Hence the fundamental frequency fm can be obtained by inserting (5.12) in
(5.11).

5.2.4 Noise contribution qn
We assume qn (t) to be normally distributed white noise, defined by its standard deviation σq with qn (t) ∼ N(0, σq ). This noise contribution is caused
by quantization noise of the sensors as well as turbulence generated within
the device. Since the feedback control of the device reacts to the breathing
disturbance of the patient, the generated turbulence can differ for each measurement. Hence, each measurement can contain a different noise variance
σq2 . To obtain an estimate σ̂q , we will use the noise level out of the band of the
breathing disturbances, generally above 1 Hz. An example is given for a noisy
breathing measurement in Figure 5.2. σ̂q is estimated using the noise level
√
above 1 Hz and the DFT of an estimated noise realization, given by σ̂q / N
with N the number of samples, is added for comparison. In the case measurements in the presence of respiratory response are used, the excited frequency
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lines have to be omitted for the estimation of σ̂q .

5.2.5 Estimator of Zrs and Yrs
The estimation of the flow contributions as defined in (5.4) will be applied
to the full measurement record at once. This corresponds to M periods, each
consisting of Ns samples acquired at a sample frequency fs . Hence, the frequency resolution after the DFT increases from fs /Ns when applied to one
period to fs /(MNs ) when applied to the full data record. The DFT of (5.4)
using the full measurement record is noted as
Q̂ao (k, θ̂ao ) = Q̂b (k, θ̂b ) + Q̂e (k, θ̂e )

(5.14)

The approach to the pressure input can remain the same as before since
the spectral averaging techniques discussed in section 2.2 can still be applied
to obtain the sample mean P̂ao,m and sample variance σ̂P̂2 . Since P̂ao,m is obao,m

tained using (2.28)1 , it has a frequency resolution of fs /Ns while Q̂ao (θ̂ao ), Q̂b (θ̂b )
and Q̂e (θ̂e ) have a frequency resolution of fs /(MNs ) since they are obtained
over the full data record. Therefore, some caution is required when estimating Zrs and Yrs .
The following estimation results are obtained
Ẑrs ( jωk , θ̂e ) =

P̂ao,m (k)
Q̂e (Mk, θ̂e )

(5.15)

Ŷrs ( jωk , θ̂e ) =

Q̂e (Mk, θ̂e )
P̂ao,m (k)

(5.16)

with P̂ao,m (k) the sample mean over the consecutive periods as defined in section 4.4. The argument Mk ensures that numerator and denominator are evaluated at the same angular frequency ωk .
Since Q̂e (Mk, θ̂e ) is the DFT of the estimate q̂e (t, θ̂e ) of the full measurement
record, the spectral averaging techniques discussed in section 2.2 cannot be
applied to obtain the sample (co)variances given in (2.30) and (2.32). Therefore, an alternative method to estimate uncertainty bounds is developed in
section 5.2.6.
1 Note

that (2.28) is equivalent to computing the DFT of the full measurement record at once
and evaluating only the bins which are multiples of M.
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5.2.6 Uncertainty bounds
In order to evaluate the results of the modeling techniques, uncertainty bounds
on the estimates of Qe and Zrs are required. A variance estimate σ̂Q̂2 (Mk, θ̂e )
e

on the estimated Q̂e (Mk, θ̂e ) is required to obtain variance estimates σ̂Ẑ2 (k, θ̂e )
rs

and σ̂Ŷ2 (k, θ̂e ).
rs
First we discuss the method used and next we discuss its application to our
case.
Method to determine uncertainty bounds

The main idea of the method is to approximate the uncertainty at the excited frequencies by using neighboring unexcited frequency lines [67] which
appear when multiple periods are measured.
The method goes as follows: When M periods of a multisine are measured,
the resolution of the DFT increases with a factor M. As a consequence M − 1
additional frequency lines appear between each pair of consecutive excited
frequencies. Given that X(k) is the DFT value at the excited frequency bin k
after applying the DFT to a time domain signal x(t), we have the row vector
Xn (k) = [X(k − n) X(k − n + 1) . . . X(k − 1) X(k + 1) . . . X(k + n)]

(5.17)

where n determines the width of the band considered around each excited
frequency bin. If a full multisine is used, n has to be smaller than (M − 1)/2
to prevent Xn from including the neighboring excited frequency bins.
An estimate of the variance of X at the excited frequency lines can then be
obtained as
σ̂X2 (k) =

1
Xn (k)XnH (k)
do f

(5.18)

with superscript H the hermitian transpose and do f the number of the degrees of freedom given by do f = 2n.
The use of (5.18) as variance estimate thus makes the assumption that
residual model errors and noise on neighboring frequency lines are an approximation of the model errors and noise at the excited frequency lines.
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Application of uncertainty bounds to respiratory system
measurements
To use the method for our case we need to apply (5.17) and (5.18) to the
residuals available after applying the modeling techniques. Since we have no
access to Qb (k) and Qe (k) we use the residual error on the total measured flow
defined as
EQ (k, θ̂ao ) = Qao,m (k) − Q̂ao (k, θ̂ao )
(5.19)
Applying (5.17) to (5.19) gives EQ,n (k, θ̂ao ) which is used to obtain a variance estimate for Q̂e (k, θ̂e ) as
1
H
EQ,n (k, θ̂ao )EQ,n
(k, θ̂ao )
(5.20)
do f
Since the non-excited frequency lines only contain breathing contributions,
the residual errors of the breathing estimate around the excited frequency
lines are used for (5.20). Hence, an underestimation of the uncertainty is
made when the residual error on the breathing estimate is higher at the excited frequency lines than the neighboring lines. In that case, a systematic
error remains present which is not noticed by the variance calculation from
(5.20). This is the major pitfall of this approach as will be demonstrated in the
measurement examples. As shown in [68], do f needs to be compensated with
the relative number of parameters used. For the presented method this would
correspond to 2n(1 − nθ /(MNs )) with nθ the number of parameters used in the
estimation. However, since nθ /(MNs )  1, this compensation is omitted.
In order to obtain estimates for σ̂Ẑ2 (k, θ̂e ) and σ̂Ŷ2 (k, θ̂e ) we also need the
rs
rs
variance on the pressure and the covariance between pressure and flow. Since
no modeling will be applied to the pressure excitation signal, there is no
residual error to be considered. Therefore we will use the DFT of the measured pressure Pao,m (k) to which we can apply (5.17) to obtain
σ̂Q̂2 (k) =
e

σ̂P2ao,m (k) =

1
Pn (k)PnH (k)
do f

(5.21)

with Pn (k) constructed by applying (5.17) to Pao,m (k). Note that a sample mean
and variance of Pao,m (k) are readily available since spectral averaging over the
consecutive periods of the pressure excitation can still be applied. However,
since Pao,m (k) has a sufficiently high SNR, the use of σ̂P̂2 (k) as defined in
ao,m

(2.30) can be interchanged with (5.21) without introducing a notable error.
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The estimated covariance between pressure and flow is given by
σ̂P2

(k) =

1
H
Pn (k)EQ,n
(k)
do f

(5.22)

σ̂Q̂2

(k) =

1
EQ,n (k)PnH (k)
do f

(5.23)

ao,m Q̂e

e Pao,m

The variance estimates on (5.15) and (5.16) after applying one of the modeling techniques are then defined as

2

σ̂Ẑ2 (k, θ̂e ) = Ẑrs ( jωk , θ̂e ) (
rs

2

σ̂Ŷ2 (k, θ̂e ) = Ŷrs ( jωk , θ̂e ) (

σ̂P2ao,m (k)
2

P̂ao,m (k)

σ̂P2ao,m (k)

+

σ̂Q̂2 (k, θ̂e )
e

2

Q̂e (k, θ̂e )

e

−2Re 


−2Re 

σ̂P2

(k, θ̂e )

σ̂Q̂2

(k, θ̂e )

ao,m Q̂e



)
Q̂e (k, θ̂e )P̂ao,m (k)
(5.24)

e Pao,m



)
P̂ao,m (k)Q̂e (k, θ̂e )
(5.25)
with P̂ao,m (k) the sample mean over the consecutive periods as used in section
4.4.
Given (5.24) and (5.25), uncertainty bounds on the real and imaginary part
of Ẑrs ( jωk , θ̂e ) and Ŷrs ( jωk , θ̂e ) are obtained as discussed in section 2.2.
It should be noted that this uncertainty bound estimator serves as an alternative to the spectral averaging techniques from section 2.2 but can have
similar pitfalls as the ones discussed in the error analysis of section 4.4, i.e. a
breathing disturbance can cause a systematic error on the estimate of Ẑrs that
is not detected by the variance calculation of (5.24).
rs

P̂ao,m (k)

2

+

σ̂Q̂2 (k, θ̂e )



Q̂e (k, θ̂e )

2

5.3 Nonlinear modeling technique
In this section we discuss the first modeling technique which is based on a
nonlinear model for qb . A nonlinear model refers to a model which is nonlinear in the parameters and thus an iterative optimization method is needed to
estimate the model parameters.
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After first introducing the model, the estimation procedure required to
find an optimal set of parameters is elaborated. Next, we will discuss how
to select an optimal model order and give a summary of the algorithm of the
total estimation procedure. Finally, the nonlinear model is applied to a set of
measurements.

5.3.1 Model of qb
A quasi-periodic model including amplitude and phase modulation is proposed for qb :
H

qb (t, θb ) =

∑ Ah (t) cos(hφ (t)) + AH+h (t) sin(hφ (t))

(5.26)

h=1

This model consists of a sum of H harmonically related sines and cosines
with a varying phase φ (t) to handle phase modulation and varying amplitude polynomials Ah (t) to handle amplitude modulation. It is an extension of
the model presented in [69] which was developed to suppress harmonic disturbances with unknown varying frequencies in operational modal analysis.
The main difference between (5.26) and the model presented in [69] is the
presence of amplitude modulation required to capture amplitude variation
of the breathing.
The phase
!
L
2πlt
2πlt
) + BL+l sin(
)
(5.27)
φ (t) = 2π fb t + ∑ Bl cos(
T
T
l=1
is written as the sum of a fixed frequency contribution 2π fbt with fb the natural breathing frequency defined previously, and a sum of L harmonically
related sines and cosines with fundamental frequency 1/T with T the length
of the total data record. Note that the phase modulation φ (t) is the same for
each of the harmonics of (5.26). Other basis functions such as splines could
be used for the phase modulation. As will be shown later on, sinusoidal basis functions have the advantage that they allow to easily generate starting
values for Bl and BL+l using the DFT of (5.27) [69].
The instantaneous frequency of the fundamental breathing harmonic is
given by
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f (t) =

L
1 dφ (t)
2πlt
2πlt
2πl
= fb (1 + ∑
(−Bl sin(
) + BL+l cos(
)))
2π dt
T
T
T
l=1

This shows that the phase harmonics can be used to model the frequency
variations of the spontaneous breathing around the natural breathing frequency fb .
The amplitudes of the sine waves in (5.26) are modeled as polynomials
of order P to cope with changing breathing amplitudes during the measurement:
Ah (t) = Ah,0 + Ah,1t + Ah,2t 2 . . . + Ah,I t P

h = 1 . . . 2H

(5.28)

and the model parameters are collected in the vector
θb = [A0,0 , . . . A0,P , . . . A2H,0 , . . . A2H,P , B1 , . . . B2L , fb ]τ

(5.29)

which contains (2H + 1)(P + 1) + 2L + 1 parameters. Note that additionally to
the coefficients of amplitude and phase modulation, fb is also considered as
part of the parameter set and will be estimated together with Ai and Bi during
the iterative optimization.

5.3.2 Nonlinear Least squares estimation
θao is estimated by minimizing the least squares cost function
θ̂ao = arg min V (θao )

(5.30)

θao

V (θao ) =

1 N
∑ (qao,m (nTs ) − qao (nTs , θao ))2
N n=1

(5.31)

with N the number of samples of the measured air flow qao (t). (5.30) is a nonlinear least squares problem since qao (nTs , θao ) contains the nonlinear breathing model (5.2). Since (5.2) is nonlinear in the parameters, an iterative search
algorithm will be required to find optimal values for θb . The basic steps in
this search routine are:
• Select a set of starting values for the parameters
• Improve the parameter set in an iterative procedure
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Figure 5.3: In the presence of local minima of a cost function V (θ ), badly chosen starting values
θstart can lead to an estimation result θ̂ far away from the true parameters θ0 .

• Verify a stop criterion
An additional degree of freedom is the selection of the model order given by
H, L and P which will be discussed in section 5.3.3. First, the steps of the
search routine are discussed one by one.
Starting values
A careful selection of starting values is mandatory to avoid the iterative search
routine to get stuck in local minima yielding poor estimates for θ̂ao and hence
its subsets θ̂e and θ̂b (Figure 5.3). Starting values for θb are obtained using the non-parametric estimation of the harmonic signal model parameters
from [69]. However, the estimation is applied to qao,m (t) since in general no
separate measurement of qb (t) is available. To reduce notation complexity,
we will note qao (t, θb ) and its DFT as q(t, θb ) and Q(k, θb ) respectively. The
estimation of the linear parameters Ai is independent of the starting values,
hence no starting values are required for Ai . A starting value for fb is obtained using Grandke’s interpolation technique (section 5.2.3) and starting
values for the phase coefficients Bi are obtained as follows.

Starting values for phase coefficients Bi
The spectrum Q(k, θb ) consists of H separate peaks at the positive frequencies. In general, the DFT spectrum of the measured flow contains its largest
peak at the first breathing harmonic. This peak is selected by multiplying the
measured Q(k) with a rectangular window W1 (k) that is equal to 1 around the
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peak and 0 elsewhere. The width of this window is chosen to correspond to 2
frequency bins at each side of the bin that corresponds to the first breathing
harmonic.
This peak can then be transformed to the time domain
q̂1 (t) = IDFT(Q(k)W1 (k))

(5.32)

which gives an estimate of the analytical signal corresponding to the first
signal harmonic in (5.26)
1
q1 (t) = (A1 − jAH+1 )e jφ (t)
(5.33)
2
q̂1 (t) is then demodulated with the frequency f1 that corresponds to the
frequency of the peak
z1 (t) = e− j2π f1 t q̂1 (t)

(5.34)

Note that f1 is an estimate of the natural breathing frequency fb , however
since no interpolation between the DFT bins is applied, it is less accurate than
the estimate using Grandke’s interpolation method. Furthermore, the phase
of q̂1 (t) is an estimate of φ (t). Dividing the phase of z1 (t) by 2π f1 gives

ψ(t) =

∠z1 (t) φ (t) − 2π f1t
φ (t)
=
=
−t
2π f1
2π f1
2π f1

t = 0, Ts, . . . (N − 1)Ts

(5.35)

which gives a nonparametric estimate of the phase harmonics of φ (t)
L

∑ Bl cos(
l=1

2πlt
2πlt
) + BL+l sin(
)
T
T

(5.36)

Taking the DFT of one term of the sum in (5.36) gives
2πlt
DFT(Bl cos( 2πlt
T ) + BL+l sin( T )) =

N
2 (Bl − jBL+l )δ (k − l)
+ N2 (Bl + jBL+l )δ (k − N + l)

(5.37)

with δ (n) the Kronecker delta (δ (n) = 1 for n = 0 and zero elsewhere). The
first L spectral lines (DC excluded) of the DFT spectrum Ψ(k) of ψ(t) can then
be used to obtain non-parametric estimates of the coefficients Bl and BL+l
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B̂l =

2
Re(Ψ(l))
N

2
B̂L+l = − Im(Ψ(l))
N

l = 1...N

(5.38)

Iterative search routine
Minimization of (5.31) requires for an iterative search routine. To ensure
convergence, the Levenberg-Marquardt algorithm (LMA) is used to minimize
(5.31) [70,71]. The LMA can be considered as a combination of the commonly
known Gauss-Newton method and the gradient method. Just like the GaussNewton method it uses an approximation of the second derivatives of (5.31)
without requiring their direct calculation. This is done by using the quadratic
nature of the cost function and the Jacobian matrix J which is defined as
J[n,r] =

∂ qao (nTs , θqao )
∂ θqao ,r

(5.39)

for the nth time sample and the rth parameter of θqao . The convergence of the
algorithm depends on the condition number of J. To improve the conditioning of J, the polynomial basis functions of (5.28) are replaced by Legendre
polynomials. Additionally, it should be taken into account that an increased
model order for (5.26) deteriorates the conditioning of J. The structure of the
LMA goes as follows:
(0)

1. Initiation (i = 0): Select a set of starting values θao and choose a large
initial step κ (0)
(i)

2. Calculate J (i) using θao

3. Calculate the updated parameter vector
(i+1)

θao

(i)

= θao + δ (i)

with

(i)

δ (i) = (J (i)τ J (i) + κ (i) Inθao )−1 J (i)τ (qao (t) − qao (t, θao ))
(i+1)

4. Does this decrease (5.31), V (θao
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(i)

) ≤ V (θao )?
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a) Yes: decrease κ: κ (i+1) < κ (i)2 and go to Step 5
b) No: increase κ : κ (i+1) > κ (i) and go to Step 3
5. Repeat step 2-4 until the stop criterion specified below is met
Stop criterion
The estimate of the noise contribution q̂n (t) ∼ N(0, σ̂q ) introduced in section
5.2.4 is used to formulate a stop criterion. The expected value for the cost
function given in (5.31) has a minimal value of
Vmin =

1 N 2
∑ q̂n (nTs ) = σ̂q2
N n=1

(5.40)

Due to the presence of the model errors dq (t, θ̂ao ), the desired value given in
(5.40) will generally not be obtained. Therefore, the LMA is stopped when
the cost function no longer decreases significantly. We have chosen to define
a significant decrease as
(i+1)

∆V = |V (θao

) −V (θao )| > Vmin /108
(i)

(5.41)

5.3.3 Model order selection
While the model order of qe (t, θe ) is fixed under the assumption that the respiratory system is an LTI system, the model order of qb (t, θ̂b ) noted as nθb
needs to be manually selected for each measurement record. The number of
harmonics H can be chosen from a visual inspection of the DFT of qao,m (t).
However, the number of amplitude and frequency components given by respectively P and L are more ambiguous to define. The approach applied here
is to gradually increase both P and L starting from, for example, P = 0 and
L = 0. When the model order is increased, the parameters corresponding to
the minimal cost function of the previous model order can be used as starting values for the estimation with increased model order to speed up the
estimation process. The disadvantage of this method is that the estimator
can get stuck in a local minimum which is maintained when a model order
is increased. Alternatively one could generate new starting values for each
2 Note

that κ cannot become negative.
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model order. In that way, a local minimum from a previous model order is
not maintained. This second option is the one that we will apply throughout
this work..
It should be noted that an increased model order strongly increases the
amount of local minima and deteriorates the conditioning of the jacobian
of the LMA defined in (5.39). This leads to slower convergence and possibly
poor estimates for θ̂ao and hence θ̂e and θ̂b . Additionally, we need to avoid potential overfitting of the breathing model to avoid the variance of the breathing model to get significantly larger than the bias. Therefore, a criterion is
required to detect when the model order no longer needs to be increased.
We have chosen to apply the MDL criterium which allows to penalize an
increased model order. The MDL cost function is given by
VMDL = VML (1 +

nθao
ln(2Ne f f ))
Ne f f

(5.42)

with nθao the number of parameters of the model in (5.2) and Ne f f the number
of effective data points. Ne f f will differ from the total number of samples
MNs since the model estimation using (5.31) is converted to the frequency
domain to target the data below 2 Hz. This allows the iterative search routine
from section 5.3 to perform the parameter updates based on the fit of the
low frequency data only. In comparison to the total number of samples given
by MNs this strongly reduces the number of data samples considered which
also leads to a lower computational cost. For the measurement settings used
here, i.e. 9 periods of 1024 samples each with fs = 102.4 Hz, a reduction of
approximately 98 % (from 9216 samples to 180 samples) is obtained when
only the data below 2 Hz is considered.
An example is given to demonstrate the use of the MDL criterion to obtain
an optimal model order. A simulation is developed using a simulated response qe (t) and a simulated breathing pattern qb (t) using the model given in
(5.26) with order H = 3, M = 3, L = 3, and adding normally distributed noise
with variance σ̂q . In that way, the correct model order of the data is known.
VML and VMDL in function of the model order nθb of qb (t, θ̂b ) are shown in Figure 5.4. The model order is increased by increasing P and L in an alternating
fashion. As illustrated, the MDL criterion reaches its minimum at the correct
model order given by nθb = (2H + 1)(P + 1) + 2L + 1 = 35.
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Figure 5.4: The normalized maximum likelihood cost function
criterium
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(right). The MDL criterion is
VML
Vmin

minimal at the correct model order of nθb = 35 while
decreases below a value of
1 which indicates that the model starts following the noise.

