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Abstract
Electrical bioimpedance spectroscopy (EBIS) has been used to assess the status or composition of
various types of tissue, and examples of EBIS include body composition analysis (BCA) and tissue
characterisation for skin cancer detection. EBIS is a non-invasive method that has the potential to
provide a large amount of information for diagnosis or monitoring purposes, such as the
monitoring of pulmonary oedema, i.e., fluid accumulation in the lungs. However, in many cases,
systems based on EBIS have not become generally accepted in clinical practice. Possible reasons
behind the low acceptance of EBIS could involve inaccurate models; artefacts, such as those from
movements; measurement errors; and estimation errors. Previous thoracic EBIS measurements
aimed at pulmonary oedema have shown some uncertainties in their results, making it difficult to
produce trustworthy monitoring methods. The current research hypothesis was that these
uncertainties mostly originate from estimation errors. In particular, time-varying behaviours of the
thorax, e.g., respiratory and cardiac activity, can cause estimation errors, which make it tricky to
detect the slowly varying behaviour of this system, i.e., pulmonary oedema.
The aim of this thesis is to investigate potential sources of estimation error in transthoracic
impedance spectroscopy (TIS) for pulmonary oedema detection and to propose methods to prevent
or compensate for these errors. This work is mainly focused on two aspects of impedance spectrum
estimation: first, the problems associated with the delay between estimations of spectrum samples in
the frequency-sweep technique and second, the influence of undersampling (a result of impedance
estimation times) when estimating an EBIS spectrum. The delay between frequency sweeps can
produce huge errors when analysing EBIS spectra, but its effect decreases with averaging or low-pass
filtering, which is a common and simple method for monitoring the time-invariant behaviour of a
system. The results show the importance of the undersampling effect as the main estimation error
that can cause uncertainty in TIS measurements. The best time for dealing with this error is during
the design process, when the system can be designed to avoid this error or with the possibility to
compensate for the error during analysis. A case study of monitoring pulmonary oedema is used to
assess the effect of these two estimation errors. However, the results can be generalised to any case
for identifying the slowly varying behaviour of physiological systems that also display higher
frequency variations. Finally, some suggestions for designing an EBIS measurement system and
analysis methods to avoid or compensate for these estimation errors are discussed.

Keywords: Electrical Bioimpedance Spectroscopy, Thoracic Bioimpedance Spectroscopy, SubNyquist Sampling, Undersampling, Aliasing in Electrical Bioimpedance, Bioimpedance Estimation
Error.
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1. Introduction
Introduction
An aging population—the increased percentage of elderly individuals in the overall population that
has resulted from longer lives and lower fertility rates—is challenging the current healthcare system
by increasing costs, creating a lack of healthcare personnel, and contributing to more complex
combinations of chronic diseases [2]. New diagnostic and monitoring tools and technologies can
help to reduce the cost and raise the quality of healthcare. In the last five decades, electrical
bioimpedance spectroscopy (EBIS) has been used to assess the status or composition of various
types of tissue, and examples of EBIS include body composition analysis (BCA) [3] and tissue
characterisation for skin cancer detection [4]. Moreover, EBIS has also been utilised for noninvasive assessments of the dynamics in physiological processes, such as in bioimpedance-based
systems for respiratory or cardiac monitoring [5, 6]. However, in most of the cases, systems based
on EBIS have not been routinely accepted in clinical practice. The possible reasons for the failure of
EBIS include problems such as inaccurate models, artefacts (e.g., motion artefacts), measurement
errors (e.g., hook effect) and errors in the estimation of the impedance spectrum[7]. However, these
challenges clearly show the potential to perform novel work despite the long history of EBIS. This
potential can be observed in the increasing number of patent applications during the last decade,
see Figure 1-1.

Figure 1-1. Trends in the patent applications for electrical bioimpedance spectroscopy since 2000
(Source: Thomson Innovation, www.thomsoninnovation.com)
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Pulmonary oedema—the accumulation of fluid in the air spaces and parenchyma of the lungs—is
common in patients with left ventricular heart disease. Transthoracic impedance spectroscopy
(TIS) is a potential candidate for monitoring oedema to support the early detection of lung oedema;
early detection can reduce the cost and improve the quality of a patient’s life. Mayer et al. have
shown the feasibility of monitoring lung oedema using focused impedance spectroscopy [8], and
later, Beckmann et al. proposed an optimal electrode placement and frequency range for using TIS
to detect lung water [9]. Several attempts have been reported to use TIS to detect pulmonary
oedema [10-13]; however, there is still no general clinical use of the method.
The motivation for the work behind this thesis was to find the sources of the uncertainties in TIS
analysis, for example, those found in the MyHeart FP6-IST-2002-507816 project. The dataset from
this project contains measurements by textrodes that were integrated into a vest designed by the
Philips Research Medical Signal Processing group, see Figure 1-2. The hook effect [14-17]—a
typical measurement error caused by parasitic capacitance— and the evaluation of applying a
correction method to the MyHeart data have been reported previously [17]. In the search for other
sources of error in TIS analysis, the effect of the delay between frequency sweeps in TIS spectrum
estimation was investigated: Paper-I [18]. This study was continued in an experimental study that
gathered different signals related to thoracic measurements, e.g., TIS, electrocardiogram (ECG), lung
volume and air flow, and accelerometer data, from subjects who were in different postures and who
performed various activities. Some results are reported in Paper-II [19]. During the analysis of the
results in papers I and II, undersampling was recognised as a non-negligible problem and a
potential source of error in the estimation of EBIS spectra: Paper-III [20].