5.3.4 Summary of the algorithm
The algorithm to obtain estimates of Zrs using the nonlinear modeling technique is summarized as follows:
1. Choose an initial model order for qb (t, θb ) given in (5.26).
2. Perform a nonlinear least squares estimation to obtain q̂ao (t, θ̂ao ) (5.4)
by minimizing V (θao ) (5.31).
3. Increase the model order and repeat step 2 until an optimal model order
is obtained using the MDL criterium in (5.42).
4. For the optimal model order, extract q̂e (t, θ̂e ) from the estimated q̂ao (t, θ̂ao )
to obtain estimates for Zrs (5.15).
5. Obtain uncertainty bounds on Q̂e and Ẑrs using (5.20) and (5.24).
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5.3.5 Results
The method is first applied to simulations and later to real-life measurements. Application to the measurements has the disadvantage that the true
Zrs is unknown and that assumptions 1 to 2 (section 4.1) can be violated. We
will discuss two examples for simulations and two examples for the measurements. Frequency overlap between Qb and Qe is present for each of the examples which causes the maximum likelihood estimator given in 4.14 to provide
estimates of Zrs with high error and variance. For each of the examples given
here, the following questions need to be answered:
1. Is the breathing model able to capture the amplitude and frequency
variation of the breathing contribution?
2. Can an estimate Q̂e (k, θ̂e ) be obtained with a sufficiently high SNRQ̂ =
Q̂e /σ̂Q̂e , i.e. more than 10 dB, with σ̂Q̂e given in (5.20)?
3. Does a high SNRQ̂ lead to an estimate Ẑrs with low error and uncertainty?
4. Are assumptions 1 and 2 valid for the measurements?
To illustrate the added value of the modeling technique, the estimation results using the nonlinear modeling technique are compared to the results of
the spectral averaging techniques from section 2.2 together with the maximum likelihood estimator for Zrs given in (4.14). The estimated respiratory
response Q̂e and its standard deviation σ̂Q̂e as given in (5.20) are shown together with the estimation result we obtain if the spectral averaging techniques from section 2.2 are applied to the measurement data Qao,m . The corresponding mean and standard deviation are denoted as Q̂ao,m and σ̂Q̂ao,m as
defined previously in section 4.4. Similarly, the maximum likelihood estimaML with its standard deviation σ̂
tor Ẑrs
ML given in (4.24) are shown together
Ẑrs
with the estimation results of the modeling technique.
For the sake of illustration, the impedance estimations are complemented
with the frequency range of the dominant harmonic of the breathing disturbance. This range is defined by the minimal and maximal breathing frequencies [ fb,min , fb,max ] obtained by applying Grandke’s estimation to segments of
10 seconds.
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5.3.5.1 Simulations
Simulations are built up as discussed in section 4.3 using breathing measurements qb,m of healthy subjects. First a result is shown for which the nonlinear
modeling technique provides a strongly improved estimate Ẑrs compared to
the maximum likelihood estimator. Next an example is shown for which the
nonlinear modeling technique is not able to extract the underlying respiratory response and hence cannot provide a valuable estimate Ẑrs .
Example 1
The nonlinear modeling technique is applied and the MDL criterion provides
an optimal model order for the breathing contribution given by H = 3, L = 2
and P = 2. To demonstrate the ability of the modeling technique to handle the variation of the breathing disturbance, the estimated breathing q̂b together with the true breathing contribution qb,m are shown in Figure 5.5. The
true qb,m is used in the simulations but, for the sake of illustration, a filtered
version of qb,m (3rd order butterworth with cut-off fc = 1.2 Hz to filter noise
contributions at higher frequencies) is used in Figure 5.5. Additionally, the
amplitude spectrum of the total flow estimation Q̂ao is shown together with
the simulated total flow Qao,m in Figure 5.6. As can be seen from the estimation around 0.3 and 0.6 Hz, the spectral leakage caused by the frequency
variation of the breathing is captured by the estimator.
The true response Qe is shown in Figure 5.7 together with the estimation
results using spectral averaging and using the nonlinear modeling technique,
both with their standard deviations. It shows that the nonlinear modeling
technique is able to extract Q̂e with an SNRQ̂ of more than 10 dB and a small
error. Consequently, Zrs is estimated with low uncertainty and a low error as
shown in Figure 5.8. This illustrates that the nonlinear modeling technique is
able to estimate Zrs with a low uncertainty and low error, while the maximum
likelihood estimator provides biased estimates with high uncertainty.
Example 2
A counterexample is given to demonstrate that the nonlinear modeling technique is limited in its ability to handle measurements in the presence of
breathing with frequency overlap, and high amplitude and frequency variation. For this example, the optimal model order for the breathing contribution using the MDL criterion is given by H = 3, L = 5, and P = 5.
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As the breathing contribution qb shows (Figure 5.9), both the amplitude
and frequency strongly vary throughout the measurement and the estimated
q̂b is not able to capture all of these variations. The dominant contribution of
the breathing disturbance is captured as shown in Figure 5.10 but the residuals are strongly increased in comparison to example 1. This figure also shows
that the breathing realization has a strong frequency overlap with the respiratory response at 0.1 Hz and 0.3 Hz.
As shown in Figure 5.11, Q̂e deviates from the true Qe , indicating that a systematic error caused by the breathing disturbance is still present. This systematic error can also be observed in the estimate of Zrs (Figure 5.12) where
the true Zrs falls out of the estimated uncertainty bounds of the nonlinear
modeling technique at 0.1 Hz and 0.3 Hz.
As this example shows, the nonlinear modeling technique is not able to
remove residual modeling errors that cause a systematic error on both Q̂e
and Ẑrs when i) the breathing disturbance is overlapping with the respiratory
response and ii) the amplitude and frequency variations of the breathing disturbance cannot be handled by the nonlinear model.
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Figure 5.5: Filtered breathing contribution qb (black) and estimated breathing q̂b (blue) for simulation example 1. The nonlinear model is able to capture the amplitude modulation
and phase modulation of the breathing disturbance.
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Figure 5.6: Amplitude spectrum of total flow measurement Qao,m (red), estimated total flow Q̂ao
(blue) and residual Qao,m − Q̂ao (black dashed) for simulation example 1. Highlighted
areas show the ability of the modeling technique to capture the dominant contributions of the breathing disturbance.
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Figure 5.7: Amplitude spectrum of true respiratory response Qe (black) with estimated Q̂ao,m
(red) and σ̂Q̂ao,m (red dashed) using spectral averaging and estimated Q̂e (blue) and
σ̂Q̂e (blue dashed) using nonlinear modeling for simulation example 1. The nonlinear modeling technique provides a strongly decreased variance in comparison with
the spectral averaging techniques. Specifically at 0.1 Hz and 0.3 Hz, the SNR obtained
with the spectral averaging techniques barely exceeds 0 dB while the nonlinear modeling technique obtains an SNR of more than 10 dB.
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Figure 5.8: True respiratory impedance (black), estimated Ẑrs
the maximum likelihood estimator (red), and estimated Ẑrs with 95 % uncertainty
bound when the nonlinear modeling technique is applied (blue) to simulation example 1. The gray shaded area indicates the frequency range of the breathing disturbance. The nonlinear modeling technique provides estimates Ẑrs with low uncertainty bounds that fit the true Zrs while the maximum likelihood estimator has
strongly increased uncertainty bounds and deviates from the true Zrs .
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Figure 5.9: Filtered breathing contribution qb (black) and estimated breathing q̂b (blue) for simulation example 2. The high variability in both amplitude and phase cannot be captured by the nonlinear modeling technique. On the other hand, high variability is
created by the model as highlighted in red which indicates the risk on overfitting.
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Figure 5.10: Amplitude spectrum of total flow measurement Qao,m (red), estimated total flow
Q̂ao (blue) and residual Qao,m − Q̂ao (black dashed) for simulation example 2. The
dominant contributions of the breathing disturbance are captured but the residual
errors are strongly increased in comparison to simulation example 1. The breathing
disturbance dominates the total flow measurement at 0.1 Hz and 0.3 Hz.
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Figure 5.11: Amplitude spectrum of true respiratory response Qe (black) with estimated Q̂ao,m
(red) and σ̂Q̂ao,m (red dashed) using spectral averaging and estimated Q̂e (blue) and
σ̂Q̂e (blue dashed) using nonlinear modeling for simulation example 2. The nonlinear modeling technique is not able to fit the underlying Qe nor to obtain sufficiently
high SNR.
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Figure 5.12: True respiratory impedance (black), estimated Ẑrs
the maximum likelihood estimator (red), and estimated Ẑrs with 95 % uncertainty
bound when the nonlinear modeling technique is applied (blue) to simulation example 2. The gray shaded area indicates the frequency range of the breathing disturbance. Due to the systematic error on Q̂e , caused by the breathing disturbance,
the true Zrs falls out of the 95 % uncertainty bounds of Ẑrs at 0.1 Hz and 0.3 Hz.
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5.3.5.2 Measurements
The simulation results in the previous section have shown that the nonlinear
modeling technique is able to estimate Zrs with a low error and low uncertainty if the breathing contribution can be modeled by the nonlinear breathing model and if the frequency overlap between Qe and Qb is limited. When
the method is tested on real life measurements, the true Zrs is unknown,
hence the error cannot be quantified. To verify the estimation results we will
compare the results with a reference value for Zrs . For this reference value we
use the constant phase model from section 4.3.1.1 for which the parameters
of Zrs are given in Table 4.2. An estimation result is considered reliable if
a low uncertainty is obtained and the deviation from the reference values is
below 5 hPa·s · L−1 for Rrs and Xrs .
Moreover, assumptions 1 and 2 from section 4.1 were satisfied in the simulations while they might be violated for the real-life measurements which
can introduce additional model errors that are not captured by the nonlinear
modeling technique.
First, an example is given where the nonlinear modeling technique yields
a reliable estimate of Zrs . Next, a counterexample is given to show that the
presence of time-variation and frequency overlap can lead to unreliable estimates of Zrs .
Example 1
The MDL criterion provides an optimal order for the breathing model given
by H = 3, L = 2, and P = 2. Since qb cannot be measured separately, the estimated breathing model is shown together with the filtered measured air
flow in Figure 5.13. As illustrated, the breathing model fits the dominant
pattern of the total measured flow, including the variation in amplitude and
frequency. This result is confirmed in the amplitude spectra shown in Figure
5.14. The spectra around 0.2 and 0.4 Hz are highlighted to emphasize how
the estimator captures the spectral leakage caused by the frequency variation
of the breathing. Consequently the estimated response can be extracted with
low uncertainty (Figure 5.15) leading to reliable estimates Ẑrs approximating
the reference values given in section 4.3.1 as shown in Figure 5.16.
For this specific example, assumptions 1 and 2 seem to hold since the modeling technique is able to extract Qe in the presence of breathing. The only
deviation occurs at 0.1 Hz where the imaginary part of Ẑrs deviates more than
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5 hPa·s · L−1 from the reference value. This can be due to spectral leakage
of the breathing disturbance, time-varying contributions or a combination
thereof.
Example 2
We demonstrate the method on the measurement example discussed previously in section 4.1 to illustrate the shortcomings of the nonlinear modeling
technique in the presence of high spectral overlap between Qb and Qe and
possibly time-varying behavior of Zrs . For this case, an optimal model order
of the breathing model of H = 3, L = 7 and P = 7 was obtained using the MDL
criterion. As shown in Figure 5.17, the breathing model provides a good fit of
the dominant pattern of the total measured flow. This is confirmed with the
flow amplitude spectra shown in Figure 5.18. Nonetheless, the breathing disturbance shows strong overlap with the respiratory response at 0.3 Hz which
will cause systematic errors on the estimate of Q̂e and Ẑrs . Moreover, the absence of a contribution of Qe above the noise level at 0.1 Hz illustrates that
an additional cause of disturbance can be present, for example time-varying
contributions which attenuate Qe at 0.1 Hz (see chapter 8). In the presence of
time-varying behavior of the respiratory system, time-varying contributions
can disturb the respiratory response as discussed previously in section 4.1
(Figure 4.2). This additional disturbance will be considered in more detail in
chapter 8.
Figure 5.19 shows that the absence of a contribution at 0.1 Hz causes a negative SNRQ̂ which makes the estimate of Zrs at 0.1 Hz useless as shown in
Figure 5.20. Furthermore, the estimated Q̂e (Figure 5.19) at 0.3 Hz and 0.5 Hz
are obtained with an SNRQ̂ of more than 10 dB but the estimation of Zrs at
these frequencies strongly deviates from the reference values from literature
(Figure 5.20). This deviation is again caused by remaining systematic errors
on Q̂e due to the strong frequency overlap with the breathing disturbance at
0.3 Hz and 0.5 Hz. As a result, the estimation result for Zrs are unreliable at
frequencies below 0.7 Hz.
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Figure 5.13: Filtered air flow qao,m (black) and estimated breathing q̂b (blue) for measurement
example 1. q̂b captures the dominant pattern of the total air flow qao,m caused by qb .
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Figure 5.14: Amplitude spectrum of total flow measurement Qao,m (red), estimated total flow Q̂ao
(blue) and residual Qao,m − Q̂ao (black dashed) for measurement example 1. Highlighted areas show the ability of the modeling technique to capture the dominant
contributions of the breathing disturbance. The breathing disturbance overlaps
with the respiratory response at 0.1 Hz
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Figure 5.15: Amplitude spectrum of estimated Q̂ao,m (red) and σ̂Q̂ao,m (red dashed) using spectral
averaging and estimated Q̂e (blue) and σ̂Q̂e (blue dashed) using nonlinear modeling
for measurement example 1. While a negative SNR is observed at 0.1 Hz for Q̂ao,m ,
the nonlinear modeling technique provides Q̂e with an SNR of more than 10 dB at
0.1 Hz.
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Figure 5.16: Estimated Ẑrs
(red) and estimated Ẑrs with 95 % uncertainty bound when the nonlinear modeling
technique is applied (blue) for measurement example 1. A reference Zrs is added for
comparison (black) and the gray shaded area indicates the frequency range of the
ML deviates from the reference values at 0.1 Hz while the
breathing disturbance. Ẑrs
nonlinear modeling technique provides an estimate Ẑrs approximating the reference
values with a low uncertainty.
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Figure 5.17: Filtered air flow qao,m (black) and estimated breathing q̂b (blue) for measurement
example 2. The dominant pattern of qao,m , consisting of the breathing disturbance
qb is fitted well by the estimated q̂b .
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Figure 5.18: Amplitude spectrum of total flow measurement Qao,m (red), estimated total flow
Q̂ao (blue) and residual Qao,m − Q̂ao (black dashed) for measurement example 2. The
nonlinear modeling technique captures the dominant breathing contributions of the
breathing disturbance as highlighted with blue ellipses. At 0.3 Hz and 0.5 Hz, the
breathing disturbance overlaps with the respiratory response. At 0.1 Hz no contribution above the noise level is observed as highlighted with a gray ellipse.
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Figure 5.19: Amplitude spectrum of estimated Q̂ao,m (red) and σ̂Q̂ao,m (red dashed) using spectral
averaging and estimated Q̂e (blue) and σ̂Q̂e (blue dashed) using nonlinear modeling
for measurement example 2. The absence of a contribution to Qao,m at 0.1 Hz results in a negative SNR. At 0.3 Hz, an SNR of more than 10 dB is obtained for Q̂e .
A systematic error remains for Q̂e due to the inability to eliminate the breathing
disturbance.
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ML with 95 % uncertainty bound of the maximum likelihood estimator
Figure 5.20: Estimated Ẑrs
(red) and estimated Ẑrs with 95 % uncertainty bound when the nonlinear modeling
technique is applied (blue) for measurement example 2. A reference Zrs is added
for comparison (black) and the gray shaded area indicates the frequency range of
the breathing disturbance. At frequencies below 0.7 Hz, the estimates are unreliable
due to i) absence of a flow contribution at 0.1 Hz and ii) systematic errors caused by
frequency overlap with the breathing disturbance at 0.3 Hz and 0.5 Hz.
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5.4 Regularization on linear model
A second modeling technique, is a regularized least squares estimation [72].
The previously used nonlinear model of section 5.3 has a high flexibility in
terms of amplitude and phase modulation but also has the following drawbacks:
• The nonlinearity of the breathing model requires for an iterative optimization routine which comes at a high computational cost.
• Application of the nonlinear model to a complete measurement record
of 100 seconds leads to a high number of parameters, again increasing
the computational cost of the estimation procedure.
An alternative method is suggested in this section which makes the following
improvements compared to the nonlinear modeling technique of section 5.3:
• The model used is linear in the parameters.
• The data is cut into smaller segments to reduce the number of parameters.
• The smaller segments can be linked to each other by use of a regularization matrix.
The approach handled in this section is based on [73].

5.4.1 Problem statement
An initial approach to model the breathing is based on the conclusions of
[74] in which it was shown that slow amplitude and frequency variations can
be captured by a model consisting of a sum of harmonics with polynomial
coefficients. When a fundamental breathing frequency fb is considered to be
known, this leads to
H

qb (t, θb ) =

∑ ch (t) cos(2πh fbt) + cH+h (t) sin(2πh fbt)

(5.43)

h=1

with H the number of breathing harmonics, and ch (t) polynomials of order M
in the time-variable t leading to a model linear in the parameter set θb
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θb = [c10 , . . . c1M , . . . cH0 , . . . c2HM ]T

(5.44)

The models presented in (5.7) and (5.43) can be combined to model the total air flow from (5.2). Since both (5.7) and (5.43) are linear in the parameters,
(5.2) can be rewritten as

qao (t, θao ) = [Sb Se ]

θb
θe


(5.45)

= Sao θao
with Sb and Se the regression matrices containing the basis functions of (5.7)
and (5.43) respectively. Since the model for qao is linear in the parameters,
a linear least squares estimator can be used to minimize the L2 -norm of the
error between the measured flow qao,m and the model in (5.45). This gives the
least square cost function VLS
VLS = kqao,m − Sao θao k22

(5.46)

and its minizer leads to the solution

θ̂ao =

θ̂b
θ̂e



T
T
= (Sao
Sao )−1 Sao
qao,m

(5.47)

which should be computed in a numerically stable way using a QR decomposition or singular value decomposition (SVD). The estimates q̂b and q̂e of qb
and qe respectively are obtained as
q̂b = Sb θ̂b

(5.48)

q̂e = Se θ̂e

(5.49)

Spectral overlap between the underlying sources qe and qb strongly degrades the quality of the estimate q̂ao and its sources q̂b and q̂e . Due to the
colliding harmonics in (5.7) and (5.43) Sao can become ill-conditioned, leading to very poor estimates of q̂b and q̂e . Furthermore, minimization of (5.46)
does not allow to insert additional information about the contributions qb and
qe into the estimator. Therefore, a method is presented that aims at handling
the ill-conditioning while adding additional information about the breathing
contribution qb into the estimator.
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5.4.2 Method
The aim is to handle the ill-conditioning by inserting additional prior information on the breathing disturbance into the estimator. In order to do this,
the assumption is made that the amplitude and frequency variation present
in spontaneous breathing will always behave smoothly over time. Exceptions
on this assumption can be found when the patient disrupts the measurement
by coughing or swallowing, but these cases are out of the scope of this work.
The method consists of two steps: first, initial information on the frequency
variation of the breathing is obtained by estimating the phase modulation of
the breathing. These estimates are then used to obtain a new set of basis functions. This strongly relaxes the problem of ill-conditioning, and inserts prior
knowledge on the phase into the model. Second, the least squares cost function is extended with a penalty term, a technique also known as regularized
least squares (RLS) [72]. This enables us to further relax the ill-conditioned
problem and meanwhile insert smoothness of the breathing amplitude into
the estimator.
Step 1: Adapting the basis functions
The model given in (5.43) does not contain any prior information on the
phase or frequency modulation of the breathing, and results in ill-conditioned
problems when inserted into the least squares cost function (5.46). A more
general model that can handle both amplitude and frequency variation is a
sum of H harmonically related sine waves with amplitude functions Ah (t) and
with a nonlinearly varying phase φh (t) for the hth harmonic [69, 75, 76]
H

qb (t) =

∑ Ah (t) cos(φh (t))

(5.50)

h=1

To avoid a nonlinear model due to the phase modulation of (5.50), the first
step consists of adapting the basis functions such that an initial estimate of
the phase modulation is included. This adaptation goes as follows:
Given an estimate of the fundamental breathing frequency fˆb (for example
by using Grandke’s interpolation technique from section 5.2.3 or by the sine
wave fitting procedure discussed in [77] ), φh (t) can be written as
φh (t) = 2πh fˆbt + ϕh (t)

(5.51)
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where ϕh (t) represents the variation of the instantaneous phase around the
hth harmonic, which is assumed to vary slowly. Now we use the global modulation assumption from [76] which states that
ϕh (t) = hϕ(t) + ηh

(5.52)

and (5.50) can thus be rewritten as
qb (t) =
=

H

∑ qb,h (t)
h=1
H

∑ Ah (t) cos(h(2π fˆbt + ϕ(t)) + ηh )

(5.53)

h=1

An initial estimate of φh (t) from (5.50) can thus be obtained by an estimate
of ϕ(t) from (5.53)3 . To estimate ϕ(t) we will use the prior knowledge that
the measured signal qao,m (t) will be dominated by the fundamental harmonic
of the breathing qb (t). This dominant harmonic qb,1 (t) is given by
qb,1 (t) = a(t) cos(2π fˆbt) + b(t) sin(2π fˆbt)

(5.54)

from which estimates for a(t) and b(t) can be used to estimate ϕ(t). To obtain
this, we combine (5.54) with the first harmonic of (5.50) and use cos(x + y) =
cos x cos y − sin x sin y such that
a(t) = A1 (t) cos(ϕ1 (t))

(5.55)

b(t) = −A1 (t) sin(ϕ1 (t))

(5.56)

and with the phase modulation of the first harmonic given by
ϕ1 (t) = − arctan(

b(t)
)
a(t)

(5.57)

Given the measured data qao,m , we can estimate polynomials of order Mϕ
for a(t) and b(t) by minimizing
V1 = qao,m − qb,1
3η

2

(5.58)

h is not estimated since it is a constant for each harmonic and will later be dissolved in the
coefficients of the sine and cosine basis functions.
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with qb,1 given in (5.54). This is a linear least squares problem that yields
estimates â(t) and b̂(t) from which an estimate ϕ̂1 (t) is obtained using (5.57).
Its mean value over time (denoted as mean{}) is subtracted since only the
phase variation is of interest to the model. This leads to an estimate ϕ̂(t) for
ϕ(t)
ϕ̂(t) = ϕ̂1 (t) − mean{ϕ̂1 (t)}

(5.59)

This phase estimate can now be inserted into the basis functions of the
model (5.53) yielding
H

qb (t, θb ) =

∑ γh (t)βh,c (t) + γH+h (t)βh,s (t)

(5.60)

h=1

with
βh,c (t) = cos(h(2π fˆbt + ϕ̂(t)))

(5.61)

βh,s (t) = − sin(h(2π fˆbt + ϕ̂(t)))

(5.62)

and the amplitude coefficients γh (t) are modeled as polynomials of order M
γh (t) = γh0 + γh1t + γh2t 2 . . . + γhM t M

h = 1 . . . 2H

(5.63)

The breathing parameters θb are gathered in the parameter set
θb = [γ10 , . . . γ1M , . . . γ2H0 , . . . γ2HM ]T

(5.64)

In this first step, the complexity of the model can be tuned by the polynomial order Mϕ for the phase estimate ϕ̂(t), the number of harmonics H, and
the polynomial order M of the coefficients γh (t). Furthermore, the estimate of
the fundamental frequency fˆb is fixed and will not change in the next step.
Step 2: Smoothing the estimate through regularized least squares
The model given in (5.60) contains a prior estimate on the phase modulation of the breathing and allows to handle amplitude and frequency variation using polynomial coefficients. However, when applying this model on
a relatively long measurement (> 20 breathing cycles), a very high order M
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of the polynomial coefficients is required to capture all of the amplitude and
frequency variations throughout the measurement [75]. Therefore, a method
is proposed which allows to use the model given in (5.60) to estimate short
segments of data, while smoothing the resulting estimates over neighboring
segments. Note that segmenting the data set does not change the order Mϕ
since the polynomial estimate ϕ̂(t) (5.59) is used over the full data set. Also,
the number of harmonics H stays the same when segmenting the data.
The main advantage of this method is its ability to handle an ill-posed
problem by using regularization and simultaneously inserting prior information on the underlying sources, namely the phase modulation of the breathing, in the estimation process. It uses the basic idea of regularization as presented in [72] but instead of using the identity matrix in the regularization
step, an adapted regularization matrix is proposed. This allows for the regularization matrix to not only improve the conditioning of the problem but
additionally smooth the estimates by minimizing the parameter variations
over the segments.
First an introduction is given to general regularized least squares (RLS) and
later we present the regularization matrix used to smooth the estimates over
different segments.
Regularized least squares
The method consists of adding a regularization term to the least squares cost
function (5.46) leading to the regularized least squares (RLS) cost function
VRLS
T
Rθao
VRLS = kqao,m − Sao θao k22 + λ θao

(5.65)

This leads to the solution

θ̂ao =

θ̂b
θ̂e



T
T
Sao + λ R)−1 Sao
qao,m
= (Sao

(5.66)

The regularization term can be considered as a penalty term whose weight
can be tuned by the hyperparameter λ . Additional information on θao can
be added by modifying the regularization matrix R . The most commonly
used type of regularization is obtained when R is the identity matrix. This
type of regularization is used to minimize or bound the magnitude of the
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model parameters. For our application this does not suffice since there is no
physical reason why the model parameters should be minimized. What can
be expected is that the breathing behaves smoothly over time. Therefore, we
propose to insert smoothness over a set of short segments using the regularization matrix R.
Segmenting and smoothing
To reduce the complexity of notation, the smoothing of the breathing signal
by means of the regularization term is explained for one parameter ξ of θao
and for one basis function s(t) of Sao as given in (5.60) (e.g. t 2 cos(3(2π fˆbt +
ϕ̂(t)))). The extension to the total estimation problem is obtained by horizontally stacking the matrix s̃(t) (see below in (5.70)) of each basis function. The
contribution to the total flow ψ(t) determined by the parameter ξ and basis
function s(t) can be written as
ψ(t) = s(t)ξ

(5.67)

The RLS cost function that is minimized to find an estimate ξˆ is written as
VRLS,ξ = kψ(t) − s(t)ξ k22 + λ ξ T Rξ ξ

(5.68)

When N data samples are acquired with a sampling period of Ts seconds,
the vector of time instances t is a set of N samples t = 0, Ts , 2Ts , . . . (N − 1)Ts . t
can be segmented into F non-overlapping segments of NF samples
ti = t((i − 1)NF , . . . iNF − 1)

i = 1...F

giving
t = [t1 t2 ... tF ]

(5.69)

By evaluating the basis function s(t) in the time segments t1 . . . tF , the vector
s(tχ ) can be decomposed into the matrix



s̃(t) = 


s(t1 )


0

s(t2 )
0

..






.

(5.70)

s(tF )
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and the model becomes
ψ(t) = s̃(t)ξ˜

(5.71)

with
ξ˜ = [ ξ1

ξ2

. . . ξF ]T

(5.72)

The RLS cost function ṼRLS,ξ˜ becomes
ṼRLS,ξ˜ = ψ(t) − s(t)ξ˜

2
2

+ λ ξ˜ T R̃ξ ξ˜

(5.73)

Note that this segmentation leads to an increase of the number of parameters with a factor F. At the same time the length of the analysis window to
which the estimate needs to be applied decreases with a factor F.
Smoothing of the parameters of ξ˜ over the different segments is obtained
by minimizing
F−1

∑ (ξ j+1 − ξ j )2

(5.74)

j=1

Since the basis functions are continuous over the segments, this corresponds to smoothing the contribution to the total flow ψ(t). Minimization
of (5.74) can be inserted in the regularization term λ ξ˜ T R̃ξ ξ˜ by using the difference matrix


1


 −1



R̃ξ = 



 ..
 .
0

−1
2
−1

...

...
−1
2
..
.

−1
..
.
−1

..

.

2
−1


0
.. 
. 