Figure 1-2. Vest integrated with textrodes and the EBIS measurement device used in
the MyHeart project (Source: Philips)
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1.1 Objective
The main objective of this work is to investigate some potential sources of error in the TIS
spectrum estimation for lung oedema detection and to propose methods to prevent or compensate
for these errors.
In particular, the thesis addresses two aspects of bioimpedance estimation:
•

The influence of the frequency sweep delay

•

The problem of undersampling as a result of impedance estimation times

1.2 Research methodology
The scientific method can be summarised as different steps of problem formulation, phenomena
detection, theory generation, theory development and theory appraisal [21]. However, similarly to
most other procedures, no scientific method is a perfect waterfall process; instead, it could be
considered an iterative process. Thus, after the formulation of a problem based on observations and
validating the generated hypothesis, the result of one iteration will be used for new observations
and to develop new theories in a subsequent iteration.

Observation
Analysis

Case Study

Simulation

Analysis of

Expriment

Results

Figure 1-3. Five steps of this thesis work, analysis of observations, simulation, experiment and analysis of
results and case study, as a complete iteration of the scientific method.

In this research, which was based on the analysis of observed uncertainty in TIS measurements, we
hypothesised about the effect of the frequency-sweep delay in thoracic measurements. Through
simulations, different hypotheses were tested, but the observed results also generated new questions
and hypotheses. In parallel, an experiment was performed to gather more data about thoracic EBIS.
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Finally, based on an analysis of the simulation and part of the experimental data, a hypothesis about
the effect of undersampling as an error in monitoring the time-invariant behaviour of a timevariant system was validated by performing an intellectual exercise that has been reported as a case
study. In summary, this work consists of a simulation, an experiment and a case study, and can be
considered a complete iteration of the scientific method, see Figure 1-3.

1.3 Outline
The thesis is organised in eight chapters based on three published papers. After a brief
introduction, the objective and outline of the thesis are provided in Chapter 1. In Chapter 2, a brief
background for EBI and EBIS is given. Chapters 3-5 summarise the methods and results from the
three papers of the thesis.
Chapter 6 contains some suggestions for the design and analysis of an EBIS measurement system
that will avoid or compensate for the introduced estimation errors. A brief discussion follows in
Chapter 7, and finally, some future studies are proposed in Chapter 8.
This thesis is partially adapted from the appended papers, except for Chapter 6. However, the aim
of this thesis is to encourage the audience to read the full story in the appended papers.
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2. Background
2.1 Electrical bioimpedance
Electrical impedance is the opposition to the flow of an electrical current that is applied to a
material. Similarly, bioimpedance refers to the opposition to an electric current flowing through a
biological material. This opposition depends on the size, structure, composition and even the
activity of the material, and hence, bioimpedance could be useful for studying tissue composition
and physiological processes. There is a fundamental difference between the current flow in
materials such as metals and the flow in biomaterials (e.g., the human body, animal tissues, and
vegetables). Biological tissue is an electrolyte with free cations and anions, i.e., positive and negative
charges, such as sodium (Na+), chloride (Cl-), potassium (K+), and protein ions [22, 23]. Therefore,
the electrical charges in biomaterials are ions instead of electrons.
Biological tissues are complex structures of different materials, compositions and layouts, and it is
not easy to develop a complete electrical model of biological tissues. However, for many practical
purposes, a simplified model is possible by considering tissue to be a group of cells surrounded by a
conductive fluid. The cell consists of organelles —subunit within a cell that has a specific function—
floating in a fluid and surrounded by a cell membrane composed of fat. The intracellular fluid (ICF)
contains ions and can be modelled by a single resistor, while the cell membrane acts as a resistance
in parallel with a capacitance. A current that is applied to the tissue will not only flow through the
cells but also through the fluid surrounding them, the extracellular fluid (ECF). An overall electrical

Figure 2-1. Electrical model of cell. Rm and Cm represent the resistance and capacitance of the
cell membrane, respectively, while Re and Ri represent the resistance of the external and
internal fluids, respectively [1]. The final 2R-1C bridge is illustrated to the right.
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model of biological tissue is depicted in Figure 2-1. The final 2R-1C parallel bridge can be
considered a valid equivalent circuit for a single cell by assuming a very low conductivity for the cell
membrane. This model has been widely used to represent the electrical properties of tissue and the
composition of cells, and it has been used to explain bioimpedance measurements at different
frequencies. At low frequencies (below 1 kHz), current mostly flows around the cell without
penetrating the cell; thus, the membrane capacitance at low frequencies causes the equivalent
circuit of the cell to act as an open circuit. Conversely, the membrane capacitance at high
frequencies causes behaviour similar to a short circuit (above 1 MHz), and hence, the current flows
partially through both the ECF and ICF.

However, this simple model cannot explain all

observations in the bioimpedance measurements of tissues, such as the change in the dielectric
properties with the frequency of the injected current. It is known that the dielectric properties of
biological tissue vary with frequency, and four dispersion windows —α (10 Hz to 10 kHz), β (10
kHz to 10 MHz), γ (100 MHz) and δ (in range of a hundred MHz to a few GHz ) — have been
defined by Schwan [24, 25]. Typically, bioimpedance measurements are performed in the βdispersion window, where frequency-dependent changes are associated with cell structure and the
polarisation and depolarisation of macromolecules [22, 26, 27]. The contributing biomaterial
elements of biological tissues at different dispersions are summarised in Table 2-1 [1].
The Cole Equation (1) is a model for the β dispersion, and it was introduced by Cole in 1940 [28] to
fit experimentally obtained electrical bioimpedance (EBI) measurements of biological tissue. The
model uses four parameters, ܴ, ܴஶ , ߙ and ߬, to describe the impedance dispersion. In this model
ܴ and ܴஶ can be directly interpreted as the impedance at zero and infinite frequency, respectively,
ߙ describes the departure of a model from a simple RC circuit model, and ߬ is the inverse of the
natural characteristic frequency ߱ . For α≠1, the Cole equation is nonlinear with respect to
frequency, and the generated impedance values represent a supressed semi-circle when plotted in
the impedance plane, i.e., resistance vs. reactance [28]. Cole-based analysis typically involves
finding the parameters of the Cole function that best fit the empirical data. Several iterative fitting
methods in the impedance or admittance plane exist and can be used in the analysis of EBIS data
using the Cole model [29, 30].
ࢆࡻࡸࡱ ሺ࣓ሻ = ࡾஶ +

ࡾ ିࡾಮ
ାሺ࣓࣎ሻࢻ

(1)

EBI measurements can be performed using a single frequency or multiple frequencies, i.e.,
spectroscopy. Single-frequency EBI has been widely used to monitor relatively fast changes, such as
breathing via impedance pneumography[31] and cardiac activity[32] via impedance cardiography.
However, spectroscopy is mainly used in body composition analysis (BCA) and skin cancer
screening [4, 33]. In other words, single-frequency methods are usually preferred for studying
mechanical changes rather than changes in composition, and when a high temporal resolution is
required.
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Table 2-1. Elements that contribute to the bioimpedance of biological tissue at different dispersions
Contributing Elements

Dispersions

α

β

Water and Electrolytes
Macromolecules

Vesicles

Cells with
membrane

γ

δ

◆

Amino Acids

◆

◆ ◆

Proteins

◆

◆ ◆
◆ ◆

Nucleic Acids

◆

◆

Surface Charged

◆

◆

Non-surface

◆

charged

◆

Fluids Free of Protein

◆

Tubular System

◆

◆

Surface Charge

◆

◆

Membrane Relaxation

◆

◆

Organelles

◆

◆ ◆

Protein

◆

◆ ◆

2.2 Bioimpedance measurements
The EBI is usually measured by applying a current to tissue and then measuring the voltage drop.
An alternative approach is to measure the current generated by a voltage that is applied to the
tissue. The impedance is then obtained as the ratio between the voltage and the current in
accordance with Ohm’s Law.

Bioimpedance measurements involve many different practical

aspects, including the electrode-skin impedance and the parasitic capacitances between the leads
and the ground. Some problems related to the electrode-skin impedance can be overcome using the
tetrapolar —four-electrode— electrode configuration method, which uses a separate pair of
electrodes for stimulating and sensing [1, 34, 35]. The instrumentation for bioimpedance
measurements is described in detail in the literature, and such a description is outside the scope of
this thesis.
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2.3 Bioimpedance spectroscopy techniques
Impedance spectroscopy techniques for measuring the impedance over a frequency range can be
divided into the frequency-sweep and broadband excitation methods. In the frequency-sweep
method, one single frequency is used at a time for EBI estimation, and the procedure is repeated
several times at different frequencies to measure a spectrum. Frequency-sweep is the most
commonly used method, and it is used in devices such as the ImpediMed SFB7 (ImpediMed, Ltd.,
Eight Mile Plains, Queensland, Australia). Additionally, the presence of system-on-chips, e.g.,
AD5933 (Analog Devices, US), has established a good framework for developing compact and
affordable EBIS devices based on the frequency-sweep method [36-38]. The broadband excitation
method uses waveforms, such as a square wave, step function, chirp, multi-sine or pseudo random
noise [39-45], to allow simultaneous estimation of the impedance spectrum over the entire desired
frequency range.
Broadband excitation methods are usually considered to be faster than frequency-sweep methods.
The time required to acquire a spectrum using a frequency sweep is related to the time that each
frequency must be applied and the number of required frequencies in the spectrum, whereas a
broadband excitation method applies all frequencies simultaneously and thereby seems to require
less time. However, assuming that there is a limit on the tolerable excitation power, the allowable
excitation at each frequency in broadband excitation will be less than the excitation power at a
single frequency during a frequency sweep. Thus, achieving the same signal-to-noise ratio (SNR)
will require longer estimation times for broadband excitation. A thorough analysis of the trade-offs
would be interesting but is outside the scope of this thesis.

2.4 Sampling theorem and undersampling in EBI
The sampling theorem, also known as the Nyquist–Shannon theorem [43, 46], is a fundamental
theorem in digital signal processing and information theory. It states that a signal should be
sampled at a rate that is at least twice the maximum frequency component to preserve the
information in the signal. Sampling below the rate defined by the sampling theorem leads to the
folding, or aliasing, of image frequencies into the desired frequency band, and therefore, the
original signal cannot be recovered. To avoid folding the noise or interference above the
frequencies of the signal into the range of the signal, an anti-aliasing filter is normally introduced
before the sampling [46, 47].
Figure 2-2 illustrates the different modules in a general bioimpedance device. In this system, the
current and the voltage are A/D-converted, and the bioimpedance spectrogram is estimated in
software. Thus, the sampling theorem can be applied at two stages; first, for the sampling of the
voltage and the current and second, for the rate at which the impedance estimates are produced.

8

Figure 2-2. System for acquisition of impedance signals. Any method could be used for the current
stimulation and measurement: frequency sweep, multi-sine, or other.