−1 
1

(5.75)

As discussed in [78] this regularization matrix minimizes the first derivative of the estimate of ψ(t) at the boundaries of each segment, thus enforcing
the smoothing of ψ(t).
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Optimizing the tuning parameter λ
The RLS cost function in (5.65) consists of the sum of a residual norm and
a regularization term whose contribution to the cost function is tuned by
the hyperparameter λ . This implies that the estimation result is strongly
influenced by the choice of λ . Therefore, a criterion to find an optimal λ
is required. The most common techniques to optimize λ when using RLS
are known as the L−curve method [79] and cross validation [80]. However,
these methods cannot be applied when the measured signal consists of two
or more underlying sources since the methods aim at finding an optimal data
fit between one model and one data set. Since our application aims at finding
an optimal data fit of the underlying respiratory response qe together with
the perturbing qb , a different criterion is required. We propose to test the
RLS method on 2 sequential subsets of the data which together make up the
total data set. An alternative would be to use only a part of the data for the
optimization of λ and use the rest of the data for validation. However, due to
the limited number of periods, we choose to optimize λ on the total data set.
[l]
On each l th subset an estimation Q̂e (k, λ ) at the excited frequency lines k is
obtained with a given λ and the sample mean over the subsets is given by
Q̄e (k,λ ) =

1 2 [l]
∑ Q̂e (k, λ )
2 l=1

(5.76)

and the difference between the subset estimations is given by
[2]

[1]

dQ̄e (k, λ ) = |Q̂e (k, λ ) − Q̂e (k, λ )|

(5.77)

The value of λ corresponding to the lowest value of
e(λ ) =

1 K dQ̄e (k, λ )
∑ Q̄e (k, λ )
K k=1

2

(5.78)

is then chosen since this provides the estimated minimal uncertainty of the
RLS estimate over the subsets. Note that the RLS method is still applied to
the full measurement record and the subset estimation is only considered to
find the optimal λ .
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5.4.3 Summary of the algorithm
The algorithm to obtain estimates of Zrs using the regularized least squares
method is summarized as follows:
1. Adapt the basis functions using the fundamental breathing harmonic
(5.54) to include an initial estimate of the phase modulation (5.59) given
a polynomial order Mγ .
2. Choose a model complexity for (5.60) given by the order of the polynomial coefficients M and the number of harmonics H.
3. Segment the basis functions and apply regularized least squares estimation using (5.73) while optimizing the hyperparameter λ using (5.78).
4. For the optimal hyperparameter, extract q̂e (t, θ̂e ) from the estimated
q̂ao (t, θ̂ao ) to obtain estimates for Zrs (5.15).
5. Obtain uncertainty bounds on Q̂e and Ẑrs using (5.20) and (5.24).

5.4.4 Results
Before discussing the estimation results of the simulations and real-life measurements, section (5.78) gives an overview of the settings, such as the segment length and the model order, under which the RLS method is applied.
Next, a simulation example is given in section 5.4.4.2 to illustrate the effect
of the two steps of the method on the accuracy of the estimation of Qe .
The method is demonstrated on simulations and real-life measurements in
section 5.4.4.3 and 5.4.4.4 and the elaboration of the results is equivalent to
section 5.3.5. The only difference is that the true values used for Zrs in the
simulations are based on the stepped sine measurements discussed in section
4.3. The choice of stepped sine measurements for Zrs is independent of the
modeling technique and is made only to be consistent with the results shown
in [73].
5.4.4.1 Settings of the RLS method
To apply the RLS method, the model complexity can be tuned using Mγ , M
and H ((5.60) in section 5.4.2). The measurement is partitioned into F segments of equal length in order to smooth the breathing throughout the record

126

5.4 Regularization on linear model
(section 5.4.2). Here, it is chosen to use non-overlapping segments with a
length corresponding to the base period of the excitation signal (T0 = 1/ f0 =
10 s) to avoid spectral leakage of the respiratory response. This implies that
the number of segments is equal to the number of excitation periods. Since
the optimization of the tuning parameter λ is based on the comparison of two
subsets of equal lengths, we will cut the measurement data from 9 consecutive periods to 8 consecutive periods. In that way, subsets of equal length are
used to optimize λ .
The order used for the phase estimation Mγ needs to be chosen sufficiently
high since the phase estimate is applied to the full measurement record. In
the results presented later, this order was set to Mγ = 12. The number of
harmonics H is determined by the number of dominant breathing harmonics
present in the measurement, which is generally smaller or equal to 3. Finally,
the choice of the polynomial order M is less straightforward since no clear indications can be obtained from the measured data. Because of the relatively
short length of the segments (10 seconds corresponds to maximally 5 breathing cycles) it is chosen to keep M below 8 for all results. This model order
has been set manually for each measurement. A possible improvement is the
use of model order selection as done previously for the nonlinear model in
section 5.3.3.
Once the model order is fixed, the weight of the regularization term needs
to be tuned with the hyperparameter λ . Using simulations, we have the advantage that λ can be chosen as the value that corresponds to the estimate
with the lowest error between true and estimated respiratory response. On
measurements, the criterion given in (5.78) is used since the true respiratory
response is unknown. In that case, the error from (5.78) can only be optimized by minimizing over two subsets (L = 2 in (5.76)) due to the limited
measurement time. It will be shown further that nonparametric estimates
using the current measurement time and criterion for λ already lead to results which strongly approximate the reference values discussed in section
4.3.
5.4.4.2 RLS method for variable overlap
A simulation is built up were it is shown how the two step approach of the
RLS method can improve the accuracy of the estimation result in cases of
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strong frequency overlap between breathing disturbance Qb and respiratory
response Qe . To vary the level of frequency overlap, a simulation is composed
as discussed in section 4.3. A single breathing measurement is used and the
overlap is varied by sweeping the grid of the excitation signal which corresponds to varying the fundamental frequency of the excitation ( f0 ). Since the
stepped sine values of Zrs cannot be evaluated on a varying frequency grid,
this example uses a constant phase model for Zrs to obtain Qe on a varying
grid.
The level of overlap is varied by holding the breathing measurement of a
healthy subject while sweeping f0 from 0.08 Hz to 0.15 Hz in steps of 0.001 Hz.
The measurement record is cut to 8 periods for each f0 to avoid leakage of
Qe . Since the main objective of the RLS method is to extract Q̂e from the
measured flow in order to obtain estimates of Zrs , the accuracy of the method
is illustrated by means of the error on the estimate of Qe
EQe = |Qe − Q̂e |

(5.79)

To demonstrate the method as discussed in section 5.4.2, the error given in
(5.79) is obtained by considering three different estimates for Q̂e , namely:
1. the error obtained when using the raw measurement data Qao (Eraw ).
Here, the values of the Qao,m at the excited frequencies are used for Q̂e .
2. the error obtained by a least squares estimate using the basis functions
derived in step 1 of section 5.4.2 (ELS )
3. the error of the RLS method which corresponds to the application of
step 1 and step 2 in section 5.4.2 (ERLS ).
Since the highest magnitude of the breathing disturbance is found at its fundamental frequency of fb = 0.29 Hz and since this is adjacent to the third
harmonic of the excitation signal when using f0 = 0.1 Hz, the error is shown
for the third harmonic for varying values of fb /3 f0 . In that case a value of
fb /3 f0 = 1 corresponds to the highest overlap while values further away from
1 correspond to a smaller overlap. For each value of f0 , the RLS method is
applied to 100 simulations, each having a different phase realization for the
excitation signal but always with the same breathing disturbance. The mean
errors Eraw, ELS and ERLS over the 100 realizations is calculated for varying
frequency overlap and shown in Figure 5.21.
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Figure 5.21: Estimation error EQe (5.79) at frequency 3 f0 for varying values of fb /3 f0 . Eraw (green
dashed), ELS (blue dotted) and ERLS (red full). The RLS method obtained a higher
accuracy in case of strong overlap ( fb /3 f0 = 1).

For excitation frequencies further away from the fundamental breathing
frequency, i.e. in absence of frequency overlap, using the raw measurement
of Qao,m can be sufficient.
The simulations show that at the frequencies where frequency overlap occurs, the raw data yields a high error (Eraw ) because it strongly depends on
the frequency resolution and thus the length of the measurement. The least
square estimator with error ELS is clearly better since well-adjusted basis
functions are used to fit the breathing disturbance and the respiratory response. However, the corresponding errors turn out to be too large for practical considerations.
The RLS method with error ERLS provides the highest accuracy of the estimate Q̂e and therefore Ẑrs in the vicinity of the breathing frequency.
5.4.4.3 Simulations
Two examples are given for simulations using breathing measurements qb,m
of healthy subjects as described in section 4.3. First, an example is shown
where the RLS method is able to obtain a strongly improved estimate Ẑrs
ML as given in (4.14). Next,
compared to the maximum likelihood estimator Ẑrs
an example is given where the breathing disturbance cannot be eliminated
leading to an invaluable estimate Ẑrs .
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Example 1
The RLS method is able to fit the breathing disturbance in the presence of
strong frequency variation as shown in Figure 5.22. The dominant breathing
disturbance is captured by the breathing model as the amplitude spectrum
of the total flow shows (Figure 5.23). This leads to a an estimation of Qe with
a high SNR (Figure 5.24). Consequently, Zrs is estimated with low error and
low uncertainty as shown in Figure 5.25.
Note that, for this example, frequency overlap between Qb and Qe is present
at 0.3 Hz, yet the RLS method is able to separate both contributions. However, this is partly due to the low amplitude of the breathing contribution.
Frequency overlap is still a problem that can often not be solved by the RLS
method as demonstrated in the following example.
Example 2
A counterexample is given for which the RLS method does not lead to a reliable estimate of Zrs due to frequency overlap between Qe and Qb . As Figure
5.26 shows, the breathing disturbance is fitted well by the RLS method. This
is confirmed by the amplitude spectra shown in Figure 5.27. However, the
dominant harmonic of the breathing disturbance lies exactly at 0.3 Hz and
therefore coincides completely with the second excitation frequency. Moreover, the amplitude of the breathing disturbance is twice as high as the previous simulation example (compare Figure 5.26 and 5.22). Therefore, the
RLS method cannot extract Qe at 0.3 Hz as shown in Figure 5.28. Figure 5.28
also shows that the third harmonic of the breathing disturbance prevents an
accurate estimation of Qe at 0.9 Hz.
Due to the breathing disturbance, the resulting estimate of Zrs (Figure 5.29)
is strongly biased at 0.3 Hz. This shows that the RLS method can separate the
breathing disturbance from the respiratory response up to a certain point
(example 1) but cannot eliminate a dominant contribution coinciding completely with an excitation frequency.
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Figure 5.22: Filtered breathing contribution qb (black) and estimated breathing q̂b (blue) for simulation example 1. The RLS method is able to capture the frequency variation of the
breathing disturbance.
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Figure 5.23: Amplitude spectrum of total flow measurement Qao,m (red), estimated total flow
Q̂ao (blue) and residual Qao,m − Q̂ao (black dashed) for simulation example 1. Highlighted areas show the ability of the RLS method to capture the dominant contributions of the breathing disturbance which is located around 0.3 Hz.
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Figure 5.24: Amplitude spectrum of estimated Q̂ao,m (red) and σ̂Q̂ao,m (red dashed) using spectral
averaging and estimated Q̂e (blue) and σ̂Q̂e (blue dashed) using the RLS method for
simulation example 1, together with the true response Qe (black). The RLS method
is able to obtain Q̂e at 0.3 Hz with an SNR of more than 10 dB while spectral averaging
provides an SNR of around 0 dB at 0.3 Hz.
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ML with 95 % uncertainty bound of
Figure 5.25: True respiratory impedance (black), estimated Ẑrs
the maximum likelihood estimator (red), and estimated Ẑrs with 95 % uncertainty
bound when the nonlinear modeling technique is applied (blue) to simulation example 1. The gray shaded area indicates the frequency range of the breathing disturbance. The RLS method is able to strongly decrease the uncertainty bounds at
0.3 Hz in comparison with the maximum likelihood estimator.
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Figure 5.26: Filtered breathing contribution qb (black) and estimated breathing q̂b (blue) for simulation example 2. qb varies only slightly in amplitude and phase and is fitted well
by q̂b .
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Figure 5.27: Amplitude spectrum of total flow measurement Qao,m (red), estimated total flow
Q̂ao (blue) and residual Qao,m − Q̂ao (black dashed) for simulation example 2. Highlighted areas show the ability of the modeling technique to capture the dominant contributions of the breathing disturbance. The dominant contribution of the
breathing is captured well by Q̂ao but overlaps completely with Qe at 0.3 Hz.
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Figure 5.28: Amplitude spectrum of estimated Q̂ao,m (red) and σ̂Q̂ao,m (red dashed) using spectral
averaging and estimated Q̂e (blue) and σ̂Q̂e (blue dashed) using the RLS method for
simulation example 2, together with the true response Qe (black). The RLS method
is able to obtain an improved estimate at 0.1 Hz in comparison to Q̂ao,m but is not
able to eliminate the breathing contribution which dominates Qao,m at 0.3 Hz. The
error on Q̂e at 0.9 Hz is caused by the harmonic of the breathing disturbance.
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Figure 5.29: True respiratory impedance (black), estimated Ẑrs
the maximum likelihood estimator (red), and estimated Ẑrs with 95 % uncertainty
bound when the nonlinear modeling technique is applied (blue) to simulation example 2. The gray shaded area indicates the frequency range of the breathing disturbance. A systematic error on Q̂e caused by the breathing disturbance introduces
a major error at 0.3 Hz which cannot be eliminated by the RLS method.
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5.4.4.4 Measurements
The simulation results lead to similar conclusions as obtained for the nonlinear modeling technique: the RLS method is able to estimate Zrs with a low
error and low uncertainty if i) the breathing contribution can be modeled
by the breathing model and ii) frequency coincidence between the breathing
disturbance and an excitation frequency is avoided.
The RLS method will now be tested on real-life measurements for which
the true Zrs is unknown and hence no error can be quantified. The estimation
results will be compared with the reference values from literature as given in
section 4.3.1 using the constant phase model with parameter values given in
Table 4.2. An estimation result is considered reliable if a low uncertainty is
obtained and the deviation from the expected values is kept below 5 hPa·s·L−1
for Rrs and Xrs .
Again, assumptions 1 and 2 from section 4.1 were applied in the simulations while they might be violated for the real-life measurements. As a
consequence, additional model errors can be introduced which will not be
detected by the RLS method.
We start with a positive example to demonstrate that the RLS method can
yield a reliable estimate of Zrs in the presence of breathing disturbances. Afterwards, a counterexample is given to show that the RLS method is limited
in its ability to extract reliable estimates of Zrs if time-variation and/or frequency overlap occurs.
Example 1
The modeled breathing is able to fit the dominant pattern of the flow measurement as shown in Figure 5.30. This is confirmed by the amplitude spectra
shown in Figure 5.31. As a consequence, Q̂e is obtained with a strongly increased SNR compared to the spectral averaging estimate Q̂ao,m (Figure 5.32).
This leads to an impedance estimation Ẑrs with strongly decreased uncerML (Figure 5.33).
tainty bounds in comparison to Ẑrs
For this example, assumption 1 and 2 seem to hold since no residual model
errors are observed that could be caused by time-varying contributions. The
estimation results Ẑrs give a close approximation of the reference values for
Zrs .
As shown by this example, the RLS methods is able to extract reliable estimates of Zrs in the presence of a breathing disturbance that does not coincide
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completely with an excitation frequency.
Example 2
A counterexample is given to show the inability of the RLS method to remove
the breathing disturbance in the case of full frequency coincidence with an
excitation frequency.
The RLS method is able to capture the breathing variations as shown in Figure 5.34 and highlighted in the amplitude spectra shown in Figure 5.35. This
figure also shows that the dominant breathing contribution occurs at 0.3 Hz
and no flow contribution above the noise level can be observed at 0.1 Hz. The
latter can be due to spectral leakage of the breathing and/or time-varying
behavior. The absence of a contribution at 0.1 Hz results in an SNR close to
0 dB as shown in Figure 5.36. A systematic error remains at 0.3 Hz, caused
by the frequency overlap with the breathing disturbance. The corresponding estimates of Zrs shown in Figure 5.37 are therefore unusable for further
interpretation at 0.1 Hz and 0.3 Hz.
As this example shows, the RLS method cannot eliminate the residual systematic errors caused by the frequency overlap with the breathing disturbance.
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Figure 5.30: Filtered air flow qao,m (black) and estimated breathing q̂b (blue) for measurement
example 1.
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Figure 5.31: Amplitude spectrum of total flow measurement Qao,m (red), estimated total flow Q̂ao
(blue) and residual Qao,m − Q̂ao (black dashed) for measurement example 1. Highlighted area shows the ability of the RLS method to capture the dominant contributions of the breathing disturbance at 0.25 Hz.
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Figure 5.32: Amplitude spectrum of estimated Q̂ao,m (red) and σ̂Q̂ao,m (red dashed) using spectral
averaging and estimated Q̂e (blue) and σ̂Q̂e (blue dashed) using the RLS method for
measurement example 1. The SNR of Q̂e is strongly increased in comparison to the
SNR of Q̂ao,m at 0.1 Hz and 0.3 Hz.
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Figure 5.33: Estimated Ẑrs
(red) and estimated Ẑrs with 95 % uncertainty bound when the RLS method is applied (blue) for measurement example 1. A reference Zrs is added for comparison
(black). The gray shaded area indicates the frequency range of the breathing disturbance. The uncertainty bounds at 0.3 Hz are strongly decreased by using the RLS
method and Ẑrs approximates the reference values over the whole range.
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Figure 5.34: Filtered air flow qao,m (black) and estimated breathing q̂b (blue) for measurement
example 2.
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Figure 5.35: Amplitude spectrum of total flow measurement Qao,m (red), estimated total flow Q̂ao
(blue) and residual Qao,m − Q̂ao (black dashed) for measurement example 2. Blue
highlighted area shows the ability of the RLS method to capture the dominant contributions of the breathing disturbance. Gray highlighted area shows the absence of
a contribution at 0.1 Hz, which can be due to leakage of the breathing and/or timevarying behavior of the respiratory system. The dominant breathing contribution is
located at 0.3 Hz, hence coinciding with the second excitation frequency.
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Figure 5.36: Amplitude spectrum of estimated Q̂ao,m (red) and σ̂Q̂ao,m (red dashed) using spectral
averaging and estimated Q̂e (blue) and σ̂Q̂e (blue dashed) using the RLS method for
measurement example 2. An SNR of around 0 dB is obtained at 0.1 Hz due to the
absence of a flow contribution in Qao,m . At 0.3 Hz, a systematic error remains due to
the frequency overlap with the breathing disturbance.
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ML with 95 % uncertainty bound of the maximum likelihood estimaFigure 5.37: Estimated Ẑrs
tor (red) and estimated Ẑrs with 95 % uncertainty bound when the RLS method is
applied (blue) for measurement example 2. The gray shaded area indicates the frequency range of the breathing disturbance. The breathing disturbance at 0.3 Hz and
the low SNR of Q̂e at 0.1 Hz make the estimates of Zrs below 0.5 Hz unusable.
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5.5 Comparison of both modeling techniques
As illustrated, both modeling techniques can lead to accurate estimates of Zrs
with low uncertainty. However, for each of the techniques, counterexamples
can be found where the frequency overlap with the breathing disturbances
impedes the extraction of the respiratory response leading to unreliable estimates Ẑrs . As discussed in section 5.2, both modeling techniques use the
same approach to the estimation of the respiratory response but differ in the
breathing model used and the corresponding estimation procedure. The nonlinear model has the advantage of being more flexible than the RLS method
since it allows for the nonlinear estimation of the phase modulation with a
high number of parameters. On the other hand this requires for an iterative
optimization scheme which leads to a high computational cost and requires
for a selection of good starting values. The RLS method does not require
starting values and has a lower computational cost since it only requires the
inversion given in (5.66) which needs to be executed for a range of values
of the hyperparameter. This can also be considered as a disadvantage since
the first step of the RLS method, namely the choice of the basis functions
corresponding to the estimated phase modulation, can strongly affect the estimation result.
In summary, we can state that the nonlinear model is preferred when computational cost is not an issue but for practical implementations on, for example, microcontrollers, the RLS method is preferred. However, in the case
the dominant breathing contribution coincides completely with an excitation
frequency, both modeling techniques will be insufficient to obtain reliable
estimates of Zrs . Therefore, an alternative approach, aimed at avoiding frequency overlap is suggested in chapter 6.

5.6 Conclusions
A modeling process has been introduced to separate the breathing disturbances from the respiratory response. This approach aims at extracting an
estimate of the respiratory response with a low uncertainty in order to obtain
high quality estimates Ẑrs of the underlying respiratory system Zrs . Based on
this modeling process, two modeling techniques have been presented that
can achieve this goal. Each technique can strongly improve the estimation of
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Zrs in the presence of breathing disturbances with amplitude and frequency
modulation and strong frequency overlap. However, counterexamples can
be found where neither of the modeling techniques are able to provide high
quality estimates of Zrs . The modeling techniques fail to provide reliable estimates if the breathing frequency overlaps completely with one of the measurement frequencies and/or the breathing contribution varies strongly in
amplitude and frequency. Since every patient breathes differently and varies
his/her breathing differently throughout the measurement when breathing
spontaneously, this situation cannot be excluded. The modeling techniques
presented here can therefore not guarantee a successful estimation of Zrs for
any breathing disturbance.
The modeling techniques are developed for measurements in which the
excitation frequencies are fixed and no prior information about the natural
breathing frequency of the patient is used during the measurement. The presence of frequency overlap between the breathing disturbances and the excitation frequencies can hence be considered as a matter of bad luck. Therefore we can assume that the development of additional modeling techniques
would still not lead to a solution that can handle any breathing disturbance.
Instead, a different approach will be used to decrease the problem of frequency overlap and breathing variations. Until now, we have been reluctant
to demanding any cooperation of the patient or using patient adaptive measurements. However, from the experience gained from the development of
the modeling techniques, we have learned that the use of adapted excitation
frequencies can strongly improve the measurement results before any modeling technique needs to be applied. The measurement protocol can then be
adapted such that no frequency overlap occurs and the breathing disturbance
doesn’t affect the measurement of Zrs such that the modeling techniques of
this chapter can even become superfluous. Therefore, the next chapter introduces what is referred to as the adaptive measurement protocol.
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6.1 Introduction
In chapter 4, we discussed the impact of breathing disturbances on the measurement of Zrs . As illustrated, the breathing contribution jeopardizes the
extraction of the respiratory response Qe from the flow measurement Qao,m
leading to unreliable estimates of Zrs . Therefore, two modeling techniques
were proposed to estimate Qe in the presence of breathing disturbances. Up
to here, we avoided any adaptation of the measurement protocol and allowed
the patient to breathe spontaneously. The ambitious aim was to obtain postprocessing techniques that can eliminate any breathing contribution, independently of the breathing’s frequency and spectral leakage. However, as
demonstrated in chapter 5, counterexamples can be found where the breathing disturbance cannot be eliminated by the modeling techniques. Therefore,
we switch to a different approach presented in this chapter.
The idea is to proactively prevent the breathing disturbances from jeopardizing the measurement of Qe by avoiding Qb and Qe from occuring at the
same frequencies. To illustrate this idea, a simulated example of an amplitude spectrum of Qao with contributions of Qb and Qe is shown in Figure 6.1.
Only 3 excited frequencies are shown since we know from the experience of
chapter (4) and 5 that the main cause of uncertainty due to Qb occurs at the
first 3 excitation frequencies. For this ideal situation, Qe can be extracted directly from Qao without need for the modeling techniques of chapter 5 and
an estimate of Zrs can be obtained using the maximum likelihood estimator
given in (4.14). The goal of the new approach is to adapt the measurement
protocol such that the flow measurements can approximate the ideal case of
Figure 6.1. To reach this goal we have to take a closer look at the causes of the
spectral overlap between the breathing disturbance Qb and the respiratory
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Figure 6.1: Amplitude spectra of simulated total flow Qao . Red circles indicate the excitation
frequencies and blue squares indicate the breathing harmonics of Qb . The true Qe is
shown with black stars and is directly measured in Qao . Qb and Qe are placed such
that no spectral overlap is present and Qe can be extracted directly from Qao .

response Qe . They are illustrated in Figure 6.2:
a) Coincidence of the fundamental frequency of Qb and/or its integer multiples with an excitation frequency of Qe (Figure 6.2a).
b) Spectral leakage due to the measurement of a non-integer number of
breathing cycles (Figure 6.2b).
c) Spectral leakage of Qb due to amplitude and frequency variation of the
breathing (Figure 6.2c).
Each of these three situations and combinations thereof generally occur
when the patient is breathing spontaneously and the measurement frequencies are chosen without any prior knowledge of the patient’s breathing contribution. Therefore an adaptation of the measurement protocol is required
to approximate the ideal case of Figure 6.1.
The simple solution would be to keep the excitation signal used up to now
and force the patient to breathe at a frequency of 0.2 Hz. However, since it is
our goal to apply these measurements to patients with a variety of respiratory
complaints, it cannot be expected that any patient can execute a measurement
at a breathing frequency different from his/her natural breathing frequency.
Therefore we will adapt the excitation frequencies to the natural breathing
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(a) The fundamental breathing frequency at fb = 0.3 Hz coincides with an excitation
frequency. Consequently, Qao deviates strongly from Qe at 0.3 Hz.
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(b) The fundamental frequency is located at fb = 0.27 Hz, causing a non-integer number
of breathing cycles to correspond with the excitation period. Consequently, spectral
leakage is present at the neighboring frequency lines and causes Qao to deviate from
Qe at 0.3 Hz.
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(c) The fundamental frequency is fb = 0.2 Hz but the breathing contribution varies in
amplitude and frequency. This causes spectral leakage such that Qao deviates from Qe
at 0.1 Hz.
Figure 6.2: Amplitude spectra of total flow with spectral overlap caused by 6.2a: Coincidence of
a breathing harmonic with an excitation frequency. 6.2b: Spectral leakage due to the
measurement of a non-integer number of breathing cycles. 6.2c: Spectral leakage due
to amplitude and frequency variation of the breathing. Gray dotted line indicates the
total flow Qao , red circles indicate the excited frequencies for Qao , black stars show
the true Qe and blue squares indicate the breathing harmonics.
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frequency of the patient. This approach is elaborated in section 6.2. Next, we
will show a measurement result on a healthy patient in section 6.3. In chapter 7, this protocol is clinically tested on patients with a variety of respiratory
complaints.