The voltage and current sampling is straightforward; the Nyquist requirements can normally be
fulfilled easily, and high-frequency noise can be removed with antialiasing filters. Because the
excitation signals are bandpassed signals, various methods of undersampling (sampling below the
Nyquist rate) may also be used [27]. This type of undersampling may involve some consideration of
the epoch length, but all of this is outside the scope of this work. For a better understanding of the
concept of the undersampling of bandpassed signals, a visualisation method called the ‘fan-fold’
paper method [48] is recommended.
The second case is harder to deal with, because the impedance samples result from the digital
estimation process. In contrast to the A/D conversion of the voltage and current, it is not possible at
this stage to cope with potential aliasing through analogue antialiasing filters. However, it is always
possible to consider a maximum frequency above which, the desired system, i.e., the studied tissue,
has negligible activity. The effect of aliasing from signals above this maximum frequency may be
addressed but will be discussed in greater detail in Chapter 5.
Averaging or LP-filtering can be applied to remove interfering impedance components at
frequencies that are above the frequency range of interest but within the Nyquist criterion. It is then
important to note that averaging impedance samples is equivalent to a special case of LP filtering:
moving average (MA) filtering with an nth order MA filter with equal coefficients, where n is the
number of samples being averaged. The corresponding amplitude characteristics are depicted in
Figure 2-3.
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Figure 2-3. The frequency responses of average filters using 5, 20, 100 and 250 points are shown by
black plus, red star, green circle and purple solid lines, respectively.
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3. FrequencyFrequency-Sweep Delay (Paper I)
The first hypothesis for explaining the uncertainty in TIS measurement results for pulmonary
oedema was the delay between frequency sweeps, which potentially lead to an estimation error. The
time during which a TIS signal resulting from breathing can be considered stationary is often
shorter than the time required to measure a complete full spectrum using the frequency-sweep
method. The estimation error due to the frequency-sweep delay is illustrated in Figure 3-1.
A simulation using software developed in MATLAB was used to study the effect of this potential
estimation error in TIS measurements. Through the user interface of the software, the user can
change the simulation parameters and settings, simulate the spectroscopy measurements and plot a
simultaneous spectrum and frequency-sweep spectrum in different planes. The error analysis
produces a report containing the root mean square error (RMSE) and R-fitted estimated Cole
parameters of the measured spectrum in comparison with the true spectrum.

Figure 3-1. Resistance of a thorax at four different frequencies (solid, dotted, dashed dot and dashed lines);
for simplification, respiration is considered to be the only source of variation in the thoracic resistance.
Simultaneous sampling and frequency-sweep measurements are shown by green circles and red squares,
respectively. A respiration rate of 10 breaths/min and a delay of 100 ms between measurements are used for
this simulation.
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To generate bioimpedance, a simple model is used for thoracic bioimpedance with a time-invariant
part and an additive, time-variant respiration impedance. Additive white Gaussian noise is also
included to mimic measurement noise. The user can specify the following noise characteristics: the
mean & and the standard deviation '.
()*+,- = ().*/,0 + (1234/,+* + 56789 (1).

According to Brown [49], the impedance change associated with respiration has an inverse relation
to frequency: it decreases as the measurement frequency increases. Thoracic impedance is
generated by using the Cole function and a gradient of impedance change at different frequencies,
which is specified by user. The respiration impedance Z<=>?@ABC@DE is simply modelled as a sinusoid
with the amplitude generated by a Cole function and the user specified phase. The true and
measured spectra are calculated and used to analyse the EBIS data. A detailed description of the
models used to synthesise EBIS data can be found in Paper-I.
The results for a simple simulation case are summarised in this section. The simulation was
performed at 16 frequencies in the frequency range of 5-1000 kHz with a sweep delay of 100 ms.
The respiration rate is considered to be 12 per minute, and the mean and standard deviation of the
noise are set to zero. The spectroscopy measurements and the corresponding real spectra are shown
in Figure 3-2, which clearly shows that the error is not negligible for any of the measurements and
that the more prominent errors occur at maximum inhalation and exhalation.
The RMSE for the measured and true spectrum and the relative error in the estimation of the Cole
parameters are summarised in Table 3-1. It is clear that even for the third measurement, which has
the minimum RMSE; the error in the estimated parameters is significant. The error is clearly
noticeable not only for the Cole resistance parameters but also for the characteristic frequency and
alpha. Note that the error in the characteristic frequency is large for most of the measurements.

Figure 3-2. Simulation of spectroscopy measurements; the real spectra, measured spectra, baseline (thorax)
spectra and respiration cycle are shown in the graph.
The thorax and respiration impedances are generated by using the Cole parameters R  = 35, R  =
17, and fN = 42000and α = 0.7 and R  = 3, R  = 1, fN = 42000 and α = 0.7, respectively.
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Table 3-1. Summary of the estimation error analysis for frequency-sweep measurements
R0
(Error %)

Rinf
(Error %)

Fc
(Error %)

Alpha
(Error %)

RMSE

True Spectrum 1

35.3

17.1

42000.0

0.70

-------

Measured Spectrum 1

34.8 (1.4%)

18.3 (7.0%)

55420.8 (32.0%)

0.75 (7.0%)

1.48

True Spectrum 2

37.6

17.9

42000.0

0.70

-------

Measured Spectrum 2

38.3 (1.8%)

15.8 (11.6%)

35952.1 (14.4%)

0.68 (3.5%)

1.76

True Spectrum 3

32.5

16.2

42000.0

0.70

-------

Measured Spectrum 3

32.7 (0.7%)

16.8 (4.0%)

34421.9 (18.0%)

0.68 (2.6%)

0.41

True Spectrum 4

34.5

16.8

42000.0

0.70

-------

Measured Spectrum 4

34.0 (1.6%)

18.5 (9.5%)

56156.0 (33.7%)

0.75 (7.8%)

1.73

True Spectrum 5

37.9

18.0

42000.0

0.70

-------

Measured Spectrum 5

38.4 (1.4%)

16.0 (10.9%)

38380.0 (8.6%)

0.68 (2.5%)

1.52

The result of using averaging to identify the time-invariant part (baseline or (Qℎ6STU ) of the
simulated TIS measurements is summarised in Table 3-2. Using the proper number of
measurements for averaging (more than 40 points in this case) clearly makes it possible to find the
baseline and eliminates the influence of the frequency-sweep delay.
The simulation results clearly show that in the case of pulmonary oedema, averaging can
successfully reduce the estimation error caused by the frequency sweep. However, the simulation
leads us to another hypothesis about the effect of undersampling, which is analysed and reported in
Paper-III. Moreover, the simulation results indicate that the introduced error can affect the
measurements when studying the time-varying part of the system. Some suggestions for dealing
with this error are discussed in Chapter 6.

Table 3-2. Summary of the estimated baseline impedance by using averaging
Number of
R0

Rinf

Fc

Alpha

5

35.5

17.0

43485.5

0.70

10

34.9

17.1

42898.7

0.70

20

35.0

17.1

42681.2

0.70

30

35.1

17.0

42252.9

0.70

40

35.1

17.0

41980.1

0.70

50

35.0

17.0

42000.0

0.70

100

35.0

17.0

42000.0

0.70

Real Baseline

35.0

17.0

42000.0

0.70

averaged points
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4. Experimental
Experimental Study (Paper II)
In parallel with the simulation of the frequency-sweep delay (first hypothesis), an experiment was
performed in collaboration with Philips Research to collect data and observations about
measurement errors, estimations errors and motion artefacts in TIS measurements. Knowledge
about such artefacts can facilitate the development of robust methods that allow TIS-based
techniques to work in real scenarios. However, the investigation focused on the estimation errors
caused by respiration, and not all of gathered data are used in this thesis or in the papers. Data were
collected to quantify and characterise the disturbances from respiration and movements. Ten
healthy volunteers (age: 38±15 years, BMI: 24.3±4.7 kg/m2), five male and five female, participated
in this study. The volunteers were asked about any history of diagnosed breathing or cardiac
abnormality. All subjects were properly informed and provided written informed consent. The
study procedure was reviewed and approved by the ethical review board.
TIS tetrapolar measurements were performed using the BIM (Philips Technologie GmbH, Aachen,
Germany), which performs both sinusoidal frequency-sweep measurements at 16 different

Session 4

Session 3

Session 2

Session 1

Table 4-1. Description of tasks and measured signals during each experiment session
Activity

Measured Signal

-Lying down

•

TIS and ECG with BIM

-Reclining

•

ECG and Respiration with Nexus-10

-Sitting

•

Respiration airflow with pneumotach

•

TIS and ECG with BIM

-Reading a book

•

ECG and Respiration with Nexus-10

-Working on a

•

Accelerometer placed on chest, leg, and

computer

Description
Shallow and deep breathing
at 10 and 16 bpm (60 s each)
following a metronome

Normal Breathing

back
•

TIS and ECG with BIM

-Walking slowly

•

ECG and Respiration with Nexus-10

-Walking normally

•

Accelerometer placed on chest, leg, and

Normal Breathing

back
•

TIS and ECG with BIM

-Mild and moderate

•

ECG and Respiration with Nexus-10

Approximately 3 minutes

jogging exercise on

•

Accelerometer placed on chest, leg, and

each after a recovery break

back

of 3 minutes

an exercise bike
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frequencies (10 kHz to 1 MHz) and ECG (Lead III) measurements. The BIM uses an adjustable vest
with textile electrodes. The vest is placed on both sides of the thorax at approximately the level of
the tenth rib. The inhalation and exhalation airflow of respiration is measured by a heated
pneumotach (Hans Rudolph Inc., Shawnee, KS USA) connected to a DAQ (NI USB 6353, Texas
Instruments, Dallas, TX USA), which samples the data at 1 kHz. The tidal volume is estimated by
integrating the flow measurements over time while the calibration is performed using a three litre
calibration syringe at the start and end of the recording session. A Nexus-10 device (Mind Media
BV, Roermond-Herten, Netherlands) was used to measure the ECG (through Lead II) and the
respiration dynamics, which were also, measured using a respiration belt. The various devices were
synchronised using both RR intervals from the ECG and a reference synchronisation signal
captured by a photo-sensor from a flickering window on the computer screen. Three
accelerometers were used to capture the leg and body movements and were placed on the right leg,
back and chest. The study protocol consisted of four sessions with different activities and different
measurements. Table 4-1 briefly describes the tasks and measured signals.
Figure 4-1 shows the TIS measurements of a subject; the measurements are separated to illustrate
distinctly all the data and the data at the end-expiratory points. It is clear that TIS is highly affected
by respiration. The R0 values seem to change by almost 4 Ohms (from 20 to 24) between the
maximum inhalation and exhalation for this specific subject.
The population mean of the fitted Cole parameters and the intra-subject variability between the
different breathing sessions are summarised in Table 4-2. These results clearly show the high

Figure 4-1: TIS data from a participant who was lying down. The black dots show the data for the full
recording (shallow and deep breathing at both 10 and 16 bpm). The recorded data at the end-expiratory
points extracted from the spirometer are shown in red stars.
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variability in the recorded impedance at different stages of the respiratory cycle. This variation
makes it difficult to find a representative Cole fitting for monitoring of pulmonary oedema. The
difference between the Cole parameters for the two methods was four times larger on average when
respiration was not taken into account.
The results from this study validate our simulation settings and also show the importance of
finding a proper method to study the time-invariant part of TIS measurements, which potentially
can be used to monitor pulmonary oedema. These results also suggest the possibility of using
synchronised sampling, i.e., using external data about the respiratory cycle, to monitor the slowly
varying thorax behaviour, i.e., the pulmonary oedema. Observing these variations and some initial
analysis of the respiration rates (12 and 16 breaths/minute) and the estimation time for each
spectrum (3.2 seconds) led us to study effect of underdamping in TIS estimations.