6.2 Adaptive measurement protocol
The causes for spectral overlap discussed in section 6.1 are handled by means
of an adaptive measurement protocol. The concept of the adaptive technique
is discussed in section 6.2.1 and an overview of the practical implementation
is given in section 6.2.2.

6.2.1 Concept
The measurement protocol applied to handle the three causes of spectral
overlap discussed in section 6.1 can be split into two sides. On the one side,
we have the FOT device whose excitation signal will be adapted to the patients breathing. On the other side, the patient will need to maintain a fixed
breathing frequency during the measurement.
6.2.1.1 FOT device: Adaptive excitation frequencies
The excited frequencies of the pressure excitation signal are adapted to minimize a) spectral leakage due to the measurement of non-integer number of
breathing cycles and b) the frequency coincidence of Qb and Qe . This can be
enforced by applying the following condition on the fundamental excitation
frequency f0 :
fb
ρ ∈ N>1
(6.1)
f0 =
ρ
with fb the natural breathing frequency of the patient.
A first advantage of (6.1) is the correspondence of an integer number of
breathing cycles with an excitation period. Therefore, spectral leakage due to
the measurement of a non-integer number of breathing cycles can no longer
cause spectral overlap.
Secondly, a careful selection of the excitation frequencies can exclude the
possibility of frequency coincidence of Qb and Qe . Several options are available but for now we will focus on the odd random phase multisine (ORPM)
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introduced in chapter 3. This ORPM uses only odd multiples of f0 and was
originally chosen to detect nonlinear contributions of the respiratory system. However, since the measurement of the LTI behavior of Zrs needs severe
improvement before nonlinear behavior can be considered, we can use the
ORPM together with (6.1) to prevent coincidence of the excited frequencies
with fb and its multiples. By using the ORPM and choosing ρ = 2 , Qb and Qe
will not coincide. An example of this can be found in the ideal case shown in
Figure 6.1.
Important to note is that condition (6.1) can only be applied if fb is known.
Therefore, a prior estimate of fb is required before the excitation frequencies
can be adapted.
6.2.1.2 Patient cooperation
The other side of the adaptive measurement protocol is the cooperation of
the patient. After adaptation of the excited frequencies, the remaining cause
for spectral overlap is the amplitude and frequency variation of the breathing disturbance shown in Figure 6.2c. Even if the excitation signal is adapted
to the patient’s fb , the measurement can be strongly disturbed if the patient
changes his breathing rhythm and/or amplitude. To handle this remaining
cause of spectral overlap, an external stimulus is added to reduce the amplitude and frequency variation of the patient’s breathing. During the measurement, the patient is supposed to synchronize his/her breathing with the
external stimulus which is oscillating at the patient’s breathing frequency fb .
The effort demanded from the patient during the measurement is minimized
by using the patient’s own natural breathing frequency for the external stimulus [81]. This is an additional motivation to adapt the measurement protocol
to the patient and not vice versa as would be the case for the simple solution
discussed in section 6.1.
Several sensory options are available for this external stimulus such as visual, auditive or tactile. Another example can be found in the OVW technique introduced by Lutchen in [41] where the measurement device imposes
the flow at the patient’s airway opening at a predefined frequency and thus
forcing a synchronization. The practical disadvantage is that this technique
withholds the patient from controlling his/her respiration. Therefore, a 20
minute training period is required for every patient before a measurement
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can be executed [10]. To eliminate this disadvantage, the stimulus applied in
our application serves only as an instruction and is not forced on the patient,
thereby eliminating the need for patient training.
6.2.1.3 Measurement protocol
The adaptive measurement protocol is depicted in Figure 6.3. In order to
adapt the excitation frequencies to the patients breathing frequency fb , an
offline measurement of the patients breathing is performed from which fb
is estimated. Next, condition (6.1) is implemented and the pressure excitation with adapted frequencies is applied. Simultaneously with the pressure
excitation, an external stimulus is applied oscillating at fb . In Figure 6.3, condition (6.1) is applied with ρ = 2 which provides non-overlapping amplitude
spectra of Qe and Qb . As a consequence, Qe can be extracted directly from Qao
at the excited frequencies k f0 with k ∈ Ke .

6.2.2 Practical implementation
In this section we discuss the practical implementation of the adaptive measurement protocol, given the FOT device discussed in chapter 3.
6.2.2.1 Adaptive excitation frequencies
Before the excitation frequencies can be adjusted, an estimate of the patient’s
natural breathing frequency is required. For this purpose, the FOT device is
used without applying an excitation, i.e. with pao = 0. A flow measurement
of 20 seconds is executed while the patient is breathing spontaneously. Using
this measurement, an estimate of fb is obtained using Grandke’s interpolation
technique (section 5.2.3).
The next step consists in the adaptation of the excitation signal according
to (6.1). In practice this is obtained by starting from the wanted excitation
signal pwao obtained in chapter 3 and shown in time and frequency domain in
Figure 6.4a and 6.4b respectively. This signal has a base frequency of f0 =
0.1 Hz proportional to the standard sampling frequency fs following
f0 =
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Ns

(6.2)
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Figure 6.3: Adaptive measurement protocol using condition (6.1) with ρ = 2. An offline breathing measurement provides an estimate of fb that can be used for the adaptation of
the pressure excitation signal. An external stimulus, oscillating at fb , is used during
application of the pressure excitation such that the patient can synchronize his/her
breathing. As a consequence, the spectral overlap between Qe and Qb is minimized
and Qe can be extracted directly from Qao . In the depicted power spectra, the power
of Qb decreases for higher harmonics while the power of Qe is constant. In reality, the
power of Qe depends on Zrs .
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with Ns the number of samples in one period with length T0 = 1/ f0 . The desired
base frequency f0∗ as obtained by (6.1) is then related to f0 by
f0∗ =

fb
= α f0
ρ

(6.3)

where α represents the shift of the base frequency and with
f0∗ =

fs∗
Ns

(6.4)

with Ns unchanged and fs∗ the sample frequency corresponding to f0∗ . Instead
of generating a novel excitation signal, condition (6.1) can then be enforced
by updating fs following
fs∗ = α fs
(6.5)
for the available excitation signal.1
An illustration of this approach is shown in Figure 6.4. The time domain
representation of the standard excitation signal pwao with f0 = 0.1 Hz is shown
in Figure 6.4a. A shift of α = 0.135 is applied to the sample frequency following (6.5), leading to the adapted time domain signal pw∗
ao shown in Figure
6.4c. The corresponding amplitude spectra before and after shifting the sampling frequency using (6.5) are shown in Figure 6.4b and 6.4d respectively.
As shown, this results in a shift of the base frequency from f0 = 0.1 Hz to
f0∗ = 0.135 Hz.
In theory, f0 can be shifted to any f0∗ by shifting fs using (6.5). However,
in practice, α is limited by the hardware of the device. In order to generate the pressure excitation signal, the control scheme used in the FOT device
(section (3.5)) needs to operate at the adjusted sample frequency. First of all,
there is the feedback controller which can be adapted to the shifted frequency
band. However, since the feedback controller was optimized to provide optimal disturbance rejection below 4 Hz (section 3.5.2), and since we do not plan
to exceed that frequency band, we choose to maintain the previous settings.
A more careful approach is required with regard to the feedforward control
(FF) added to compensate for the low bandwidth of the fans (section 3.5.1).
f0∗ can be obtained by updating Ns and keeping fs unchanged. The standard Ns
would have to be multiplied or divided with an integer value to avoid leakage of the multisine
excitation. This would limit the adapted base frequency f0∗ to integer multiples and divisions
of f0 while the use of (6.5) allows for non-integer adaptations of f0 .

1 Alternatively,
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Figure 6.4: Impact of sample frequency fs on base frequency f0 of the pressure excitation signal.
A standard excitation signal is shown by means of its time domain representation
(a) and its amplitude spectra (b). This standard signal has a period of T0 = 10 s with
corresponding base frequency f0 = 0.1 Hz. An increase of the sample frequency to
fs∗ = 1.35 fs decreases the period to T0∗ = 7.4 s (c) with corresponding base frequency
f0∗ = 0.135 Hz (d).
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When f0 is shifted, the feedforward control is updated by means of (3.14).
The value of FF at the kth DFT bin was obtained by evaluating the inverse of
the parametric model G( jωk , θ ) given in (3.11) with ωk = 2πk fs /Ns the angular
frequency corresponding to the kth DFT bin. The shift of fs as given in (6.5)
requires the calculation of a new feed forward signal as
w∗
FF(k) = G−1 ( jωk∗ , θ )Pao
(k)

(6.6)

with ωk∗ = 2πk fs∗ /Ns . As discussed in section 3.5.1 and illustrated in Figure
w are limited due to the saturation
3.15, the amplitude and bandwidth of Pao
of the fans. At higher frequencies, more power needs to be injected in the
feedforward signal to compensate for the low bandwidth of the fans.
w | and
To illustrate the effect of the shift α on the feedforward signal, |Pao
|FF| are shown for a varying shift in Figure 6.5. Additional to the amplitude
spectra, the time domain representation f f of the feedforward signal corresponding to the shifted FF is shown. In chapter 3, the feedforward signal
was maximized to use 75 % of the duty cycle of the fans and the corresponding values were normalized to [−1, 1] as shown previously in Figure 3.15. By
means of this normalization, values of f f out of the range [−1.33, 1.33] indicate saturation of the fans, even in the absence of feedback control. These
saturation levels are added to f f in Figure 6.5.
If α < 1, corresponding to patients breathing at a frequency fb < 0.2 Hz,
the amplitude of the feedforward signal decreases and consequently f f has
lower values, providing more margin to the feedback controller before saturation of the fans will occur. However, for this case, a reduced measurement
bandwidth is available.
For the cases in which α > 1, the amplitude of the feedforward signal increases, thereby pushing the feedforward signal out of the range of duty cycles imposed in chapter 3 and thus decreasing the margin for the feedback
controller. For a shift of α = 1.5, the feedforward signal pushes the fans into
saturation before feedback control is added. To reduce the impact of nonlinear distortions in the absence of patients breathing, this case needs to be
avoided. Therefore, we can state that, for the given excitation signal, the maximal shift is set to α = 1.5 corresponding to fb = 0.3 Hz. It should however be
noted that this is a simplification of the true measurement situation since saturation of the fans is dominated by the response of the feedback controller to
the patients breathing disturbance as previously illustrated in Figure 3.21.
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This elaboration shows that fb is limited to 0.3 Hz when we keep the pressure excitation signal that is used up to now. Patients with an fb > 0.3 Hz
would therefore be forced to breathe at fb = 0.3 Hz which could lead to loss
of synchronization. This will be changed in chapter 7 where the preparation
of a clinical trial requires for modified excitation signals to be able to handle
patients with an fb of more than 0.3 Hz without the risk of losing synchronization.
6.2.2.2 Patient cooperation
The practical implementation of the external stimulus targets the limitation
of frequency variation of the patients breathing contribution. In this work,
the patient is instructed to synchronize with a visual stimulus on a monitor, oscillating at the patients natural breathing frequency. The visual stimulus needs to prevent the patient from changing his/her breathing pattern,
thereby minimizing the frequency variation. The amplitude of the patients
breathing is not instructed separately. However, if the patient synchronizes
with the stimulus at his/her own fb , the patient is expected to keep breathing
at his/her tidal volume.

6.3 Measurement results
A measurement on a healthy subject with and without the adaptive measurement protocol is performed to demonstrate its advantage. First, the adaptive
method is omitted and a measurement is performed without synchronization
of the patients breathing or adaptation of the excitation signal. The patient
breathes spontaneously without following an external stimulus while 9 consecutive periods of the ORPM excitation with a base frequency of f0 = 0.1 Hz
are applied.
Next, the adaptive measurement protocol is applied, starting with an offline measurement of 20 seconds of the patients breathing. A fundamental
frequency fb of 0.27 Hz is estimated and the excitation signal is adapted following (6.3), yielding a base frequency of
f0 =

fb
= 0.135 Hz
2

(6.7)
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Figure 6.5: Influence of shift α of the adaptive measurement protocol on the feedforward signal
w (blue) and FF (black) (left) and f f (right) with normalwith amplitude spectra of Pao
ized values corresponding to 75 % duty cycle (blue) and saturation levels (red). As the
w and FF show, an increase of α corresponds to a higher magamplitude spectra of Pao
nitude of FF. Consequently, increasing f f leads to saturation of the fans if | f f | > 1.33
as highlighted for α = 1.5.
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which corresponds to a shift of the sample frequency of α = 1.35. The adapted
excitation signal is applied for a measurement time of 20 breathing cycles,
corresponding to 10 periods of the ORPM. As always, the first period is discarded for transient elimination, such that 9 periods are remained. During
the measurement, the patient is instructed to follow a visual stimulus on a
monitor oscillating at fb = 0.27 Hz.
For both the measurement with and without the adaptive measurement
protocol, the sample mean P̂ao,m and Q̂ao,m and sample (co-)variances σ̂P̂2 , σ̂Q̂2
and σ̂P̂2

ao,m Q̂ao,m

ao,m

ao,m

are calculated as defined in section 2.2.3. An estimate Ẑrs is

obtained using the maximum likelihood estimator given in (4.14). We will
discuss the influence of the adaptive measurement protocol by considering
each signal of interest for an estimation of Zrs .
P̂ao,m As Figure 6.6 illustrates, the frequency shift does not affect the SNR of
the pressure excitation signal defined in (4.12). An SNR of more than
30 dB is maintained.
Qao,m The most illustrative example of the impact of the adaptive measurement protocol can be found in Figure 6.7 which shows Qao,m over the
full measurement (without averaging over the periods). In the absence
of the adaptive measurement protocol, the spectral energy of the dominant breathing harmonic at 0.27 Hz leaks out over the neighboring frequency bins as discussed in section 6.1. Application of the adaptive
measurement protocol eliminates this spectral overlap by shifting the
excitation frequencies to follow (6.7) and reducing the frequency variation using the visual stimulus. The amplitude of Qao at frequencies that
are not breathing harmonics or excitation frequencies reaches the noise
level and is fairly constant around −40 dBL · s−1 .
Q̂ao,m Figure 6.8 shows how σ̂Q̂ao,m decreases to the value of the noise level
thanks to the adaptive measurement protocol. As a consequence, the
SNR of Q̂ao,m increases from negative values in the frequency range of
breathing to values of up to 15 dB using the adaptive method.
Ẑrs The final result is shown in Figure 6.9. The case without application
of the adaptive method has been broadly discussed in chapter 4. In
that case, the estimation of Zrs in the frequency range of breathing is
useless since the uncertainty bounds show that the estimation result
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Ẑrs is unreliable at the lowest three excitation frequencies. The adaptive method is able to solve this issue and provides estimates Ẑrs with
strongly decreased uncertainty bounds, hereby approximating the optimal case given in section 2.2.5. Hence, the adaptive measurement
protocol can provide measurements that can lead to Zrs estimates that
are usable for diagnostic purposes.

6.4 Conclusions
To handle the problem of breathing disturbances, an adaptive measurement
protocol has been introduced that can prevent the causes for spectral overlap
which lead to unreliable estimates of Zrs . A first proof of concept shows that
this protocol is able to strongly decrease the contribution of the breathing disturbances at the excitation frequencies. Therefore, the modeling techniques
presented in chapter 5 are no longer required and the maximum likelihood
estimator can be directly applied to the pressure and flow measurements at
the airway opening. This can provide estimates of Zrs with low uncertainty
bounds as illustrated with a measurement on a healthy subject. Moreover,
residual errors due to the inability of the subject to synchronize with the visual stimulus can be eliminated by the modeling techniques of chapter 5.
This is, however, not handled in this work.
To validate the use of the proposed protocol, a clinical trial on a group of
patients with varying respiratory complaints is required. We need to verify,
for example, if the synchronization with the visual stimulus is feasible for
these patients and if this also leads to estimates of Zrs with low uncertainty
bounds for patients with, for example, asthma or COPD. This clinical trial
will be discussed in chapter 7.
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Figure 6.6: Amplitude spectrum of P̂ao,m (full) and σ̂P̂ao,m (dashed) at the excited frequency lines
without (left) and with (right) use of the adaptive method. The adaptive method
shifts the excitation frequencies but does not increase σ̂P̂ao,m such that an SNR of more
than 30 dB is maintained.
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Figure 6.7: Amplitude spectrum of Qao over the full measurement without (up) and with (down)
use of the adaptive method (black plus) with highlighted excitation frequencies (red)
and breathing harmonics (blue). The fundamental breathing frequency fb is found
at 0.27 Hz and the base frequency of the excitation signal has been shifted to f0 =
0.135 Hz. The adaptive measurement protocol prevents spectral overlap between the
breathing contributions and the respiratory response.
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Figure 6.8: Amplitude spectrum of Q̂ao,m (full) and σ̂Q̂ao,m (dashed) at the excited frequency lines
without (left) and with (right) use of the adaptive measurement protocol. The adaptive protocol strongly decreases σ̂Q̂ao,m around the breathing frequency, such that an
SNR of more than 15 dB is reached.
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Figure 6.9: Rrs and Xrs for respiratory impedance estimate Ẑrs and the 95 % uncertainty bounds
without (left) and with (right) use of the adaptive measurement protocol. The uncertainty bounds of the measurement without using the adaptive protocol indicate that
the measurement is not reliable. The adaptive method can provide measurements
with strongly reduced uncertainty bounds, making the estimate usable for further
diagnostics in the clinical area.

158

7 Clinical trial
Up to this point, simulations and measurements on a small group of healthy
volunteers were used to optimize the measurement device, the adaptive protocol, and the post-processing methods. These steps were required before
measurements could be performed on respiratory patients suffering from
asthma and COPD.
With the adaptive protocol at our disposal we can conduct a clinical trial
to expand the test group to subjects with a variety of respiratory complaints.
The focus of this clinical trial lies on the comparison of healthy subjects with
asthma or COPD patients. In collaboration with the Respiratory Division of
the University Hospital of Brussels, a clinical trial on a group of about 60
subjects has been performed. The study was approved by the commission
of medical ethics from the University Hospital of Brussels with registration
number B.U.N. 143201628577 and informed consent was obtained from each
subject. The preparation and results of this trial are discussed in this chapter.
In section 7.1, we discuss the constraints of the clinical protocol and the
adjustments made to maximize the quality of the measurements. These adjustments demand an adaptation of the data processing which is discussed
in section 7.2. Before presenting the results in section 7.4, we will give the
research hypothesis of what is expected from the clinical results, given the
adaptive measurement protocol and the FOT device in section 7.3. Conclusions are drawn up in section 7.5 together with a set of improvements that
are required before the low frequency FOT measurements can serve as a diagnostic method in the clinical area.

7.1 Preparation
The goal of the clinical trial is to validate the low frequency FOT measurements on healthy subjects, asthmatic patients and patients with COPD. Measurements of Zrs in the frequency range below 2 Hz need to be obtained with
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minimal uncertainty. Since the quality of the measurements of Zrs depends
on the SNR of the measured pressure and flow, a first step is to redesign the
excitation signals to maximize the SNR, while maintaining a sufficient number of measurement frequencies to estimate Zrs below 2 Hz (section 7.1.1). As
an additional validation, a separate measurement at 5 Hz is executed for each
patient without using the adaptive method (section 7.1.2). Finally, we will
define the total protocol that will be used during the clinical trial in section
7.1.3.
Since the adaptive method is applied, the excitation frequencies are shifted,
based on the subject’s fb . Hence, Zrs is measured at slightly different frequencies for each subject. In order to compare Zrs for different patients, we
therefore impose the constraint that measurement frequencies in the vicinity
of 0.2 Hz and 1 Hz need to be available for any applied shift of the excitation frequencies. This is to allow for accurate estimates of Zrs at 0.2 Hz and
1 Hz for each subject through interpolation or parametric modeling of the Zrs
measurements.
Additionally, the following practical constraints are imposed for the total
protocol:
• Each subject needs to be measured within a total time span of maximum
15 minutes.
• The breathing frequency does not exceed the range of 0.1 − 0.4 Hz.
• A medical research assistant controls and supervises the measurement
protocol.

7.1.1 Improved excitation signals
Maximize pressure amplitude
To increase the SNR of pressure and flow, the amplitude of the pressure excitation needs to be maximized. Up to here, a standard pressure excitation
signal was used which excites every odd multiple of f0 between 0.1 and 2 Hz.
As illustrated previously in Figure 3.15, the total power of the pressure excitation signal is limited by the feedforward compensation f f and needs to be
divided over the excited frequencies. To further increase the amplitude of the
pressure excitation while avoiding f f to exceed its maximum, we therefore
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lower the number of excitation frequencies as shown in Figure 7.1. The number of excitation frequencies has been lowered while imposing the constraint
that measurement frequencies in the vicinity of 0.2 Hz and 1 Hz are available.
As illustrated, the elimination of a group of excitation frequencies allows for
an increase of amplitude of 4 dBPa at 0.1 Hz and 2 dBPa at 1.5 Hz while f f stays
within the range of [−1, 1]. For readability we denote the previous and im(0)
(1)
proved excitation signal as Pao and Pao respectively.

(0)

(1)

|Pao | [dBPa]

|Pao | [dBPa]
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Figure 7.1: Improved pressure excitation signal Pao has higher amplitude than previous Pao .
Amplitude spectra of Pao (up) and corresponding f f (down) for previous (left) and
improved (right) excitation signal. An increase of 4 dBPa at 0.1 Hz and 2 dBPa at 1.5 Hz
is obtained by lowering the number of excitation frequencies. f f is shown together
with normalized values corresponding to 75 % duty cycle (blue) and saturation levels
(red).
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Avoid saturation for high shift
As discussed in chapter 6 (Figure 6.5), the frequency shift α of the excitation
signal can cause the feedforward signal to push the fans into saturation. A
(1)
simulation using the improved excitation signal Pao is performed to detect
which α corresponds to saturation of the fans. Figure 7.2 shows the amplitude spectra of the pressure together with f f for an α of 1.2 and 1.4. As
(1)
illustrated, f f will exceed the saturation level of the fans for Pao when a shift
of α = 1.4 is applied. Moreover, a further increase of α would eliminate the
presence of measurement frequencies around 1 Hz which would impede the
access to accurate 1 Hz estimates of Zrs .
(1)
Since α = 1.4 corresponds to fb = 0.28 Hz, the use of Pao would force the
fans into saturation for all subjects with an fb > 0.28 Hz. To solve this prob(2)
lem, a second improved excitation signal Pao is used for measurements of
subjects with higher fb . The choice of excitation signal is given by
(1)

fb < 0.27 → apply Pao

(2)

fb > 0.27 → apply Pao

(7.1)

with fb = 0.27 Hz chosen as threshold to add a margin of 0.01 Hz from the
(1)
saturation of Pao occurring at fb = 0.28 Hz.
(2)
Pao is shown together with f f in Figure 7.3 for a shift of α = 1.4 and
(2)
α = 1.9. The use of Pao prevents f f from forcing the fans into saturation, up
(2)
to α = 1.9, corresponding to fb = 0.38 Hz. The reason Pao can avoid saturation
(1)
of the fans where Pao could not, can be found in the excitation frequencies.
(1)
(2)
While Pao excites a set of frequencies between f0 and 15 f0 , Pao excites fre(2)
quencies between f0 and 11 f0 . This means that the use of Pao for α < 1 would
(2)
put the highest measured frequency at about 1 Hz. However, since Pao is only
used for subjects for whom fb > 0.27 Hz, a desirable frequency range can be
maintained, including 0.2 and 1 Hz without forcing the fans into saturation.
To keep an overview, the measured frequency ranges corresponding to a set
of natural breathing frequencies fb are given in Table 7.1. As this table shows,
the constraint regarding measurements around 1 Hz is not fulfilled in the rare
case an fb of 0.1 Hz would be observed. For the other, more common fb ’s, a
desirable frequency range including 0.2 and 1 Hz is obtained.
Finally, it should be noted that, even with all the adaptations discussed
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here, saturation of the fans will still occur during the measurements. Due
to the external breathing disturbances, the feedback controller of the FOT
device can cause saturation of the fans and consequential nonlinear distortions on the pressure excitation. Nonetheless, the precautions discussed here
ensure that saturation cannot be caused by f f .
(1)

f f (1)

|Pao | [dBPa]
34
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Figure 7.2: Large shift of f0 can push fans into saturation. Amplitude spectra of Pao for α = 1.2
and α = 1.4 (dashed lines indicate 0.2 Hz and 1 Hz) with corresponding f f . f f is
shown together with normalized values corresponding to 75 % duty cycle (blue) and
saturation levels (red). Red ellipses highlight points where f f causes saturation of
the fans.