Table 4-2. Intra-subject variability of TIS measurements for all subjects
Cole
parameter

Using data at end-exhalation

Cole model estimated using all data

0.33 ± 0.26 Ω
1.24 ± 1.65 Ω
(mean 26.44 ± 4.64 Ω)
(mean 27.11 ± 4.36 Ω)
0.30 ± 0.25 Ω
1.05 ± 1.50 Ω
R∞
(mean 12.10 ± 2.66 Ω)
(mean 12.02 ± 3.21 Ω)
1.90 ± 1.36 kHz
8.26 ± 17.25 kHz
fc
(mean 53.81 ± 12.30 kHz)
(mean 58.83 ± 20.82 Ω)
0.0250 ± 0.0226
0.0779 ± 0.0762
α
(mean 0.607 ± 0.049)
(mean 0.587 ± 0.085 Ω)
The table presents the mean and standard deviations of the intra-subject variability for all subjects and postures. The
R0

variability is measured using the absolute difference between the estimated Cole parameter for shallow and deep
breathing sessions.
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5. Undersampling of Spectrum Estimation (Paper III)
As described in results of Chapters 4 and 5, analysis of both the simulation and the experimental
results led us to another hypothesis about the effect of undersampling in TIS measurements. The
aliasing caused by the undersampling of TIS changes, which are mainly influenced by respiration,
can cause the uncertainty in thoracic measurements of pulmonary oedema, as well as the failure of
averaging to be a good representative of these measurements. Chapter 2.3 describes two aspects of
sampling in bioimpedance acquisition system: the rate of sampling the current/voltage and the rate
of impedance estimation. The problem addressed in this chapter is related to the time required for
the impedance estimation and the resulting rate at which impedance samples are produced.
Irrespective of the estimation method chosen for the impedance spectra (frequency sweep, multisine or other), longer estimation times yield better estimates: larger numbers of periods for the
stimulation and sensing voltage/current correspond to higher SNRs. For slowly varying signals, e.g.,
body composition estimates, measuring a larger number of periods does not cause any problems;
there would be ample time to obtain a good SNR, if it were not for the influence from higher
frequency noise/interference, e.g., the influence of respiration on impedance. Many devices for
bioimpedance recording use an intermediate impedance estimation time, i.e., neither a very fast
method nor a very slow one. To estimate very slowly varying parameters, these devices average
several estimates instead. Certainly, other types of LP filters could be used or could perhaps even
perform better. How much averaging, or LP-filtering, increases the signal-to-noise ratio depends
highly on the frequency distribution of the noise. We can distinguish two general cases,
narrowband interference and wideband interference.

5.1 Narrowband interference
Figure 5-1a displays an example assuming narrowband interference: a relatively constant breathing
rate of 15 breaths per minute (0.25 breaths per second) throughout the estimation time and an
impedance sampling rate of 0.33 samples per second. In this example, the aliasing yields a spectrum
at approximately 0.08 Hz, which can be suppressed through a sufficiently long averaging time, i.e.,
a sufficiently narrow LP filter. The averaging over more samples, using a longer averaging time is
equivalent to using a narrower LP filter (Figure 2-3). If time allows, an infinite attenuation of the
interference can be achieved. However, when the interference frequency increases to a rate of 0.33
breaths per second (20 breaths per minute), the scenario changes drastically. Now the aliasing
frequency coincides with 0 Hz (DC level or the desired frequency for assessment in general),
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Figure 5-1. Actual and apparent frequencies due to aliasing for 0.25 Hz and
0.35 Hz narrowband signals and (0.2-0.4 Hz) wideband signals are depicted in
plots a, b and c, respectively. The sampling frequency is 0.33 Hz.

meaning that if the interference rate is perfectly constant, then no averaging or LP filter will even be
able to reduce the interference in the time-invariant impedance signal (Figure 5-1b).

5.2 Wideband interference
Let us now assume an interference pattern that does not produce a narrowband signal. The person
may be talking, or, for any other reason, the person may have a more random breathing rate
(Figure 5-1c). In this case, averaging will reduce the interference, and the degree of attenuation of
the interference will depend on the averaging time, i.e., the corresponding cut-off frequency of the LP
filter, as well as the frequency distribution of the signal. Long averaging times yield lower residual
interference, and infinite averaging times will eliminate the interference entirely.
In summary, for a relatively constant, narrowband, high-frequency interference, averaging may
work very well or may fail completely at reducing the interference of breathing on the timeinvariant impedance signal, depending on the ratio between the impedance estimation time and the
interference frequency. For wideband interferences, averaging will always reduce the effect of
aliasing, and the degree of attenuation will depend on both the width of the frequency distribution
of the interference and the averaging time.
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5.3 Case study of pulmonary oedema
The accumulation of lung fluid slowly changes over time during pulmonary oedema. Thus, the
speed of frequency-sweep spectroscopy may be sufficient for this monitoring application. However,
the basal TIS signal that indicates the degree of fluid accumulation will always be afflicted with
signals induced by the respiratory and cardiac activity. Brown et al. [49] reported the respiratory
and cardiac component of thoracic impedance at several frequencies. The reported number
indicates that the contribution of breathing to impedance is on the order of 5–8 percent of the basal
impedance of interest for oedema monitoring; thus, the contribution of breathing can hardly be
ignored. In contrast, the cardiac component is less than one percent, which is negligible in most
cases. Thus, the respiration rate relative to the sampling rate of the EBIS device becomes crucial.
Lindh et al. [50] reported a normal respiratory rate of 44, 20-40, 18-30, and 12-20 breaths per
minutes for newborns, infants, children, and adults, respectively.
It is clear that using an impedance device, such as Impedimed SFB7, that is capable of providing an
impedance spectrum in 2 s, which corresponds to an impedance sampling rate of 0.5 Hz, will not
guarantee fulfilment of the Nyquist criterion, even for adults. However, the frequencies above 0.25
Hz (half of the sampling rate) and up to the maximum frequency of respiration in adults (0.33 Hz)
will fold down into frequencies above 0.17 Hz, and these frequency components will therefore be
reduced by at least 20 dB by the averaging of 20 points, i.e., over 40 s (compare with Figure 2-3). For
the original breathing signal, which is one-fifth of the basal impedance, this reduction in the
influence of respiration to 2% may be acceptable. If so, the sampling theorem is not fulfilled but the
sampling still works well. For children, infants and neonates, the situation is worse. For all these
categories of young people, a breathing rate of 30 breaths per minute, which corresponds to a
breathing frequency of 0.5 Hz, is normal, particularly for infants and neonates. With a sampling
rate of 0.5 Hz for the impedance estimation process, the breathing interference will be aliased to 0
Hz and cannot be reduced by averaging or by any other type of LP filtering. If the breathing rate is
not perfectly fixed at 0.5 Hz, which is seldom the case, the spectrum of the respiratory interference
will be spread around 0.5 Hz, and the corresponding aliased frequencies will be spread around 0Hz.
However, because the spectral content is not concentrated at 0 Hz exactly, the LP filter will reduce
the interference; the extent of reduction depends on the spread of the spectrum and the bandwidth
and delay of the LP filter. The breathing pattern is unknown beforehand; thus, the use of this lowimpedance estimation rate should be avoided with children. If it cannot be avoided, then an
excessive averaging time may solve the problem. Long averaging times will provide a narrow LP
filter and thus remove a large amount of the non-zero Hz interference; furthermore, these
averaging times will also increase the probability that the breathing rate will not be perfectly fixed
throughout the measurement epoch. These measurements require special care, and, particularly for
children on ventilators, the fixed breathing rate must be considered thoroughly.
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Other EBIS acquisition times will lead to different results, but the type of analysis will be the same.
For instance, an EBIS acquisition time of 3 s, which corresponds to 0.33 samples per second, will be
problematic for all age categories because breathing rates above 10 breaths per minute (0.166
breaths per second) are realistic for all ages.
As concluded earlier, this is the worst possible combination of breathing rate and sampling rate
because averaging will yield no reduction in breathing interference. Decreasing the acquisition time
to 2 s (0.5 samples/s) makes it possible for breathing rates that are less than 15 breaths per minute
(0.25 breaths per second) to meet the requirements of the sampling theorem (see the change in the
apparent frequency of the light blue, dash-circle line for frequencies higher than 0.25 Hz, Figure 52), but as concluded above, some aliasing may be tolerable. If we assume a maximum breathing rate
of 25 breaths per minute (0.42 breaths per second), which is a maximum rate that will cover most
cases of normal breathing in adults, the corresponding aliasing image will fold at 0.08 breaths/s (the
y value of the dash-circle light blue line at x equal to 0.42 Hz, Figure 5-2). If we want to reduce the
breathing-related interference in the basal impedance by 10%, we need averaging/LP filtering that
provides an attenuation of approximately 20 dB at 0.08 Hz (0.16 of the sampling rate). Figure 2-3
shows that averaging on the order of 50 points will be needed. Consequently, averaging over 100
seconds of the signal will provide the required reduction in breathing interference under the stated
conditions.

22

Figure 5-2. Actual and apparent frequencies at sampling frequencies; it is obvious that the apparent and
original frequencies are the same when the sampling frequency is equal to the Nyquist frequency. In
general, all sampling rates less than the Nyquist rate cause aliasing. However, for the lower sampling rates,
i.e., sampling at 0.2 and 0.3 Hz, higher frequencies are folded into the DC level, and hence, the DC level
cannot be recovered even by using the narrowest lowpass filter. For a maximum breathing rate of 25
breaths per minute (0.42 Hz) and a sampling frequency of 0.5 Hz, the maximum frequency component
(0.42 Hz) is folding on 0.08 Hz, as shown in the figure (dash-circle light blue line at X=0.42).
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6. Bioimpedance
Bioimpedance Spectroscopy,
Spectroscopy, System Design
This chapter summarises some of the insights about undersampling and frequency-sweep delay
from a system-design prospective. The design process for an EBIS system should be considered an
iterative process to ensure that the designed system meets the requirements, as much as possible,
without producing any aliasing that has not been carefully analysed. The design procedure may
involve many other aspects that are not covered here, and therefore, this chapter is not meant to be
used as a complete guideline.
A higher sampling rate is a trivial solution to avoid aliasing, but as described earlier, the sampling
rate that corresponds to impedance estimation is limited by the impedance estimation method,
SNR, power consumption, cost, size of the measurement device and other requirements. When a
high variation of EBI is studied, the primary requirement should be obtaining the fastest sampling
rate. In contrast, when a time-invariant or slowly varying part of a time-variant system, e.g., thorax,
is studied, it is possible to use sub-Nyquist sampling (sampling below the Nyquist frequency) by
carefully considering the aliasing effect. In this section, some suggestions for designing a TBI
measurement system that account for the errors caused by undersampling and compensation
estimation are described.