7.1.2 5 Hz measurement
A 5 Hz measurement is added to the protocol to allow for comparison with
measurements from existing FOT devices such as the Resmon Pro [20]. Moreover, it adds a component out of the low frequency bandwidth (0 − 2 Hz)
which can be incorporated for the estimation of parametric models (section
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Figure 7.3: Additional excitation signal Pao avoids fan saturation due to f f . Amplitude spectra
(2)
of Pao for α = 1.4 and α = 1.9 (dashed lines indicate 0.2 Hz and 1 Hz) with correspond(2)
ing f f . The use of Pao allows to generate excitation signals with high shift α without
f f causing saturation. f f is shown together with normalized values corresponding
to 75 % duty cycle (blue) and saturation levels (red).

7.2). In theory, the 5 Hz measurement could be added to the excited frequencies of the improved excitation signals from section 7.1.1. However, due to
the low bandwidth of the fans of the FOT device, the additional 5 Hz would
significantly reduce the amplitudes of the pressure excitation at the frequencies below 2 Hz. Since this would decrease the SNR of both pressure and flow,
causing Zrs to be measured with increased uncertainty, we have chosen to
perform the 5 Hz measurements separately.
In practice, a single component at 5 Hz is applied with a fixed sample frequency of 100 Hz and is thus not adapted to the subject’s fb . The adjusted
sample frequency of 100 Hz is chosen to prevent leakage when the individual periods of 5 Hz would be considered. Moreover, no significant breathing
disturbances are expected at 5 Hz. A period-by-period evaluation of the 5 Hz
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(−)

fb [Hz]

f0 [Hz]

α

Pao

fmin [Hz]

fmax [Hz]

0.1
0.15
0.2
0.25
0.27

0.05
0.075
0.1
0.125
0.135

0.5
0.75
1
1.25
1.35

1
1
1
1
1

0.05
0.075
0.1
0.125
0.135

0.75
1.125
1.5
1.875
2.025

0.28
0.3
0.35
0.38

0.14
0.15
0.175
0.19

1.4
1.5
1.75
1.9

2
2
2
2

0.14
0.15
0.175
0.19

1.54
1.65
1.925
2.09

Table 7.1: Overview of shift α, fundamental frequencies f0 , corresponding excitation signals
(−)
Pao , lowest excited frequencies fmin and highest excited frequencies fmax for a range
(2)
of breathing frequencies fb . Pao is only used starting from fb > 0.27 and uses a smaller
(1)
frequency range than Pao as highlighted in bold.

measurement is however not considered in this work.
For the design of the 5 Hz excitation, the corresponding feedforward signal f f is kept within [−1, 1] which corresponds to a pressure amplitude of
24.7 dBPa at 5 Hz.

7.1.3 Protocol
Given the improved excitation signals and the separate 5 Hz measurement,
the protocol applied to each subject can be defined. During the measurements, a medical research assistant is present to instruct the subjects and to
supervise the measurement progression. For a fluent operation of the clinical
trial, a graphical user interface (GUI) has been developed. This is done by
means of the web-based monitoring application of the microcontroller unit
(MCU). A main advantage of this implementation is that the FOT device can
be controlled by means of any device that accommodates an Ethernet connection. The only required software is a web-browser such as Google Chrome or
Mozilla Firefox.
A representation of the GUI is shown in Figure 7.4 and will be used throughout the discussion of the protocol.
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Figure 7.4: Representation of the GUI for the clinical trial. A contains the visual stimulus for
the subject which consists of a circle of which the gray area undergoes an oscillating
variation. The number 20 corresponds to the number of breathing cycles that are
executed during the measurement and counts down to 0 once a pressure excitation is
applied. B contains the controls for the medical assistant, respectively measurement
of the breathing properties (Meas qb ), initialization of the visual stimulus (Sync), application of the low frequent excitation signal (Exc), and application of the 5 Hz excitation (5 Hz). C contains the measured breathing properties fb and RIE which can
be manually adjusted if necessary. D contains the desired (upper panel, normalized
to [0,1]) and measured (lower panel, expressed in [L]) breathing volume as a function
of time such that the medical assistant can supervise the breathing volume of the
subject and can verify if the subject is synchronized with the visual stimulus.
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7.1.3.1 Measurement of breathing properties
In order to perform the adaptive method, an estimate of the subjects natural
breathing frequency fb is required. Additionally, an estimate of the ratio of
inspiration time to expiration time, denoted as RIE , is desired. The latter is
beneficial to improve the synchronization of the subject with the visual stimulus applied during the FOT measurements. If a subject with an RIE of 0.4
during spontaneous breathing is synchronized with a visual stimulus oscillating with RIE = 0.5, the subject is more likely to lose synchronization. This
eventually leads to erroneous measurements of Zrs . While RIE is generally
around 0.5, it can become as low as 0.3 for subjects with obstructive lung
diseases, such as COPD patients, due to the increased effort required during
expiration.
The visual stimulus (A in Figure 7.4) is idle when measuring the natural
breathing and the subject is instructed to breathe spontaneously. The medical
assistant starts a flow measurement of 20 seconds by using ’Meas qb ’ in B in
Figure 7.4. The medical assistant can verify if the subject is breathing at
his/her tidal volume, without changing his/her natural breathing pattern by
means of the volume trace in D in Figure 7.4.
From this 20 second measurement, fb is estimated together with RIE and
the results are shown in the column ’Measured’ of C in Figure 7.4. The visual
stimulus is reconfigured to oscillate with the measured fb and RIE . Meanwhile, the excitation frequencies are shifted using the improved excitation
signals of section 7.1.1 and selecting the excitation signal based on condition
(7.1). The reconfiguration of both the visual stimulus and the excitation frequencies is implemented in the MCU and takes less than 1 second to execute.
7.1.3.2 Synchronization
Given the measurement of fb and RIE , the visual stimulus (A in Figure 7.4) is
started and the subject is instructed to synchronize his/her breathing. The visual stimulus contains a countdown from 20 to 0 corresponding to the number of breathing cycles per measurement. As long as no excitation signals
are applied, this number stays fixed at 20. The visual stimulus is started by
pressing ’Sync’ in B of Figure 7.4.
Both the desired and the measured volume are shown in D of Figure 7.4
and the medical assistant can verify if the subject is able to synchronize with
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the visual stimulus. If necessary, both fb and RIE can be updated in the column ’Manual’ in C in Figure 7.4.
7.1.3.3 Low frequency measurements
Once the subject is synchronized with the visual stimulus, the low frequent
pressure excitation can be applied. For each measurement, the medical assistant starts the excitation signal at the start of an inspiration using ’Exc’ in B
in Figure 7.4.
Three measurements, interrupted by small breaks for the subject, are executed without changing the excitation signal in between. The measurement
time of a single measurement is fixed at 20 breathing cycles, corresponding
to 10 excitation periods, independent of the subject’s fb . This means that a
single measurement can vary from 50 seconds for a subject with a breathing period of 2.5 seconds ( fb = 0.4 Hz) to 140 seconds for a subject with a
breathing period of 7 seconds ( fb ≈ 0.14 Hz). An alternative would be to fix
the measurement time and vary the number of breathing cycles. However, in
that case, the number of measured excitation periods can vary between the
subjects. This has a practical disadvantage since the assistant would not be
able to tell the subject in advance how many breathing cycles he/she has to
perform until fb is measured.
To eliminate transients, the first period of each measurement is discarded
such that 9 periods are retained. Hence, the execution of three measurements
provides 27 periods that can be used for the estimation of Zrs using the ML
estimator from (4.14).
During the measurement, the medical assistant supervises the subject’s
breathing pattern using the measured volume in D in Figure 7.4. If the subject is varying his/her frequency, or strongly increasing his/her breathing volume, the medical assistant can intervene by simply instructing the subject or,
if necessary, by restarting the measurement.
This entire process takes between 5 and 10 minutes, depending on the subject’s fb and depending on the breaks between the measurements.
7.1.3.4 5Hz measurements
Finally, a separate 5 Hz measurement is executed for a measurement time corresponding to 20 breathing cycles (’5 Hz’ in B in Figure 7.4). As mentioned
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before, the 5 Hz excitation is not adapted to the subject’s fb since the breathing disturbance does not affect the measurements at 5 Hz. This implies that
the number of excitation periods of the 5 Hz measurements does vary for each
subject as opposed to the fixed number of 10 excitation periods of the low frequent excitation signals. This choice is made only to reduce the complexity of
the measurement protocol such that the number of breathing cycles remains
fixed at 20 for all measurements. Moreover, a much higher number of measured periods, i.e. 500 periods for a subject with an fb = 0.2 Hz, is obtained
compared to the low frequency measurements. This makes the estimation of
Zrs at 5 Hz less sensitive to outliers than would be the case for a low number
of measured periods.

7.2 Data processing
A two step approach is used to determine Zrs . First, nonparametric estimates
are obtained using the ML estimator given in (4.14). Second, a constant phase
model (section 4.3.1.1) is estimated enabling the evaluation of Zrs at any given
frequency up to 5 Hz.
For the first time since chapter 4, the respiratory admittance Yrs is taken
into consideration. This is of particular interest for the parametric model
estimation as will be elaborated below.

7.2.1 Nonparametric estimates
The clinical protocol consists of 3 measurements using the low frequent pressure excitation signals from section 7.1.1 complemented with a separate 5 Hz
measurement.
Low frequency estimates
The shifted excitation frequencies of the low frequent pressure excitation
are denoted as flow . Since the pressure excitation signal is unchanged for
the low frequency measurements, the 27 measured data blocks are concate(low)
(low)
2(low)
2(low)
nated and sample means P̂ao,m and Q̂ao,m with (co-)variances σ̂P̂
, σ̂
ao,m

2(low)
P̂ao,m Q̂ao,m

and σ̂

Q̂ao,m

are obtained at frequency bins corresponding to flow .
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ML and Ŷ ML given in (4.14) and (4.15) with variances
The ML estimators Ẑrs
rs
σ̂Ẑ2ML and σ̂Ŷ2ML given in (4.24) and (4.25) are applied to obtain estimates at flow
rs
rs
of Zrs and Yrs respectively. The results of the ML estimation of Zrs and Yrs at
(low)
(low)
the low frequencies are denoted as Ẑrs and Ŷrs with variances σ̂ 2(low) and
Ẑrs

σ̂ 2 (low) respectively.
Ŷrs

5 Hz estimates
(5)

2(5)

(5)

Sample means P̂ao,m and Q̂ao,m with (co-)variances σ̂P̂

ao,m

2(5)

, σ̂Q̂

ao,m

2(5)

and σ̂P̂

ao,m Q̂ao,m

are obtained separately for the 5 Hz measurements and the ML estimator is
(5)
(5)
applied providing Ẑrs and Ŷrs with variances σ̂ 2(5) and σ̂ 2(5) .
Ŷrs

Ẑrs

Total
The merge of the low frequency estimates with the 5 Hz estimates gives estimation results at the merged frequency vector fexc = [flow 5]τ . The concatenation of the estimation Q̂ao,m is obtained as
"
Q̂ao,m =

(low)
Q̂ao,m
(5)
Q̂ao,m



#
, σ̂Q̂2

ao,m

=

σ̂ 2 (low)



σ̂ 2 (5)



Q̂ao,m

(7.2)

Q̂ao,m

and the corresponding total nonparametric estimation results, denoted as Ẑrs
and Ŷrs with variances σ̂Ẑ2 and σ̂Ŷ2 are given by
rs

rs

"
Ẑrs =
"
Ŷrs =

(low)

Ẑrs
(5)
Ẑrs

(low)

Ŷrs
(5)
Ŷrs



#

, σ̂Ẑ2 = 
rs

σ̂ 2(low)



σ̂ 2(5)



σ̂ 2 (low)



σ̂ 2(5)



Ẑrs

(7.3)

Ẑrs



#

, σ̂Ŷ2 = 
rs

Ŷrs

(7.4)

Ŷrs

7.2.2 Parametric Model estimation
Given the estimation results (7.3) and (7.4), parametric model estimations
are obtained using the constant phase model of section 4.3.1.1. The model
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parameters are noted as
θCP = [ Raw

Iaw

G

H ]

(7.5)

and can be estimated through either Zrs or Yrs using (7.3) and (7.4). The available variance estimates, σ̂Ẑ2 and σ̂Ŷ2 , can be used to apply a weighted estimars
rs
tion to obtain θCP .
In the general measurement case that SNRP  SNRQ , σ̂Ŷ2ML has a lower bias
rs

than σ̂Ẑ2ML as was elaborated in section 4.4.3. Up to here, only nonparametric
rs
estimates were used and the bias on the uncertainty was of minor importance
since the uncertainty bounds were not used further on. Moreover, only measurements of healthy subjects were considered for which an SNRQ of more
than 15 dB is obtained, leading to a strongly decreased bias on σ̂Ẑrs . Section
7.3 will show that the SNRQ can strongly decrease for measurements of patients with respiratory diseases. Therefore, we appeal to Ŷrs and σ̂Ŷrs and use
the inverse constant phase model


G − jH −1
(7.6)
Y (ω, θCP ) = Raw + jωIaw +
ωα
2
H
α = arctan( )
(7.7)
π
G

to obtain estimates
θ̂CP = arg min V (θCP )

(7.8)

θCP

with the cost function V (θCP ) given by
V (θCP ) =

1 Nf |Ŷrs (ωexc (k)) −Y (ωexc (k), θCP )|2
∑
Nf k=1
σ̂ 2 (ωexc (k))

(7.9)

Ŷrs

with ωexc = 2πfexc containing Nf angular frequencies. A nonlinear gradient
search algorithm from MATLAB [82], named fmincon is used to minimize
V (θCP ). This algorithm allows to constrain the estimated parameter values.
We will set the lower constraint at 0 for each parameter of θCP to avoid physically insensible, i.e. negative, parameter values. Given the estimated parameters θ̂CP , both Yrs (ω, θ̂CP ) and Zrs (ω, θ̂CP ) can be evaluated at any given
frequency.
Equation (7.9) shows that the estimation error between Ŷrs and Y (θCP ) is
weighted with the estimated uncertainty σ̂Ŷrs . In addition, uncertainty bounds
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on the estimated parameters θ̂CP are obtained by means of the Jacobian matrix J(ωexc , θ̂CP ) with
J[k,i] =

1
∂Y (ωexc (k), θCP )
σ̂Ŷrs (ωexc (k))
∂ θCP,i

(7.10)

for the kth angular frequency and the ith parameter of θCP . The covariance
matrix of the estimated parameters [83] is then given by
cov(θ̂CP ) = (J T J)−1

(7.11)

and the diagonal elements of cov(θ̂CP ) provide σ̂θ̂2 . Uncertainty bounds on
CP

the estimated parameters θ̂CP are then given by σ̂θ̂CP .

7.3 Research hypothesis of the clinical trial
The goal of the clinical trial is twofold. The first purpose is to verify if accurate measurements of Zrs can be obtained for patients with a variety of
respiratory diseases by using the adaptive measurement protocol. Secondly,
we want to verify if notable differences in Zrs can be observed within and
between the groups of healthy, asthmatic, and COPD patients. The hypothesis is that patients with asthma and COPD have an increased resistance (real
part of Zrs ) and increased frequency dependence compared to healthy subjects [10,14,24,35]. However, given the FOT device and the applied protocol,
an additional hypothesis is that increased values of |Zrs | may lead to measurements with high uncertainty.
Prior to verifying this hypothesis on the results of the clinical trial, a simulation of the expected results is provided. Up to now, simulations and measurements were executed using Zrs values of healthy subjects, given in section
4.3, Figure 4.5. Once the breathing disturbances are eliminated, the remaining cause of uncertainty on the measurements is the noise contribution to the
flow measurement. Consequently, an SNR of about 15 dB could be obtained
on the flow response signal, leading to reliable estimates of Zrs for healthy
subjects (for example, Figures 6.8-6.9 ).
During the clinical trial, healthy subjects will be compared with patients
with asthma and COPD whose corresponding Zrs can lead to decreased SNR
on the flow measurements. In practice, this implies that an increased severity
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of the corresponding respiratory disease strongly impedes the access to Zrs ,
providing estimates with increased uncertainty.
Based on models of Zrs for patients with asthma and COPD, simulations
are built up to demonstrate the expected measurement results. The main
constraints of this simulation are set according to the measurement protocol
of the clinical trial:
• Q̂ao,m and Ẑrs are obtained as discussed in section 7.2.1.
• The standard deviation σq of the noise contribution qn (t) ∼ N(0, σq ) is
set to 0.7 L/s corresponding to the values from the measurements.
Furthermore, the following simplifications are made in comparison to the
actual measurements:
• The noise on the pressure excitation is omitted since the strongly increased SNR of the pressure input (SNRP > 40 dB as shown in Figure
6.6) has a negligible impact on the estimation of Zrs in comparison to
SNRQ .
• The excitation signal is not shifted, corresponding to an fb = 0.2 Hz and
f0 = 0.1 Hz.
• Perfect synchronization of the subjects breathing is assumed such that
no breathing disturbances are present at the excitation bins.
• The LTI assumption is maintained and no time-varying contributions
are taken into account.
Simulations for asthma and COPD patients are performed and compared to
simulation results for a healthy subject under the same conditions.

7.3.1 Asthma
To our knowledge, there are no experimental values available for Zrs in asthma
patients below 2 Hz. Therefore, reference values for the constant phase model
are taken from [14] were ZL was estimated for two types of asthmatic patients. An estimate of Zrs based on the values of [14] is obtained by adding
3 hPa · L · s−1 to the ZL values to account for chest wall contributions [40].
In [14] asthmatic patients were measured and classified into Type A and Type
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Type A
Type B
Healthy

Raw [hPa · L−1 · s]
5.61
7.86
4.58

Iaw [hPa · L−1 · s2 ]
0.01
0
0.02

G[hPa · L−1 ]
1.41
2.19
1.49

H[hPa · L−1 ]
6.83
8.83
7.94

Table 7.2: Parameter values of the constant phase model for Type A and Type B asthmatics and
healthy subject.

B asthmatics with significantly different values for θCP . The mean values of
Type A asthmatics and Type B asthmatics after correcting for chest wall contribution are given in Table 7.2 with the healthy example added for comparison. It should be noted that airway shunt compliance was added to model
Type B asthmatics in [14] which is omitted in the approximation used here.
The simulation results are shown in Figure 7.5. To illustrate the impact
of decreased SNRQ on the estimation of Zrs , the flow amplitude spectra are
shown together with Zrs . As shown, this approximation indicates that asthma
patients are expected to differ from healthy subjects mostly in Rrs since no
notable difference is observable in Xrs . Moreover, an increased frequency dependence below 2 Hz is observable for Type B asthmatics. However, Rrs values
for Type A asthmatics strongly approximate healthy subjects, indicating that
not all asthmatic patients can be differentiated from healthy subjects. Finally,
we point out that the decrease of SNRQ for Type B asthmatics leads to an increased uncertainty of Ẑrs .

7.3.2 COPD
Reference values are taken from [35] since, to our knowledge, no standardized values are available for Zrs in COPD patients below 2 Hz. In [35], FOT
measurements are applied on ventilated COPD patients in the absence of
flow limitation and dynamic airway compression for different levels of positive end-expiratory pressures (PEEP). These measurements provide Zrs data
between 0.4 and 4.8 Hz which are modeled using the constant phase model.
To compare with our clinical trial, in which no PEEP is applied, the averaged
values of θCP for the ventilated COPD patient group at the lowest reported
PEEP level (5 cmH2 O) are considered (Table 7.3).
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(a) Amplitude spectrum of Q̂ao,m (full) and σ̂Q̂ao,m (dashed) for Type A (blue) and Type B
asthmatics (red). Black line indicates Q̂ao,m for healthy subjects.
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(b) Rrs and Xrs for true Zrs (full) and estimated Ẑrs and the 95 % uncertainty bounds (dashed)
for Type A (blue) and Type B asthmatics (red). Black line indicates Zrs for healthy subjects.

Figure 7.5: Flow amplitude spectra Q̂ao,m and estimated impedances Ẑrs for Type A and Type
B asthmatics taken from [14] with comparison to healthy subjects. Zrs illustrates
that difference is observable at Rrs but not at Xrs . Additionally, Rrs values for Type
A asthmatics strongly approximate healthy subjects, while difference with Type B
asthmatics is clearly visible. Decreased SNRQ for Type B asthmatics leads to increased
uncertainty bounds on Ẑrs .
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Raw [hPa · L−1 · s]
5.89

Iaw [hPa · L−1 · s2 ]
0

G[hPa · L−1 ]
10.79

H[hPa · L−1 ]
27.46

Table 7.3: Parameter values of the constant phase model for COPD patients at PEEP level of
5 cmH2 O.

The simulation results are shown in Figure 7.6. As shown in Figure 7.6a, a
decrease of |Q̂ao,m | leads to a decreased SNRQ in comparison to healthy subjects. As illustrated in Figure 7.6b, this strongly increases the uncertainty of
Ẑrs . Nonetheless, a much higher frequency dependence in both Rrs and Xrs is
observable at frequencies below 2 Hz in comparison to healthy subjects.

7.3.3 Conclusion
Simulations show that, in theory, asthma and COPD patients can be differentiated from healthy subjects in terms of their frequency dependence below 2 Hz. For asthma patients, differentiation from healthy subjects is most
prominent in Rrs , but even so the observed Rrs increases can become very
small, particularly in Type A asthmatic patients. For COPD patients, both Rrs
and Xrs are seen to be different from healthy subjects. It should be noted that
an increased uncertainty on Ẑrs is expected.
Finally, we repeat that these simulations are performed under the assumption that perfect synchronization occurs, the respiratory system behaves as an
LTI system, and no additional noise sources are present. These assumptions
can be violated in practice, leading to measurements with higher uncertainty
than observed in these simulations.

Intermezzo: influence of noise on impedance estimation
Throughout this research hypothesis, we discussed how the noise on the flow
measurement can decrease the quality of the estimates of Zrs . In the case of
COPD patients, we hypothesized that a low value of SNRQ (Figure 7.6a) may
lead to high uncertainty bounds on Ẑrs (Figure 7.6b). To have an idea of the
desired standard deviation of the flow measurement, given by σq , we add
a simulation using the constant phase parameter values for COPD patients
(Table 7.3) for different values of σq .
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(a) Amplitude spectrum of Q̂ao,m (full red) and σ̂Q̂ao,m (dashed red) for COPD patients.
Black line indicates Q̂ao,m for healthy subjects.
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(b) Rrs and Xrs for true Zrs (full red) and estimation Ẑrs and the 95 % uncertainty bounds
(dashed red) for COPD patients. Black line indicates Zrs for healthy subjects. Note the
increased scale of both Rrs and Xrs in comparison to Figure 7.5b.
Figure 7.6: Flow amplitude spectra Q̂ao,m and estimated impedances Ẑrs for COPD patients taken
from [35] with comparison to healthy subjects. Zrs illustrates increased frequency
dependence in both Rrs and Xrs at frequencies below 2 Hz. Decreased SNRQ causes
strong increase of uncertainty bounds on Ẑrs .
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Figure 7.7: Rrs and Xrs for true Zrs (full black) and estimation Ẑrs with 95 % uncertainty bounds
for COPD patients at decreased values of σq with σq = 0.35 L/s (red) and σq = 0.1 L/s
(green).

As shown in Figure 7.7, a standard deviation on the flow measurement of
σq = 0.35 L/s would lead to a significant decrease of the uncertainty bounds
while σq = 0.1 L/s approximates the ideal case, shown previously in Figure
2.4, since very low uncertainty bounds are observed. However, this is a simulation result and advanced hardware adaptations are required to obtain a
noise level of, for example, σq = 0.1 L/s. We hypothesize that an adaptation
of the conduits of the device, and their interaction with the fans, targeted at
reducing turbulent flow at the mouthpiece, could be a first step in reaching
these desired noise levels. However, this is out of the scope of this work.
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7.4.1 Subjects
Measurements were made in 19 healthy subjects, 21 asthmatic patients and
23 COPD patients. The inclusion criteria for asthmatic subjects were a prior
diagnosis of asthma by a physician following the Global Initiative for Asthma
(GINA) guidelines. For COPD patients, the inclusion criteria were prior diagnosis of COPD by a physician following the Global Initiative for Chronic
Obstructive Lung Disease (GOLD) guidelines. All asthma and COPD patients were undergoing treatment for at least a year on the date of the measurements. The study was approved by the ethical committee of the University Hospital Brussels (Universitair Ziekenhuis Brussel (UZB)). For each
subject, a spirometric test was performed on the same day as the FOT measurements. The spirometric data we consider are the forced expiratory volume in 1 second (FEV1 ) in percentage of predicted FEV1 for a subject with
similar physical data (weight, height, age, sex) and the Tiffenau index, given
as TInd = FEV1/FVC with FVC the forced vital capacity.

7.4.2 Results
The measurement protocol was executed successfully and synchronization
could be obtained for each of the 63 measured subjects. In a couple exceptional cases, the medical assistant had to manually adjust fb because the estimate of fb did not match the subject’s natural breathing frequency.
Several of the measurement results agreed with the expected values discussed in section 7.3. However, in each of the groups (healthy, asthma and
COPD) we observed multiple measurements that did not agree with the research hypothesis. For each of the groups, the parametric model Zrs (ω, θ̂CP ) is
given for all subjects and a set of examples is given to illustrate the quality of
the measurements. Additionally, unexpected cases are highlighted and discussed. When parametric results are reported, extrapolation will be avoided
by evaluating the parametric model only between 0.1 Hz and 5 Hz.
We will focus mainly on the values of Rrs since the hypothesis from section
7.3 indicated that a higher sensitivity is expected from the resistive contribution to Zrs than from the reactive contribution Xrs , except for COPD patients. Throughout this elaboration we will compare the obtained results for
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Zrs with spirometric data but it should be taken into account that additional
differentiating issues such as differences in glottal aperture of the subjects or
differences in age, height, weight etc. can be present. While the physiological interpretation is not the main purpose of this trial, a discussion on the
estimated constant phase parameters θ̂CP is added.
7.4.2.1 Healthy subjects
The physical data for healthy subjects, together with spirometric values are
presented in Table 7.4. The estimated parametric models Zrs (ω, θ̂CP ) (Figure
7.8) illustrate that the majority of the measured healthy subjects accord with
the hypothesized values for Zrs but outliers can be observed. We take a closer
look at three examples that match the hypothesis and afterwards we consider
two of the outliers.
The selected examples VR, DN, and VT match the expected values for
healthy subjects. First, subject VR is considered separately to illustrate the
intermediate results leading to the final estimate of Ẑrs . To demonstrate
that synchronization was obtained successfully, ensuring the elimination of
breathing disturbances, the amplitude spectrum of Qao,m over the 27 low frequency periods is shown for subject VR in Figure 7.9. As demonstrated in
Figure 7.10, this provides estimates Q̂ao,m as given in (7.2) with an SNRQ of
about 20 dB over the full frequency range. The admittance estimate Ŷrs is
shown together with the parametric model Yrs (ω, θ̂CP ) (section 7.2.2) in Figure 7.11. The estimated parameters θ̂CP are used to obtain the parametric
model Zrs (ω, θ̂CP ) which is shown together with Ẑrs in Figure 7.12.
The same procedure is followed for subjects DN and VT and the results
are shown in Figure 7.13 and 7.14 respectively. To compare the results at all
frequencies, the parametric models Zrs (ω, θ̂CP ) for each subject are shown in
Figure 7.15 and the corresponding values for θ̂CP are given in Table 7.5. As
Table 7.5 shows, the hysteresivity η = G/H is higher than the value of η ≈ 0.2
given in [40], even when the uncertainty bounds are taken into account. This
indicates a limitation of the constant phase model which could be improved
by extending the model with an airway shunt capacitance and/or distributed
airway and tissue models [84]. This will however not be handled in this work.
The three examples, VR, DN and VT agree with the research hypothesis
for healthy subjects as predicted by the corresponding spirometric values for
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FEV1 and TInd. However, two separate examples with similar spirometric
values (Table 7.4) are discussed to demonstrate that deviations from the expected behavior can occur which is not detected by the spirometric data.
A first example is subject VL, for which a strongly elevated Rrs is observed
(Figure 7.16). The values of Rrs stay around 10 hPa · L−1 · s over the whole frequency range, while Rrs did not exceed 10 hPa · L−1 · s and decreased to values
below 5 hPa · L−1 · s above 1 Hz for the three typical examples discussed above.
An additional example is subject RE, for which the spirometric values don’t
indicate any deviation from subject VL. Nonetheless, the Zrs measurement
of RE (Figure 7.17) shows no frequency dependence of Rrs . The estimated
parametric model Zrs (ω, θ̂CP ) for subject VL and RE, are shown together in
Figure 7.18 and the values of θ̂CP are given in Table 7.6. The lack of frequency
dependence in Rrs for subject RE causes an estimated tissue damping G of 0.
To summarize we can state that i) the adaptive protocol shows to provide
measurements with low uncertainty for healthy subjects, ii) the hypothesized
values for healthy subjects can be observed as shown with three typical examples and iii) even in the case of overlapping spirometric values, deviated
values of Rrs can be observed as shown with two examples.
Ẑrs [hPa · s · L−1 ]
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Figure 7.8: Rrs and Xrs for Zrs (ω, θ̂CP ) for all 19 healthy subjects with Rrs values matching the
research hypothesis (blue, n = 13) and deviating from research hypothesis (red, n = 6).
Black dashed lines indicate reference value for healthy subjects from section 7.3.
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Subject

Age (yr)

Sex

Height (cm)

Weight (kg)

FEV1 (% pred)

TInd

CN

24

M

169

82

89

84

CI

23

F

175

83

108

86

DB

26

F

163

64

101

86

DL

23

M

177

69

97

83

DT

28

M

178

64

130

82

DN

30

F

166

51

104

81

HS

26

F

161

73

102

83

KA

45

F

170

63

97

79

MJ

71

M

167

67

117

73

ME

70

M

173

75

111

71

MG

33

F

157

55

132

88
83

RE

37

M

185

67

100

TM

63

F

168

71

103

70

VS

34

F

170

56

121

84

VR

50

M

186

93

111

77

VT

19

M

182

80

120

83

VG

84

M

169

78

100

70

VY

22

F

171

73

68

76

VL

62

F

158

62

107

77

Table 7.4: Physical and spirometric data (FEV1 in % of predicted and TInd) for 19 healthy subjects. Colored rows indicate examples that are discussed separately, blue indicates
examples corresponding to the hypothesis, and red indicates examples that deviate
from the hypothesis.
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Figure 7.9: Amplitude spectrum of Qao,m over the 27 low frequency periods with highlighted
excitation frequencies (red) and breathing harmonics (blue) for healthy subject VR.
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Figure 7.10: Amplitude spectrum of Q̂ao,m (full) and σ̂Q̂ao,m (dashed) for healthy subject VR.
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Figure 7.11: Real and imaginary part of Ŷrs and the 95 % uncertainty bounds for healthy subject
VR (blue line). Red line indicates the estimated model Yrs (ω, θ̂CP ).

Ẑrs [hPa · s · L−1 ]

Rrs

10

0

Xrs

0

−10
0.097

0.876 1.460

5
Frequency [Hz]

Figure 7.12: Rrs and Xrs for Ẑrs and the 95 % uncertainty bounds for healthy subject VR (blue
line). Red line indicates the estimated model Zrs (ω, θ̂CP ).
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Figure 7.13: Real and imaginary part of Ẑrs and the 95 % uncertainty bounds for healthy subject
DN (blue line). Red line indicates the estimated model Zrs (ω, θ̂CP ).
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Figure 7.14: Rrs and Xrs for Ẑrs and the 95 % uncertainty bounds for healthy subject VT (blue line).
Red line indicates the estimated model Zrs (ω, θ̂CP ).
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Figure 7.15: Parametric models Zrs (ω, θ̂CP ) for typical healthy subjects VR, DN and VT.

Subject
VR
DN
VT

Raw [hPa · L−1 · s]
3.16 ± 0.39
3.45 ± 0.84
2.58 ± 0.80

Iaw [hPa · L−1 · s2 ]
0.04 ± 0.02
0.02 ± 0.02
0.03 ± 0.02

G[hPa · L−1 ]
3.03 ± 0.68
2.84 ± 1.20
3.99 ± 1.18

H[hPa · L−1 ]
5.06 ± 0.57
3.13 ± 0.97
4.74 ± 1.18

Table 7.5: Estimated values for constant phase parameters θ̂CP with uncertainty bounds ±σ̂θ̂CP
for typical healthy subjects VR, DN and VT. The hysteresivity η = G/H is higher than
the expected value of η ≈ 0.2 given in [40] which indicates the limitation of the constant phase model.
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Figure 7.16: Rrs and Xrs for Ẑrs and the 95 % uncertainty bounds for healthy subject VL (blue line).
Red line indicates the estimated model Zrs (ω, θ̂CP ).

Ẑrs [hPa · s · L−1 ]

Rrs

10

0

Xrs

0

−10
0.153

1.073 1.686

5
Frequency [Hz]

Figure 7.17: Real and imaginary part of Ẑrs and the 95 % uncertainty bounds for healthy subject
RE (blue line). Red line indicates the estimated model Zrs (ω, θ̂CP ).
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Figure 7.18: Parametric models Zrs (ω, θ̂CP ) for healthy subjects VL (full), and RE (dashed).

Subject
VL
RE

Raw [hPa · L−1 · s]
8.05 ± 1.30
4.36 ± 0.28

Iaw [hPa · L−1 · s2 ]
0.00 ± 0.11
0.00 ± 0.03

G[hPa · L−1 ]
2.72 ± 2.89
0.00 ± 1.01

H[hPa · L−1 ]
8.15 ± 2.46
7.02 ± 0.87

Table 7.6: Estimated values for constant phase parameters θ̂CP with uncertainty bounds ±σ̂θ̂CP
for healthy subjects VL and RE. The parameter value of G = 0 in subject RE is due to
the absence of frequency dependence in Rrs .
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7.4.2.2 Asthmatic patients
The physical data for asthmatic patients, together with spirometric values are
presented in Table 7.7. As illustrated in Figure 7.19, about half of the measured asthmatic patients accord with the hypothesized values for Zrs (ω, θ̂CP ).
We extract two examples, one matching the hypothesized values from section 7.3, namely patient LR, and one not according with the hypothesis, namely
patient DM. As highlighted in Table 7.7, LR has a % predicted FEV1 of 56 and
a TInd of 47, while DM has a % predicted FEV1 of 67 and a same TInd of 47.
Hence, no significant difference can be observed from the spirometric data.
However, a clear difference between both patients can be observed in terms
of respiratory mechanics as indicated by the parametric Zrs (ω, θ̂CP ) for both
patients shown in Figure 7.20. While patient DM has a slightly higher FEV1
value than patient LR, an increased Rrs can be observed for patient DM which
could not be detected by the spirometric data.
The corresponding values of θ̂CP are given in Table 7.8. For patient LR, the
values for θ̂CP correspond to the values given in [40]. Patient DM shows a
hysteresivity η = G/H ≈ 1 which is non-physiological [40], however the values
of G and H are obtained with high uncertainties. These high uncertainties
on G and H can be caused by high uncertainty on Ŷrs and Ẑrs and/or by a
limitation of the constant phase model. For example in [14], airway shunt
compliance is added to the constant phase model while it has not been taken
into account here.
We discuss the intermediate results for patient DM to demonstrate that the
deviation from the hypothesized values is not caused by erroneous measurements. First, we consider the amplitude spectrum of Qao,m over the 27 low
frequency periods in Figure 7.21. Synchronization is obtained, but |Qao,m | is
decreased at the excited frequencies due to the increased value of |Zrs | (compare |Qao,m | at the excited frequencies for the healthy subject in Figure 7.9
with the asthmatic patient in Figure 7.21). Moreover, at 1.778 Hz, no flow
power is observed above the noise level , while a clear contribution is visible
at 1.067 Hz and the surrounding excited frequencies. This artifact could be
caused by time-varying contributions as will be discussed in chapter 8. The
sample mean Q̂ao,m with its standard deviation is shown in Figure 7.22. An
SNRQ of around 10 dB is present over the full band, except at 1.778 Hz where
SNRQ approaches 0 dB due to the aforementioned artifact. The parametric
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model Yrs (ω, θ̂CP ) based on the admittance estimate Ŷrs provides a good fit as
shown in Figure 7.23. It should be kept in mind that the estimation of θCP
is based on Ŷrs and not Ẑrs as discussed in section 7.2.2. The estimated θ̂CP
provide the parametric model Zrs (ω, θ̂CP ) which is shown together with Ẑrs in
Figure 7.24. As shown, a high uncertainty is observed on the estimation of
Zrs . Also, the measurement artifact at 1.778 Hz causes a strong increase of the
uncertainty on Ẑrs .
In contrast, a very low uncertainty is obtained for patient LR for which the
estimations and parametric models of Yrs and Zrs are depicted in Figure 7.25
and 7.26 respectively.
In summary we can state that the adaptive protocol shows to work properly
on asthmatic patients. However, the measurements obtained from the test
group show a high discrepancy, with about half of the measurements deviating from the values in literature. This strongly jeopardizes further statistical
analysis. The reason for the high discrepancy is unclear but a possible improvement could be to sharpen the inclusion criteria depending on the spirometric data. For comparison, the FEV1 in % predicted of the asthma group
used here is 84 ± 25 while it is 79 ± 12 in [14]. Nonetheless, the measurements
provide additional information for patients with similar spirometric data, as
demonstrated with the two examples. Moreover, we demonstrated that patients with increased Rrs values cause estimates of Zrs with high uncertainty.
Finally, we detected additional measurement artifacts that could be caused
by time-varying behavior which will be studied in more detail in chapter 8.
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Ẑrs [hPa · s · L−1 ]

Rrs

20

10

0

Xrs

0

−20

0

1

2
3
Frequency [Hz]

4

5

Figure 7.19: Rrs and Xrs for Zrs (ω, θ̂CP ) for all 21 asthmatic patients with Rrs values matching
the research hypothesis (blue, n = 10) and deviation from research hypothesis (red,
n = 11). Black dashed lines indicate reference value for Type A and Type B asthmatic
patients from section 7.3.
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Patient

Age (yr)

Sex

Height (cm)

Weight (kg)

FEV1 (% pred)

TInd

BY

66

F

165

69

109

81

BG

66

F

168

70

56

53

BN

68

F

147

57

130

76

DK

29

F

167

62

94

73

DM

66

F

153

65

67

47

DL1

81

F

165

61

107

62

DL2

27

F

172

56

95

81

DB

29

M

182

80

74

59

DA

29

M

177

83

79

74

HJ

89

F

170

62

39

33

JJ

27

F

165

53

90

79

JD

33

F

168

64

100

81

LR

16

M

182

63

56

47

LM

22

M

180

78

98

83

MG

63

M

185

79

79

58

ML

44

F

153

59

82

85

TW

70

M

169

85

52

59

VB

59

M

167

82

124

82

VS

29

F

169

53

97

81

VA

15

F

171

54

88

86

VJ

60

M

183

78

39

36

Table 7.7: Physical and spirometric data (FEV1 in % of predicted and TInd) for 21 asthmatic
patients. Colored rows indicate examples that are discussed separately, blue indicate
examples corresponding to the hypothesis while red indicate examples that deviate
from the hypothesis.
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Ẑrs [hPa · s · L−1 ]

Rrs

30
20
10
0

Xrs

0
−10
−20
0

1

2
3
Frequency [Hz]

4

5

Figure 7.20: Parametric models Zrs (ω, θ̂CP ) for asthmatic patients LR (full), and DM (dashed).

Patient
LR
DM

Raw [hPa · L−1 · s]
6.67 ± 0.92
10.00 ± 5.94

Iaw [hPa · L−1 · s2 ]
0.00 ± 0.08
0.13 ± 0.21

G[hPa · L−1 ]
1.51 ± 2.63
6.82 ± 8.29

H[hPa · L−1 ]
8.75 ± 2.40
6.84 ± 4.24

Table 7.8: Estimated values for constant phase parameters θ̂CP with uncertainty bounds ±σ̂θ̂CP
for asthmatic patients LR and DM. Airway inertance Iaw of 0 for patient LR corresponds to the lower bound of the parametric estimation. The values of patient LR
correspond to the values from [40]. The high uncertainty on θ̂CP for patient DM is
caused by the low SNRQ due to the high value of |Zrs |.
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Figure 7.21: Amplitude spectrum of Qao,m over the 27 low frequency periods with highlighted
excitation frequencies (red) and breathing harmonics (blue) for asthmatic patient
DM.
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Figure 7.22: Amplitude spectrum of Q̂ao,m (full) and σ̂Q̂ao,m (dashed) for asthmatic patient DM.
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Figure 7.23: Real and imaginary part of Ŷrs and the 95 % uncertainty bounds for asthmatic patient
DM (blue line). Red line indicates the estimated model Yrs (ω, θ̂CP ).
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Figure 7.24: Rrs and Xrs for Ẑrs and the 95 % uncertainty bounds for asthmatic patient DM (blue
line). Red line indicates the estimated model Zrs (ω, θ̂CP ).
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Figure 7.25: Real and imaginary part of Ŷrs and the 95 % uncertainty bounds for asthmatic patient
LR (blue line). Red line indicates the estimated model Yrs (ω, θ̂CP ).
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Figure 7.26: Rrs and Xrs for Ẑrs and the 95 % uncertainty bounds for asthmatic patient LR (blue
line). Red line indicates the estimated model Zrs (ω, θ̂CP ).
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7.4.2.3 COPD patients
The physical data for COPD patients, together with spirometric values are
presented in Table 7.9. The parametric values of Zrs (ω, θ̂CP ) for all patients
are shown together with the reference value for Zrs (section 7.3) in Figure
7.27. The patients are split into two subgroups, depending on the match of
Rrs with the hypothesized values below 1 Hz. A majority (15/23) of the patients deviates from the reference values, and 8 of those have provide parametric models that contain no tissue damping (G = 0) hence containing no
frequency dependence in Rrs .
Two examples are discussed separately, namely patient DD and VA. Both
patients have very similar spirometric values as shown in Table 7.9. However,
as shown by the parametric models Zrs (ω, θ̂CP ) in Figure 7.28, a high difference between the Zrs values can be observed. Patient DD has an increased
value for Rrs over the whole frequency range and an increased frequency dependence of both Rrs and Xrs . Moreover, these differences strongly decrease
at 5 Hz, showing the advantage of measurements at frequencies below 1 Hz.
The values of θ̂CP for both patients are given in Table 7.10. The uncertainties
on θ̂CP for patient DD are very high which is due to a low SNRQ .
To discuss the intermediate results, we focus on patient DD. As shown by
the amplitude spectrum of Qao,m over the 27 low frequency periods in Figure
7.29, synchronization is obtained. However, as hypothesized in section 7.3,
SNRQ strongly decreases in comparison to healthy subjects or asthmatic patients. An SNRQ of about 10 dB is obtained over the whole range as shown in
Figure 7.30 which is about 10 dB lower than, for example, healthy subject VR
in Figure 7.10. This increases the uncertainty on Ẑrs and, to a lesser extent,
Ŷrs as shown in Figure 7.31 and 7.32. A good fit is obtained on Ŷrs yielding the
parametric values given in Table 7.10, however a lower SNRQ is required to
decrease the uncertainty on the estimated parameters θ̂CP (Table 7.9).
As a counterexample, Yrs and Zrs are depicted for patient VA in Figure 7.33
and 7.34. As illustrated, the uncertainty bounds on Ẑrs and Ŷrs are strongly
reduced which is expected since patient VA has a much lower values for |Zrs |
over the whole frequency range than patient DD. This also manifests itself in
the reduced uncertainty on θ̂CP shown in Table 7.9.
In summary, the synchronization of the adaptive measurement protocol
has shown to work for COPD patients and measurements according to the
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hypothesis were obtained. Nonetheless, a high portion of the measurements
provide estimates that don’t match the values from literature. As shown by
means of an example, the COPD patients can lead to measurements with increased uncertainty due to higher values of |Zrs |, which results in a higher
uncertainty on the parametric models Zrs (ω, θ̂CP ). Finally, we would like to
emphasize that the FOT measurements have shown to detect a major difference between two example patients which was not visible in the spirometric
data. This indicates that the FOT tests can also show their advantage for detection of mechanical variations within the group of COPD patients.
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Figure 7.27: Rrs and Xrs for Zrs (ω, θ̂CP ) for all 23 COPD patients with Rrs values matching the
research hypothesis (blue, n = 8) and deviation from research hypothesis (red, n =
15). Black dashed lines indicate reference value for COPD patients from section 7.3.
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Patient

Age (yr)

Sex

Height (cm)

Weight (kg)

FEV1 (% pred)

TInd

BV

60

M

165

69

88

66

BR

79

M

175

65

77

57

CW

58

M

175

59

62

46
52

CC

75

M

181

85

72

DR

77

M

170

80

71

43

DY

69

M

172

82

84

57

DD

64

M

185

88

52

45

DL

63

M

183

92

75

45

GP

68

M

172

60

95

75

HJ

57

V

160

60

76

58

JT

59

M

159

59

73

49

LH

70

M

168

70

80

67

PP

50

M

183

90

64

49

RE

59

M

180

84

56

44

SG

69

M

171

61

65

57

SL

65

M

185

85

22

22

TP

60

M

167

76

24

28

TN

60

F

167

69

57

39

VL

69

F

173

85

73

61

VM

81

M

179

79

92

69

VJ

64

M

172

74

48

42

VA

77

M

180

79

59

48

VW

82

M

171

85

116

66

Table 7.9: Physical and spirometric data (FEV1 in % of predicted and TInd) for 23 COPD patients. Colored rows indicate examples that are discussed separately, blue indicate
examples corresponding to the hypothesis while red indicate examples that deviate
from the hypothesis.
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Figure 7.28: Parametric models Zrs (ω, θ̂CP ) for patient DD (full), and VA (dashed).