6.1 Considering possible undersampling effects
The lack of an anti-aliasing filter during impedance estimation increases the complexity required to
avoid aliasing, and hence, aliasing occurs in several cases. The aliasing effect for narrowband and
wideband high-frequency interferences can be analysed as described in Chapter 5 and more
precisely in Paper-III.
In theory, an EBIS measurement system should be designed to sample as rapidly as possible. In
reality, the sampling rate is limited by other requirements; thus, the aliasing effect should be
analysed. The first step is to determine the frequency above which we can assume the energy of the
signal is negligible. Second, this maximum frequency should be compared to the sampling theorem;
in fortunate cases, this frequency will meet the requirements of sampling theorem, and neither
aliasing nor pain will occur. Otherwise, we should consider the bandwidth of the interference, i.e.,
undesired high-frequency changes in impedance. Wideband interference is easier to deal with than
narrowband interference, as discussed in background, and the aliasing effect can be reduced by an
average filter of the appropriate length (see Figure 2-3). Narrowband interference could be the
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worst case, especially if the interference folds down on the desired frequency range. If the
interference does not fold on the desired frequency, an appropriate average filter should also help;
otherwise, random sampling can help by spreading the energy of interference to a wider range and
by transforming the narrowband interference to wideband interference. In the latter case, if
random sampling is not possible, the sampling rate should be increased even at the cost of not
fulfilling other design requirements. The aliasing effect of interference that is not folded on the
desired frequency can also be reduced by smoothing. An example of the design procedure for an
EBIS system is illustrated in Figure 6-1.

Figure 6-1. Procedure for designing an EBIS measurement system that considers the aliasing
which can occur due to sampling rates that are limited by other requirements.
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6.2 Compensation of frequency-sweep step delay
Frequency-sweep EBIS measurements can be performed at a sufficiently high speed for many
applications. Nevertheless, the frequency-sweep delay, which is introduced in Paper-I and briefly
discussed in Chapter 4, can distort the analysis of the measurement. Those who are handling a
frequency-sweep delay should also be using Nyquist sampling or have the aliasing under control,
see section 6.1.
In the cases with a time-invariant or slowly varying part of a system, such as TIS measurements of
pulmonary oedema, averaging or low-pass filtering is the part of the system that ideally can reduce
the effect of the frequency-sweep delay. An alternative approach is to use synchronised sampling,
which is sampling that is triggered by a known state of the system; this approach is more complex
and requires an independent, high-speed measurement of the system.
When a faster variation of system is studied, the frequency-sweep delay estimation error should be
considered carefully. It is possible to compensate for this error via interpolation/reconstruction of
the signal at each frequency and resampling of the spectra to obtain simultaneous measurements in
each spectrum. If Nyquist sampling is used, interpolation and resampling would be trivial. In the

Figure 6-2. Procedure for compensating for the estimation error causes by a frequency-sweep delay
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case of sub-Nyquist sampling and assuming that any aliasing is under control, the spectra can be
resampled by reconstructing the signal based on faster sampling of one frequency or using an
external signal, e.g., breathing dynamics from a respiration belt. However, the feasibility and
accuracy of reconstruction depends on the feasibility of finding a precise model for the studied
system. A summary of those approaches are illustrated in Figure 6-2.
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7. Conclusion
When monitoring the slowly varying part of a system, i.e., pulmonary oedema, the frequency-sweep
delay is not a major problem and can be reduced by proper averaging. However, for the timevariant behaviour of a biological system, the results suggest that performing Cole-based analysis
without considering the measurement delay can lead to an erroneous estimation of the Cole
parameters. All parameters suffer from erroneous estimation, but the characteristic frequency
appears to be the most sensitive parameter. A trivial compensation method for eliminating the
effect of a frequency-sweep delay is to interpolate/reconstruct the data and resample the spectra to
obtain simultaneous data for each spectrum.
The results of the simulation and the observations from both the experimental study and the case
study of pulmonary oedema indicate that the aliasing caused by undersampling bioimpedance
estimations is a major problem that can distort the results and create uncertainties that could be
impossible to interpret. The case study of undersampling in pulmonary oedema clearly indicates
that averaging can even be used to reduce the effect of a frequency-sweep delay; this correction
could completely fail due to the folding of high-frequency components onto the desired frequency
range (DC level).
In conclusion, undersampling could be one cause of some uncertainties in TIS measurements using
the frequency-sweep method. However, with proper attention to undersampling and frequencysweep delay in EBIS measurements, the frequency-sweep technique is still useful for many
applications that are not aimed at monitoring high-frequency variations.
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8. Future Work
Future work, which will involve the emerging field of compressed sensing methods, may produce
new and better ways of acquiring electrical bioimpedance spectra. In addition, there is potential for
developing a simulation software/toolkit based on empirical data to study different aspects of EBIS
measurements, e.g., TIS simulations that consider empirical data from lung and cardiac activity. This
possibility can contribute not only to EBIS but also to ventilation/perfusion studies in electrical
impedance tomography. Another interesting area is the compromise between the frequency-sweep
and broadband excitation methods; such a compromise can help to determine when and how each
method should be used.
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