Patient
DD
VA

Raw [hPa · L−1 · s]
0.1 ± 12.59
3.65 ± 1.81

Iaw [hPa · L−1 · s2 ]
0.17 ± 0.12
0.00 ± 0.05

G[hPa · L−1 ]

19.35 ± 13.3
4.84 ± 2.22

H[hPa · L−1 ]

10.10 ± 4.78
4.04 ± 1.05

Table 7.10: Estimated values for constant phase parameters θ̂CP with uncertainty bounds ±σ̂θ̂CP
for patients DD and VA. Airway inertance Iaw of 0 for patient VA corresponds to the
lower bound of the parametric estimation. The low SNRQ for the measurement of
patient DD causes a high uncertainty on θ̂CP which yields non-physiological values
for G and H.
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Figure 7.29: Amplitude spectrum of Qao,m over the 27 low frequency periods with highlighted
excitation frequencies (red) and breathing harmonics (blue) for COPD patient DD.
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Figure 7.30: Amplitude spectrum of Q̂ao,m (full) and σ̂Q̂ao,m (dashed) for COPD patient DD.
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Imag(Ŷrs )

0
0.3
0

−0.3
0.127

1.146

1.910
Frequency [Hz]

5

Figure 7.31: Real and imaginary part of Ŷrs and the 95 % uncertainty bounds for COPD patient
DD (blue line). Red line indicates the estimated model Yrs (ω, θ̂CP ).
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Figure 7.32: Rrs and Xrs for Ẑrs and the 95 % uncertainty bounds for COPD patient DD (blue line).
Red line indicates the estimated model Zrs (ω, θ̂CP ).
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Re(Ŷrs )

0.4
0.2

Imag(Ŷrs )
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Figure 7.33: Real and imaginary part of Ŷrs and the 95 % uncertainty bounds for COPD patient
VA (blue line). Red line indicates the estimated model Yrs (ω, θ̂CP ).
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Figure 7.34: Rrs and Xrs for Ẑrs and the 95 % uncertainty bounds for COPD patient VA (blue line).
Red line indicates the estimated model Zrs (ω, θ̂CP ).
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7.5 Conclusions and future work
This first clinical trial showed that measurements of Zrs can be obtained for
healthy, asthmatic and COPD subjects. The adaptive measurement protocol
achieves its goal of separating the breathing disturbances from the Zrs measurements hence obtaining estimates of Ẑrs and Ŷrs between 0 and 5 Hz with
low uncertainty. All of this occurs within a time-frame of less than 15 minutes and without the need for subject training. Measurements are obtained
that match with the expected values from literature and a distinction between
the various respiratory diseases can be detected. A solid statistical analysis,
targeted at improved diagnostic sensitivity could not be obtained due to a
high discrepancy of the subjects within each group. This requires for more
specific inclusion criteria and physiological interpretation, possibly extending the constant phase model as shown in [5]. Nonetheless, additional differences in mechanical behavior were observed within each group that were not
detected using spirometry, thereby confirming the added value of low frequency FOT measurements. The use of the adaptive measurement protocol
makes the measurement of Zrs easily applicable in clinical practice as shown
by this first trial.
Of course, there is still room for improvement before these Zrs measurements can grow into a robust clinical tool for diagnosis and monitoring of
respiratory patients. Two main measurement disturbances need to be handled before the FOT device with the adaptive protocol can mature into a robust measurement tool. A first issue is the presence of time-varying behavior
of the respiratory system. This is currently not taken into account and the
measurement protocol has not been optimized to handle this phenomena. In
chapter 8, we will show how these time-varying contributions can be detected
and, if necessary, eliminated by a careful selection of the excited frequencies
and their corresponding phases.
The second measurement disturbance that needs to be handled is the noise
contribution. With the current measurements, the extracted models Zrs (ω, θ̂CP )
can be biased when they are fitted through highly uncertain measurements.
A further decrease of the noise on the measured flow is needed to decrease
the uncertainty on the nonparametric estimate of Zrs and Yrs . This requires

205

7 Clinical trial
an adaptation of the hardware of the device to further suppress the presence
of turbulent flow causing the elevated noise levels. However, this hardware
adaptation is out of the scope of this work.
A final suggestion for improvement, unrelated to the measurement device,
is the extension of the parametric models with an airway shunt capacitance
and/or distributed airway and tissue models as done in [84].
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respiratory system
8.1 Introduction
It can be expected that the mechanical properties of the respiratory system
vary in function of time due to the periodic change of the lung volume.
Nonetheless, respiratory impedance measurements have generally been handled as the measurement of an LTI system [4, 5] without taking into account possible time-varying behavior. In a limited number of investigations,
within-breath differences, i.e. difference between mechanical properties during inspiration and expiration, have been considered [15, 43]. However a
framework for the study of time-varying respiratory system behavior has not
been presented. A probable cause is that the study of time-varying contributions has been considered of minor importance in comparison to other FOT
measurement issues such as generator nonlinearities, noise contributions and
breathing disturbances. Moreover, the frequency domain identification of
time-varying systems has only been around for less than a decade [85].
To demonstrate that time-varying behavior can impact the measurement
and estimation of respiratory system properties, we reconsider the COPD
subject DD from the clinical trial of chapter 7. The amplitude spectrum of
Qao,m over the 27 low frequency periods is shown in Figure 8.1. If the respiratory system behaves as an LTI system whose response is disturbed by
an additional breathing disturbance, |Qao,m | would only have contributions
at the excited frequencies and the breathing harmonics. Nonetheless, additional contributions are measured that cannot be assigned to neither the
breathing disturbance, nor the LTI respiratory system. As will be demonstrated throughout this chapter, these contributions can be explained by the
linear time-varying (LTV) behavior of the respiratory system, more specifically, linear time-periodic (LTP) systems.
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Figure 8.1: Amplitude spectrum of Qao,m with highlighted excitation frequencies (red) and
breathing harmonics (blue) for COPD subject DD. Green circles highlight harmonics
at non-excited frequencies, hence indicating frequencies where no contributions are
expected under the LTI assumption. Black ellipse highlights the deviation of Qao,m at
1.146 Hz in comparison to the neighboring excited frequencies.
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Figure 8.2: Real and imaginary part of Ŷrs and the 95 % uncertainty bounds for COPD subject
DD (blue line) . Red line indicates the estimated model Yrs (ω, θ̂CP ). Black ellipse
highlights the excited frequency at which a deviation is observed in |Qao,m |.
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Apart from adding additional contributions at non-excited frequency lines,
the LTP behavior also affects the measurement at the excited frequency lines.
As highlighted for |Qao,m | in Figure 8.1 and for Ŷrs in Figure 8.2, a deviation
from the neighboring excited frequencies is observed at 1.146 Hz. As will be
discussed in detail below, this deviation can be explained by LTP behavior
and causes a bias when the respiratory system is considered as an LTI system.
Given only the measurement data, one could also assign these additional
contributions to nonlinear behavior of the respiratory system. However, while
LTP behavior is expected due to the periodic change of lung volume, the presence of nonlinearities is unlikely since i) the amplitude of the pressure excitation signal is kept sufficiently low and ii) the patient performs tidal breathing
during the measurement, hence keeping the respiratory system in its linear
operating region.
This chapter will offer a solution to take the LTP behavior into account and
to minimize the bias on the respiratory system measurements caused by the
LTP contributions. First, we will give an overview of the basic concepts of
LTP systems theory in section 8.2. Next, we will discuss how the LTP system
theory is translated to our respiratory system measurements by providing an
extension of the LTI framework in section 8.3. Given this framework, we
will propose a solution to separate the time-varying contributions from the
LTI behavior of the respiratory system by using optimized excitation signals
(section 8.4). A simulation result is given in section 8.5 and a limited clinical
trial (ca. 10 patients) is performed using the optimized excitation signals and
the results are discussed in section 8.6. Finally, we will draw up conclusions
in section 8.7.

8.2 Basic concepts of LTP systems
A brief review of the LTP system theory is given but the reader is referred
to [86, 87] for a more in-depth analysis.

Definition
An LTP system is uniquely characterized by its two dimensional time-periodic
response g(t, τ) = g(t + Tsys , τ + Tsys ) to a Dirac impulse δ (t − τ) at time instant
t = τ with Tsys the period of the variation. The response q(t) of an LTP system
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to an input p(t) is given by
q(t) =

+∞
Z

(8.1)

p(τ)g(t, τ)dτ
−∞

The Laplace transform of g(t,t − τ) w.r.t. τ
G(s,t) = L {g(t,t − τ)}

(8.2)

is known as the instantaneous transfer function (ITF) and has similar properties as the transfer function of an LTI system [86].

Decomposition in time-invariant (TI) and time-periodic (TP)
contribution
A main advantage of the use of the ITF is that it can be expanded in a Fourier
series as
+∞

G(s,t) =

∑

Gr (s)e

jr( T2π
)t
sys

(8.3)

r=−∞
+∞

= G0 (s) +

∑

Gr (s)e

)t
jr( T2π
sys

(8.4)

r = −∞
r 6= 0
= GBLTI (s) + GTP (s,t)

(8.5)

with G0 (s) termed the best linear time-invariant (BLTI) approximation GBLTI (s)
and the Fourier coefficients G−r (s) = Gr (s) are the harmonic transfer functions (HTFs). The HTFs Gr (s) with r 6= 0 make up the time-periodic part
GTP (s,t).
Given the continuous time input p(t) and output q(t) with Laplace trans-
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forms P(s) and Q(s) respectively, the output q(t) can be denoted as
q(t) = L −1 {G(s,t)P(s)}

(8.6)

= L −1 {GBLTI (s)P(s)} +

+∞

∑
r = −∞
r 6= 0

L −1 {Gr (s)P(s)}e

jr( T2π
)t
sys

= qBLTI (t) + qTP (t)

(8.8)

+∞

= q0 (t) +

qr (t)e

∑

(8.7)

jr( T2π
)t
sys

(8.9)

r = −∞
r 6= 0
which leads to the parallel model structure shown in Figure 8.3 with HTFs
truncated to Nh = max{r}.

Identification
For discrete time input and output signals p(nTs ) and q(nTs ), the HTFs can be
identified using the DFT of q(nTs ) given by
+∞

Q(k) = QBLTI (k) +

∑
r = −∞
r 6= 0

= GBLTI ( jωk )P(k) +

Qr (k − rksys )

(8.10)

+∞

∑
r = −∞
r 6= 0

Gr ( jωk−rksys )Pr (k − rksys )

(8.11)

with ksys the number of DFT bins corresponding to the period Tsys given by
ksys = N/(Tsys fs ) where N is the number of samples in the data record. The
shift of −rksys in the TP contributions of (8.10) and (8.11) is caused by the time
jr( 2π )t

domain multiplication with e Tsys of each branch of the parallel structure
in Figure 8.3. When the shifted version of Qr is denoted as Q̃r such that
Q̃r (k + rksys ) = Qr (k)

(8.12)
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the LTP contributions appear at frequency lines k + rksys , r = −∞ . . . + ∞ as
demonstrated in Figure 8.4.

Figure 8.3: LTP system representation with decomposition in BLTI and TP contribution (top)
and parallel structure model with HTFs truncated to Nh (bottom).

8.3 The LTP respiratory system
8.3.1 Framework
With the basic concepts of section 8.2, we can develop a framework for the
LTP respiratory system. A major difference with the LTI case is that the conversion from LTP impedance Zrs ( jω,t) to LTP admittance Yrs ( jω,t) and vice
versa can no longer be obtained through a simple inversion since Yrs ( jω,t) 6=
1/Zrs ( jω,t). Since pressure controlled measurements are applied, we therefore
continue by studying the respiratory system only through its LTP admittance
Yrs ( jω,t).
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Figure 8.4: The LTP contributions Q̃r inject power at ke + rksys for r = −∞ . . . + ∞ (here truncated
to Nh = 2) when a single sine is applied at bin ke .

For the case of respiratory system measurements performed with the adaptive protocol, the period of variation is given by the breathing period Tb =
1/ fb . Moreover, the infinite sum in (8.4) is truncated to Nh . Under the assumption that the respiratory system is in steady state (s = jω), the LTP respiratory admittance is given by
+Nh

Yrs ( jω,t) =

∑

Yk ( jω)e jrωb t

(8.13)

r=−Nh

with ωb = 2π fb , Y0 the BLTI admittance and Yk , k 6= 0 the harmonic transfer
functions, from here on denoted as harmonic admittances (HAs). This allows us to introduce the noiseless LTP framework for respiratory admittance
which is depicted in Figure 8.5 together with the noiseless framework under
the LTI assumption.
Given the discrete time pressure input p(nTs ) (the subscript ao of the pressure excitation signal is omitted throughout this elaboration) and respiratory
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response qe (nTs ), the DFT of the respiratory response is given by
Nh

Qe (k) =

Q̃r (k)

(8.14)

Yr (k − rkb )P(k − rkb )

(8.15)

∑

r=−Nh
Nh

=

∑

r=−Nh

with kb the DFT bin corresponding to fb , given by kb = N fb / fs for a data record
of N samples. For a set of excited frequency bins Ke , the LTP contributions
caused by a single input contribution at ke can contribute to output power at
kr = ke + rkb

(8.16)

for all ke ∈ Ke and with r = −Nh . . . Nh .

8.3.2 Location of LTP contributions
(1)

When the excitation grid of Pao (section 7.1.1) is used, the DFT of the total flow is constructed as shown in Figure 8.6 for a truncation to Nh = 2. As
illustrated, the total flow Q(k) at the excited frequency lines contains contributions of Q̃±1 and Q̃±2 . Since kb = 2 for a synchronization with fb = 2 f0 , the
frequency shift rkb of (8.16) corresponds to an even number of DFT bins for
any value of r. This property in combination with the fact that all the excited bins Ke are located at odd frequency bins, causes the LTP contributions
of Q̃±1 and Q̃±2 to appear at odd bins following (8.16). Hence, the applied
excitation grid is sub-optimal in terms of time-periodic contributions at the
excited frequency lines. Therefore, an optimized excitation grid is suggested
to eliminate the dominant LTP contributions at the excited frequency lines.
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Figure 8.5: From the LTI to the LTP framework for respiratory admittance measurements. The
breathing disturbance is still considered as an additive contribution but the respiratory admittance is replaced by a BLTI admittance Y0 together with a parallel branching of HAs, each modulated with the corresponding multiple of the breathing frequency fb .
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Figure 8.6: Amplitude spectra of pressure excitation P and BLTI contribution Q0 with the breathing disturbance Qb for fb = 2 f0 and LTP contributions Q̃±1 and Q̃±2 . Both Q̃±1 and
Q̃±2 inject power at excited bins Ke as shown in the amplitude spectrum of Q.
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8.4 Optimized excitation signals for LTP
identification of the respiratory system
The excitation signals are optimized for two purposes. The primary goal is
to minimize the contributions of the HAs at the excited frequencies such that
an estimate of YBLTI with minimal bias can be obtained. The secondary goal
is to identify the HAs such that we can investigate if additional information
on the subject’s respiratory system can be obtained from the time-periodic
contributions. For the continuation of this chapter we will limit the number
of HAs to Nh = 2 to reduce complexity.

8.4.1 First order contributions Q̃±1
An adjusted excitation grid is proposed to reduce the dominant effect of the
LTP contributions caused by Q̃±1 at Ke by ensuring that
Q̃±1 (Ke ) = 0

(8.17)

Since any contribution Q̃±1 (ke ) with ke ∈ Ke is generated by an input at bin
ke ± kb , this contribution can be prevented by using
P(ke ± kb ) = 0

(8.18)

for all ke ∈ Ke . Given that all ke ∈ Ke are located at odd bins, hence no even
bins are excited, we can install (8.18) and therefore (8.17) by ensuring ke ± kb
to be even. This is easily obtained by choosing both ke and kb odd
ke = 2l + 1

(8.19)

kb = 2l + 1

(8.20)

for all ke ∈ Ke and with l ∈ N. In that way, any contribution of Q̃±1 appears at
an even DFT bin. Note that (8.20) requires for an adjustment of the constraint
on fb used throughout chapter 6 and 7. While the previous adaptive measurement protocol shifted the excitation frequencies to ensure that fb = 2 f0 ,
equation (8.20) forces fb to be an odd multiple of f0 . In this work, we have
chosen to set fb = 3 f0 and the excitation frequencies are relocated as shown
in Figure 8.7. Note that alternative solutions are possible by using higher
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Figure 8.7: Amplitude spectra of pressure excitation P and BLTI contribution Q0 with the breathing disturbance Qb for fb = 3 f0 and LTP contributions Q̃±1 and Q̃±2 . The excitation
grid of P is optimized to prevent Q̃±1 from contributing at Q(Ke ) such that only TP
contributions of Q±2 are added to the total output Q at Ke .
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odd values of ρ for fb = ρ f0 . However, an increase of ρ comes at the cost of
an increased measurement time for a fixed number of excitation periods and
fixed fb . The choice for fb = 3 f0 already reduces the number of excitation periods since 21 breathing cycles will correspond to 7 excitation periods while
20 breathing cycles provided 10 excitation periods for the case fb = 2 f0 .
As demonstrated in Figure 8.7, this adjusted excitation grid with fb = 3 f0
ensures that Q̃±1 does not inject power at Ke .
The vector of bins at which contributions of Q̃±1 appear is denoted as Kd
and is limited to bins 2, 4, . . . 20. The first order HAs Y1 ( jω) and Y−1 ( jω) can
then be estimated using the flow spectrum Q at the detection lines kd ∈ Kd
given that
Q(kd ) = Q̃1 (kd ) + Q̃−1 (kd )

(8.21)

= Y1 (kd − kb )P(kd − kb ) +Y−1 (kd + kb )P(kd + kb )

(8.22)

Since (8.22) contains two parameters, namely Y1 and Y−1 , at least 2 realizations of (8.22) are required to separately identify Y1 and Y−1 .
The solution we propose is to use multiple realizations of a pressure excitation signal with a fixed excitation grid and amplitude spectrum. Until now,
the clinical protocol consisted of multiple low frequency measurements (generally 3) with the same phase realization of the pressure excitation signal. If
I different phase realizations are applied, I equations
[i]

[i]

Q[i] (kd ) = Q̃1 (kd ) + Q̃−1 (kd )

(8.23)

[i]

[i]

= Y1 (kd − kb )P (kd − kb ) +Y−1 (kd + kb )P (kd + kb )

(8.24)

with i = 1 . . . I are available at each detection bin kd ∈ Kd . Equation (8.24) can
be rewritten in the matrix equation






Q[1] (kd )
Q[2] (kd )
..
.
Q[I] (kd )





 
 
=
 

P[1] (kd − kb ) P[1] (kd + kb )
P[2] (kd − kb ) P[2] (kd + kb )
..
..
.
.
P[I] (kd − kb ) P[I] (kd + kb )




 Y1 (kd − kb )

 Y−1 (kd + kb )

(8.25)

which can be rewritten in vector form (kd omitted ) as
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Qd = Pd Yd

(8.26)

with Qd = [Q[1] (kd ) Q[2] (kd ) . . . Q[I] (kd )]T and Yd = [Y1 (kd − kb )Y1 (kd + kb )]T (with
xT the transpose of x) and Pd the input matrix from (8.26). Note that Y1 ( jω)
and Y−1 ( jω) will be estimated at the DFT bins kd − kb and kd + kb respectively
with kd ∈ kd . The estimation procedure to obtain estimates Ŷ1 and Ŷ−1 is elaborated in section 8.4.3.

8.4.2 Second order contributions Q̃±2
As illustrated in Figure 8.7, the second order contributions Q̃±2 still inject
power at Ke after adjustment of the excitation grid. Unlike the case for Q̃±1 ,
contributions Q̃±2 at Ke cannot be prevented by adjusting the excitation grid
without violating (8.17).
An example would be to adapt the excitation signal such that |Q±2 (Ke )| = 0.
Since any contribution Q±2 (ke ) with ke ∈ Ke is generated by an input at bin
ke ± 2kb and since (8.19) and (8.20) are applied to fulfill (8.17), the required
condition would be to set
P(ke ± 2kb ) = 0
(8.27)
Excitation signals fulfilling (8.27) could be generated by violating (8.17),
however this would reintroduce the contributions Q±1 (Ke ). Therefore, instead of preventing Q̃±2 from injecting power at Ke , we propose a solution
that allows us to separate the contributions of Q̃±2 from the BLTI response.
Given that Q̃±1 (Ke ) = 0, the respiratory response Qe at any excitation bin
ke ∈ Ke can be rewritten from (8.15) as
Q(ke ) = Q0 (ke ) + Q̃2 (ke ) + Q̃−2 (ke )

(8.28)

= Y0 (ke )P(ke ) +Y2 (ke − 2kb )P(ke − 2kb ) +Y−2 (ke + 2kb )P(ke + 2kb ) (8.29)

which shows that the BLTI respiratory admittance YBLTI ( jω) = Y0 ( jω) can be
identified together with Y2 ( jω) and Y−2 ( jω). However, minimally 3 realizations of (8.29) are required to identify Y0 , Y2 and Y−2 . Again, the solution
is to apply multiple realizations of a pressure excitation signal with a fixed
excitation grid and amplitude spectrum. Application of I different phase realizations provides I equations
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[i]

[i]

[i]

Q[i] (ke ) = Q̃0 (ke ) + Q̃−2 (ke ) + Q̃2 (ke )
[i]

(8.30)
[i]

[i]

= Y0 (ke )P (ke ) +Y2 (ke − 2kb )P (ke − 2kb ) +Y−2 (ke + 2kb )P (ke + 2kb )
(8.31)

with i = 1 . . . I at each excited bin ke ∈ Ke . Equation (8.31) can then be rewritten in the matrix equation






Q[1] (ke )
Q[2] (ke )
..
.
[I]
Q (ke )





 
 
=
 

P[1] (ke ) P[1] (ke − 2kb ) P[1] (ke + 2kb )
P[2] (ke ) P[2] (ke − 2kb ) P[2] (ke + 2kb )
..
..
..
.
.
.
[I]
[I]
[I]
P (ke ) P (ke − 2kb ) P (ke + 2kb )




Y0 (ke )


Y2 (ke − 2kb ) 


Y−2 (ke + 2kb )
(8.32)

which can be rewritten in vector form (ke omitted ) as
Qe = Pe Ye

(8.33)

with Qe = [Q[1] (ke ) Q[2] (ke ) . . . Q[I] (ke )]T and Ye = [Y0 (ke )Y2 (ke −2kb )Y−2 (ke +2kb )]T
(with xT the transpose of x) and Pe the input matrix from (8.32). The vector
equation (8.33) forms a linear least squares problem of which the conditioning is determined by Pe . Therefore, the I random phase realizations are chosen to provide optimal conditioning of Pe to allow for optimal separation of
Y0 , Y2 and Y−2 . The HAs Y2 ( jω) and Y−2 ( jω) will be estimated at the DFT bins
ke − 2kb and ke + 2kb respectively with ke ∈ Ke .

8.4.3 Estimation procedure
In general, the measurements consist of I phase realizations of M periods
[i]
from which the sample mean P̂[i] , Q̂[i] and sample variance σ̂Q̂ over the consecutive periods of the ith realization are obtained for i = 1 . . . I. Hence, the
linear equations (8.26) and (8.33) of the form Q = PY can be constructed using P̂[i] and Q̂[i] .
A least squares estimate Ŷ is obtained using
Ŷ = P+ Q

(8.34)
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with x+ the pseudo-inverse of x calculated as (xT x)−1 xT . To quantify the uncertainty on Ŷ we consider the covariance cov(Ŷ) which is defined as
cov(Ŷ) = E{(Ŷ − E{Ŷ})(Ŷ − E{Ŷ})H }

(8.35)

with E{} denoting the expected value over the realizations. When Q is rewritten as
Q = Q ∗ + NQ
(8.36)
with Q∗ the true value of Q and NQ the noise contribution for which E{NQ } =
0, we can note that
Ŷ = P+ Q∗ + P+ NQ

(8.37)

E{Ŷ} = P+ Q∗

(8.38)

such that
Hence, the covariance is obtained as
+H
cov(Ŷ) = E{P+ NQ NH
}
QP

(8.39)

for which an estimate ĈŶ is obtained as
ĈŶ = P+ CQ P+H

(8.40)

with
2[1]



σ̂Q̂

0




CQ = 



0
..
.
0

σ̂Q̂
..
.
0

2[2]

...

0



...
..
.

0
..
.








...

σ̂Q̂

2[I]

(8.41)

2[i]

where σ̂Q̂ denotes the sample variance over the consecutive periods of the
ith realization. The non-diagonal elements of CQ are zero because the noise
over different realizations is assumed to be uncorrelated. Note that ĈŶ underestimates the true covariance since the covariance of the pressure excitation
is omitted. However, the bias caused by this approximation is less than 5 %
since SNRP is generally more than 30 dB higher than SNRQ .
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Identification of the first order (Ŷd ) and second order contributions (Ŷe )
requires for the respective covariance matrices which are given by
#
"
σ̂Ŷ2 Ŷ
σ̂Ŷ2
1 −1
1
(8.42)
ĈŶd =
σ̂Ŷ2
σ̂Ŷ2 Ŷ
−1 1

−1

and


σ̂Ŷ2

0


ĈŶe = 


σ̂Ŷ2 Ŷ

2 0

σ̂Ŷ2 Ŷ
−2 0

σ̂Ŷ2 Ŷ

0 2

σ̂Ŷ2

2

σ̂Ŷ2 Ŷ
−2 2

σ̂Ŷ2 Ŷ

0 −2

σ̂Ŷ2 Ŷ

2 −2

σ̂Ŷ2
−2






(8.43)

To describe the uncertainty on the elements of Ŷd and Ŷe we will only use
the diagonal elements of (8.42) and (8.43).
Finally, a representation of ŶBLTI through its real and imaginary part will
be used further
on. Uncertainty
bounds on the real and imaginary part are
√
√
given by 2σ̂Ŷ0 . While 2σ̂Y corresponded to the 95 % confidence region
for the ML estimator (section 2.2.3), more investigation is needed before a
confidence region can be defined for the LTP estimation used here.

8.5 Simulation
A simulation is developed to demonstrate the LTP theory and the estimation
procedure using the aforementioned optimized excitation signals.

Construction
3 random phase realizations of a noiseless pressure signal are applied to an
LTP respiratory system and each random phase realization is applied for 6
consecutive periods. These settings are chosen to optimally mimic the measurement constraints of the clinical protocol.
The BLTI admittance of the respiratory system YBLTI is given by the constant phase model with parameters for a healthy subject given by
Raw [hPa · L−1 · s]
4.58

Iaw [hPa · L−1 · s2 ]
0.02

G[hPa · L−1 ]
1.49

H[hPa · L−1 ]
7.94
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The HAs are chosen to be a scaled version of YBLTI , given by
Y1 = Y−1 = 0.4YBLTI
Y2 = Y−2 = 0.3YBLTI

(8.44)

and noise on the flow qn (t) ∼ N(0, σq ) is added. For the sake of illustration,
the noise variance is strongly decreased in comparison to the measurements
and is set at σq = 0.1 L/s. Note that this is a strongly idealized case since noise
contributions up to a factor 8 higher have been observed during the clinical
trial. The increased noise contributions cause strongly decreased SNRs on the
estimates of Ŷ±1 and Ŷ±2 which will be shown on a measurement example in
section 8.6.

Analysis
The pressure and flow spectra for a single realization are depicted in Figure
8.8 to demonstrate the impact of the LTP contributions. Given the total flow
of the three random phase realizations, the LTP estimation of section 8.4.3
is applied. The BLTI is estimated as Ŷ0 together with the corresponding HAs
Ŷr , r = ±1, ±2. For comparison, the Best Linear Approximation (BLA) of Yrs
(ŶBLA ) is included with the estimation results. The BLA provides the best
linear description in least squares sense of a nonlinear time invariant system
[55] and is obtained as follows: Given a set of I phase realizations, for which
a maximum likelihood estimate Ŷ [i] using (4.15) is obtained by averaging the
measured data over the consecutive periods of the ith realization with i = 1 . . . I
, the BLA is obtained as
1 I
(8.45)
ŶBLA = ∑Ŷ [i]
I i=1
with sample variance given by
2
=
σ̂BLA

I
1
|Ŷ [i] − ŶBLA |2
∑
I(I − 1) i=1

(8.46)

To demonstrate that the estimation procedure of section 8.4.3 is able to separate the LTP contributions from the underlying BLTI, the amplitude spectra
of both Ŷ0 and ŶBLA are shown together with their respective standard deviations in Figure 8.9. As illustrated, the LTP estimation is able to estimate Ŷ0
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with an SNR of more than 20 dB while ŶBLA is estimated with an increased
standard deviation σ̂BLA in comparison to σ̂Ŷ0 . This is caused by the fact that
the BLA considers the LTP contributions as additional model errors causing
a variance increase. The variance is decreased for the estimate Ŷ0 because the
HAs Y±2 are estimated in parallel with the BLTI contribution Y0 . For the limited phase realizations considered here, this causes the error between Ŷ0 and
the true YBLTI to be much smaller than the error between ŶBLA and YBLTI .
Note that this difference between Ŷ0 and ŶBLA can be used as a tool to detect
the presence of second order LTP contributions. Indeed, in the absence of
second order LTP contributions, Ŷ0 (ke ) = ŶBLA (ke ) for all ke ∈ Ke such that
differences between Ŷ0 (ke ) and ŶBLA (ke ) indicate the presence of second order
LTP behavior. Alternatively, the BLA can be omitted and the presence of
second order LTP contributions can be detected by verifying if Ŷ±2  σ̂Ŷ±2 .
Additionally, Ŷ0 and ŶBLA are depicted by their real and imaginary contribution in Figure 8.10 and 8.11 to illustrate the impact of the decreased SNR
of Ŷ0 on the uncertainty bounds.
The LTP estimation provides separate estimates of Yr , r = ±1, ±2 which are
shown in Figure 8.12. Note that the HAs are obtained at shifted frequencies
due to the time domain multiplication in the LTP framework. Each of the
estimated HAs is able to capture the true HA with an SNR between 10 and
40 dB.
It should be noted that low noise contributions are applied in this simulation (σq = 0.1 L/s, SNRQ > 40 dB) and the HAs are set by (8.44), hence contributing to a significantly high portion of the total measured flow. In actual
measurements with our current FOT device, SNRQ decreases to below 20 dB
and we have no prior knowledge on the expected amplitudes of the HAs.
Therefore, a strongly increased uncertainty on the estimates Ŷr , r = ±1, ±2 is
expected.
Nonetheless, this simulation shows that LTP contributions can lead to a
strongly increased variance on the estimate of the underlying YBLTI when not
handled properly. This variance can be decreased by the optimized excitation signals and estimation procedure of section 8.4. In theory, this should
improve the estimation of the LTI behavior of the respiratory system but the
decreased SNRQ of the actual measurements limits the estimation of the HAs,
as will be illustrated in the next section.
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Figure 8.8: LTP simulation: Total flow Q at excited frequency lines is disturbed by contributions
Q±2 . (top) Pressure input, (second from top) QBLTI with breathing disturbance Qb ,
(third from top) LTP contributions Q±1 (green) and Q±2 (orange). (bottom) Total flow
Q with total contribution at excited frequency lines added in magenta triangles.
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|Ŷ |

[dBhPa−1 · s−1 · L]

0

−20
−40
−60

Figure 8.9: Estimation of YBLTI (black) using LTP estimation Ŷ0 (blue full) in comparison to BLA
estimation ŶBLA (red full) with respective standard deviations σ̂Ŷ0 (blue dashed) and
σ̂ŶBLA (red dashed).

Re(Ŷ0 )

Ŷ0 [hPa−1 · s−1 · L]
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Imag(Ŷ0 )
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Figure 8.10: Real and imaginary part of YBLTI√(black), with LTP estimation Ŷ0 (blue) with uncertainty bounds corresponding to 2σ̂Ŷ0 .
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Figure 8.11: Real and imaginary part of YBLTI (black),
with BLA estimation ŶBLA (blue) with un√
certainty bounds corresponding to 2σ̂ŶBLA .
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Figure 8.12: Estimation of HAs Yr , r = ±1, ±2 with true HAs (black) and estimates Ŷr (blue) with
respective standard deviations σ̂Ŷr (blue dashed). Note the frequency shift for each
of the respective HAs.

8.6 Measurement
Measurements are applied on a small (less than 10) group of healthy and
COPD subjects using the clinical protocol of chapter 7. The only difference is
that the original excitation signals defined in section 7.1.1 are replaced by the
optimized signals of section 8.4. Overall, the results are very similar to the
clinical trial of chapter 7. Detection of the LTP contributions is limited and
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only the first order HAs Y±1 can be estimated with an SNR of more than 0 dB.
This indicates that the second order HAs Y±2 are either absent or, if present,
do not surpass the noise level for these 10 subjects.
As an illustration, we consider the measurement of a COPD subject. The
amplitude spectrum of the total flow Qao,m over one of the three measured
realizations (Figure 8.13) shows that first order contributions Q̃±1 are surpassing the noise level. This indicates the presence of first order LTP behavior. The second order contributions Q̃±2 are not directly observable from
Qao,m over one realization but would manifest themselves as a difference between Ŷ0 (ke ) and ŶBLA (ke ). The estimation results Ŷ0 and ŶBLA are shown together with their respective standard deviations in Figure 8.14. The SNR
of Ŷ0 , given by Ŷ0/σ̂Ŷ0 , is overall higher than ŶBLA/σ̂ŶBLA . At 1.95 Hz, for example, σ̂ŶBLA > ŶBLA , corresponding to a highly uncertain estimate while Ŷ0 > σ̂Ŷ0
yields a reliable estimate thanks to the estimation of the LTP contributions.
This indicates the presence of second order LTP contributions which are
eliminated by the LTP estimation. Hence, the LTP framework allows to estimate the underlying BLTI respiratory system with decreased uncertainty.
The real and imaginary part of Ŷ0 , together with a model fit using the constant phase model are shown in Figure 8.15 and the model parameters are
given by
Raw [hPa · L−1 · s]
7.63 ± 1.35

Iaw [hPa · L−1 · s2 ]
0.00 ± 0.10

G[hPa · L−1 ]
1.08 ± 1.61

H[hPa · L−1 ]
1.94 ± 0.71

The LTP framework is mainly installed to extract the underlying LTI behavior of the respiratory system in the presence of TP contributions. However, it
can also be used to obtain additional information from the estimated HAs. To
verify this on measurements, we consider the HA estimates Ŷr , r = ±1, ±2 in
Figure 8.16. As illustrated, the first order HAs Ŷ±1 can be estimated with
an SNR between 0 and 15 dB. The second order HAs Ŷ±2 have a strongly
decreased SNR, making them highly unreliable for further interpretation.
While Ŷ±1 might be of use for further interpretation, Ŷ±2 might as well be
discarded for these measurements. This result is not completely unexpected
given the low SNR of the flow, which jeopardizes the estimation of Yrs even in
the absence of LTP behavior. If we further assume that the amplitude of the
HAs decreases for increasing orders, i.e. |Y1 | > |Y2 | > . . ., it is to be expected
that the contributions of higher order HAs are no longer distinguishable. In
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any case, a further study is required and measurements with much higher
SNRQ are needed to obtain further insights into the added value of the HAs.

8.7 Conclusions
In this chapter, the generally applied LTI framework for FOT measurements
has been extended to handle LTP behavior of the respiratory system. Optimized excitation signals were proposed together with an LTP estimator which
allows for the separation of the TP contributions from the underlying BLTI
respiratory system. The benefit of the LTP estimator has been demonstrated
in simulations where the variance on the estimation of the respiratory system
was strongly reduced in comparison to estimates based on the LTI framework.
Measurements have been performed on a small group of subjects but the
LTP framework showed little improvement. Our hypothesis is that this is
mainly caused by the low SNR on the flow measurements which jeopardizes
the ability to detect LTP behavior that has no contributions above the noise
level. Moreover, the actual LTP behavior of the respiratory system of the measured subjects is unknown and no reference values are available yet. Therefore, it cannot be ensured that LTP behavior is actually present in the subjects
measured here.
The purpose of this chapter was to propose a solution for one of the measurement artifacts observed during the previous clinical trial. A clear added
value on measurements is currently lacking since the number of measurements is limited and we are not sure that the proposed model structure matches
the underlying system. Moreover, the FOT device needs to be improved in
terms of noise contributions such that LTP contributions at, for example,
20 dB below the BLTI contribution can be estimated with an SNR of at least
10 dB. Unfortunately, this requires for a hardware adaptation of the device
which is out of the scope of this work. An extended clinical trial is required
to verify the contributions of LTP behavior for a larger group of subjects.
Nonetheless, we advice to take LTP behavior into account in future low frequency FOT measurements as it has been demonstrated that increased variance and bias can be measured when the LTP contributions aren’t handled
properly. Moreover, further research into the behavior of the LTP contributions could provide useful novel insights when based on measurements with
low uncertainty. LTP identification could, for example, serve as an exten-
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sion to [43], where it was shown how expiratory flow limitation (EFL) can
be detected by the difference within-breath impedance differences which is
essentially also a form of time-periodic behavior.
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Figure 8.13: Amplitude spectrum of Qao,m with highlighted excitation frequencies (red) and
breathing harmonics (blue) for one COPD subject. Green circles highlight harmonics at frequencies that are preserved for the first order contributions Q̃±1 , generated
by the first order HAs Y±1 .
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Figure 8.14: Estimation of YBLTI using LTP estimation Ŷ0 (blue full) in comparison to BLA estimation ŶBLA (red full) with respective standard deviations σ̂Ŷ0 (blue dashed) and
σ̂ŶBLA (red dashed). Note that the 5 Hz measurement is performed separately and is
unchanged for Ŷ0 and ŶBLA .
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Figure 8.15: Real and imaginary
part of LTP estimation Ŷ0 (blue) with uncertainty bounds corre√
sponding to 2σ̂Ŷ0 and with estimated constant phase model Yrs (ω, θ̂CP ) in magenta.
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Figure 8.16: Estimation of estimated HAs Ŷr , r = ±1, ±2 (blue) with respective standard deviations σ̂Ŷr (blue dashed).
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9.1 Overview
In chapter 1, the diagnostic potential of low frequency FOT measurements together with the lack of clinically practical measurement techniques has been
discussed. The goal of this work was to fill this gap by obtaining patientfriendly measurement techniques that can bring this diagnostic potential of
low frequency FOT into clinical practice.
A pressure controlled fan-based FOT device has been developed that can
generate high quality, i.e. SNR > 40 dB, pressure excitations between 0 and
5 Hz while the patient is performing spontaneous breathing (chapter 3).
The remaining problem was the impact of the patient’s breathing on the
flow measurements which impeded the access to the respiratory system’s flow
response. This led to erroneous and therefore unreliable measurements of
the respiratory impedance. A quantitative description of this measurement
issue has been presented to illustrate the problems that need to be handled
to improve the quality of the impedance measurements (chapter 4).
Two modeling techniques have been developed that allow for the elimination of the breathing disturbances from the flow measurements, thereby
strongly decreasing the error on the impedance measurements (chapter 5).
These techniques could solve the problem of breathing disturbances for a majority of the measurements. Nonetheless, counterexamples showed that the
breathing disturbance could not be removed when frequency overlap occurs
between the patient’s breathing and the excitation frequencies.
To avoid the problem of frequency overlap, an alternative approach was
presented using adaptive excitation signals (chapter 6). With this method,
frequency overlap is avoided by adapting the excitation frequencies to the
patient’s natural breathing frequency. In addition, the patient is instructed to
synchronize his/her breathing to an external stimulus oscillating at his/her
own natural breathing frequency. As a consequence, a clear separation be-
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tween the breathing disturbances and the flow response occurs which leads to
high quality impedance estimates. A clinical trial was performed to verify if
these results hold for measurements on patients with a variety of respiratory
diseases (chapter 7). As illustrated with measurements on 63 patients, including patients with asthma and COPD, synchronization could be obtained
leading to reliable impedance measurements in each patient group. Interpretation of the results of the clinical trial are ongoing. Meanwhile additional
measurements are being executed.
Finally, a time-varying behavior of the respiratory system was detected and
an improved protocol has been presented that allows for the characterization
of this time-varying behavior (chapter 8).
A first publication described the operation of the FOT device [49]. The
first modeling technique, based on nonlinear modeling has been published
in [75]. The second technique, using regularized least squares, has been published in [73]. We aim to add at least one, and possibly more publications
on the adaptive measurement protocol and the results of ongoing and future
clinical trials. That work is not published yet in a scientific paper. Instead, a
patent application has been submitted first, covering the adaptive measurement protocol together with the modeling techniques and the characterization of time-varying behavior.

9.2 Main contributions
• A pressure controlled FOT device has been developed and optimized
such that pressure oscillations with low uncertainty can be generated
in the presence of breathing disturbances [49].
• A quantitative description together with a system identification framework of low frequency FOT measurements in the presence of breathing disturbances and additional noise sources, e.g. generator noise and
measurement noise, has been provided.
• Modeling techniques were presented that allow post-hoc elimination of
the breathing disturbances from the flow measurements, yielding high
quality impedance measurements [73, 75].
• An adaptive measurement protocol has been implemented that allows
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for the separation of breathing disturbances from the flow response,
leading to accurate impedance measurements without the need for the
aforementioned modeling techniques [88].
• A clinical trial has been executed to validate the results of the adaptive measurement protocol. This confirmed the accuracy of impedance
measurements obtained with the adaptive measurement protocol on
patients with a variety of respiratory diseases.
• A description of the time-varying behavior of the respiratory system
has been provided together with an optimized measurement protocol
for its characterization.
• A patent application has been submitted in collaboration with the Vrije
Universiteit Brussel to protect the majority of this work’s results in case
future research leads to the development of, for example, a spin-off
company. The patent mainly focuses on the adaptive measurement protocol but also covers the modeling techniques for breathing elimination
and the time-varying characterization of the respiratory system [88].
• An FWO-TBM follow up-project has been submitted. FWO-TBM is the
program of the Flemisch Fund for Scientific Research (FWO: Fonds Wetenschappelijk Onderzoek) aimed at Applied Biomedical Research with a
Primary Social Finality (TBM: Toegepast Biomedisch onderzoek met een
Maatschappelijke finaliteit). The follow-up project aimed at the implementation and clinical validation of a set of future improvements (chapter 10). The ultimate goal was to transfer low frequency FOT from a
research tool to a clinically applicable measurement tool. This project
was however not accepted by the commission.

235

10 Future work
This work showed that impedance measurements below 5 Hz can be obtained
in a patient-friendly manner. A set of improvements is suggested to transfer the results of this work into a robust measurement tool that has significant advantages for the diagnosis and monitoring of patients with respiratory
complaints.

10.1 Noise reduction
A remaining problem are the high noise levels on the flow measurement causing low signal-to-noise-ratios. Even in the absence of breathing disturbances,
the signal-to-noise ratio on the flow measurements hardly exceeds 20 dB. It
even decreases further for patients with highly obstructive lung diseases. As
a consequence, the uncertainty bounds on the impedance estimates increase
which can cause additional biases when applying parametric model estimations. Moreover, the identification of time-varying behavior through the harmonic transfer functions is currently jeopardized since the time-varying contributions hardly exceed the measurement noise.
This improvement will require for an adaptation of the hardware of the
device. Adjustments to the pressure sensors will provide no significant benefit since the quantization error on the flow is way lower than the standard
deviation observed during the measurements1 .
The main noise contribution to the flow is the turbulence of the air flow
within the device. This turbulence is already decreased by subdividing the
conduits of the FOT device into small tubes of 2 mm (section 3.2.2.2) but further adjustments are required. Different fans could be used that generate
lower flows, however this comes at the cost of reduced amplitude of the presq
res2q
L
quantization error is given by σδ =
12 = 0.0150 /s with resq given in (3.7). In the
measurements the standard deviation σq was around 0.5 L/s

1 The

237

10 Future work
sure excitation signal. This would not improve the signal-to-noise-ratio of the
flow since a decreased pressure amplitude corresponds to a decreased flow
amplitude. Moreover, the fans need to be able to provide a sufficient supply
of fresh air to the patient while suppressing the breathing disturbances from
the pressure excitation signal.
A further study is thus required to obtain a FOT device that provides an
optimal balance between flow turbulence and amplitude of the generated
pressure excitation.

10.2 Statistical analysis based on extended
parametric models
The clinical trial of chapter 8 provided interesting results in healthy, asthmatic and COPD patients. However a statistical analysis to find significant
differences is currently lacking. Analysis of variance (ANOVA) testing has
been applied to the measurements of the clinical trial but the results have not
been discussed since no significant differences between the groups were observed. One cause can be the strongly increased discrepancy of the measured
patients in comparison with other clinical trials [14] in terms of physiological
data and spirometry measurements. Another reason can be residual errors on
the estimated constant phase models, partly because the uncertainties on the
measurements are still too high.
A final possibility is the fact that we only considered the homogeneous
constant phase model which doesn’t take into account airway wall shunting
or peripheral airway heterogeneity. In [14], a similar clinical trial was performed and the statistical analysis was executed only after an optimal parametric model was selected from a range of constant phase models. These
included homogeneous constant phase models with and without central airway shunting and constant phase models with heterogeneous airways and
tissue compartments. Recently, these models have been extended with probability functions to incorporate distributions of airway resistance and tissue
elastance [84].
An extension of the parametric models, together with sharpened inclusion
criteria and measurements with decreased uncertainty could lead to the observation of significant differences between patient groups.

238

10.3 Extension of the frequency range

10.3 Extension of the frequency range
This work focused entirely on FOT measurements below 5 Hz since several
FOT devices are available for measurements above 5 Hz. Nonetheless, the
current low frequency FOT device can be extended with a loudspeaker such
that measurements can be obtained in a frequency range starting below 0.1 Hz
and surpassing 100 Hz. A schematic representation of such a setup is shown
in Figure 10.1. By adding a loudspeaker at the back of the device, pressure
oscillations at higher frequencies can be generated. The loudspeaker can even
lower the requirements of the fans since it can handle pressure oscillations
starting at 1 Hz as illustrated in Figure 10.2. These observations are based
on preliminary measurements of a prototype developed by Cedric Busschots
from Department ELEC.
As the fans can focus entirely on the sub-1 Hz band, it becomes possible
to find the balance between flow turbulence and pressure amplitude as discussed in section 10.1. One option is to increase the pressure amplitudes at
frequencies below 1 Hz which is feasible since the low bandwidth of the fans
no longer needs to be compensated beyond 1 Hz. This would lead to increased
signal-to-noise-ratios of the flow response. However, the possible benefit is
limited since the constraint of ±5 hPa peak values for the pressure excitation
should not be violated [7]. An alternative option is to maintain the current
pressure amplitudes for which the corresponding air flow turbulence will be
strongly decreased since the fans no longer have to inject increasing power at
frequencies above 1 Hz.
This setup has been implemented and improvements are ongoing. A preliminary example of pressure at the airway opening Pao is shown for which
feedforward compensation was applied to obtain a flat spectrum for |Pao | (Figure 10.3). It should be noted that this measurement was performed with a
closed mouthpiece, hence in the absence of breathing disturbances. Nonetheless, this measurement shows that a flat amplitude spectrum can be generated
from 0.1 Hz up to 170 Hz with a constant amplitude of 15 dBPa. This amplitude
spectrum can be shaped in numerous ways to provide increased amplitude
at lower frequencies as done, for example, with a butterworth characteristic
in section 3.5.
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Figure 10.1: Schematic representation of the measurement setup extended with a loudspeaker
for generation of frequencies above 1 Hz. Details on fan-based device, can be found
in chapter 3 (Figure 3.4).

Figure 10.2: Pressure at the airway opening |Pao | when the combination of fans and loudspeakers
is applied. The fans handle the low frequent oscillations and the speakers take over
at 1 Hz to generate the high frequent oscillations.

|Pao | [dBPa]

15

0

−20
0.13

0.88 1.88 5.38 14.63
Frequency [Hz]
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Figure 10.3: Amplitude spectrum of pressure at the airway opening Pao using the combination
of fans and loudspeakers. The sample mean is shown with full line, and sample
standard deviation in dashed lines. The addition of the loudspeaker enables the
application of a pressure signal that excites a frequency band from 0.1 Hz to 170 Hz.
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10.4 Identification of time-varying behavior
Chapter 8 illustrated the presence of time-varying behavior together with an
improved protocol to characterize the time-varying contributions. However,
this study should be extended to verify which additional information can be
obtained, preferably using a FOT device with decreased noise levels.
An increased difference between inspiratory and expiratory impedance has
already been observed in patients with obstructive respiratory diseases [43].
Therefore, we hypothesize that the characterization of the time-varying contributions can have a significant added value for detection of respiratory diseases.

10.5 Device autonomy
This final suggestion is closer related to development than to research. Increasing the device’s autonomy is indispensable for the FOT device to become
widely used in clinical practice or to evolve into a home-monitoring device
such as the Resmon Pro [20].
The first improvement that needs to be made is the development of an
advanced and user-friendly graphical user interface (GUI) that is robust to
erroneous actions of the user. The current GUI works properly, however,
the medical research assistant needs some training to ensure that the correct
operations are performed in the correct order.
A second improvement is the introduction of quality control in the microcontroller unit (MCU) with feedback to the user. Currently, the impedances
are estimated offline using MATLAB [82] and the user is not informed in
time if a measurement contains errors. The danger of this procedure is that
erroneous measurements go unnoticed until the patient is no longer available while a simple restart of the measurement could have led to an accurate
impedance estimate. However, quality control requires for all the currently
applied estimators to be implemented for online calculation on the MCU.
A final improvement is the online adaptation of the measurement protocol. Currently, the protocol consists of a fixed number of measurements,
each with a duration of 20 breathing cycles. The low frequent excitations
are shifted to prevent frequency overlap with the patient’s breathing. Apart
from that, the amplitude spectrum and excitation grid is independent of the
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patient. An improvement could be to optimize the duration of the measurement and the amplitude spectrum of the excitation signal to the patient. For
example, if a first measurement showed that additional frequency lines are
required below 0.3 Hz, a second measurement can be adapted to target specifically that frequency range. This can be done by replacing a measurement of 6
consecutive periods with a resolution of 0.1 Hz by 3 consecutive periods with
a resolution of 0.05 Hz. Another option is the addition of a single tone with
increased power if the impedance estimate at that frequency has a too high
uncertainty. These improvements can provide an optimal balance between
measurement duration and estimation accuracy, depending on the measured
patient.
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