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Abstract 

The estimation of body fluids is a useful and common practice in the status assessment of disease 
mechanisms and treatments. Electrical bioimpedance spectroscopy (EBIS) methods are non-invasive, 
inexpensive, and efficient alternatives for the estimation of body fluids. However, these methods are 
indirect, and their robustness and validity are unclear. 

Regarding the recording of measurements, a controversy developed regarding a spectrum deviation 
in the impedance plane, which is caused by capacitive leakage. This deviation is frequently 
compensated for by the extended Cole model, which lacks a theoretical basis; however, there is no 
method published to estimate the parameters. In this thesis, a simplified model to correct the 
deviation was proposed and tested. The model consists of an equivalent capacitance in parallel with 
the load. 

Subsequently, two other measurement artefacts were considered. Both artefacts were frequently 
disregarded with regard to total body and segmental EBIS measurements as their influence is 
insignificant with suitable skin-electrode contact. However, this case is not always valid, particularly 
from a textile-enabled measurement system perspective. In the estimation of body fluids, EBIS data 
are fitted to a model to obtain resistances at low and high frequencies. These resistances can be 
related to body fluid volumes. In order to minimise the influence of all three artefacts on the 
estimation of body fluids and improve the robustness and suitability of the model fitting the different 
domains of immittance were used and tested. The conductance in a reduced frequency spectrum was 
proposed as the most robust domain against the artefacts considered. 

The robustness and accuracy of the method did not increase, even though resistances at low and high 
frequencies can be robustly estimated against measurement artefacts. Thus, there is likely error in the 
relation between the resistances and volumes. Based on a theoretical analysis, state of the art 
methods were reviewed and their limitations were identified. New methods were also proposed. All 
methods were tested using a clinical database of patients involved in growth hormone replacement 
therapy. The results indicated EBIS are accurate methods to estimate body fluids, however they have 
robustness limits. It is hypothesized that those limits in extra-cellular fluid are primarily due to 
anisotropy, in total body fluid they are primarily due to the uncertainty ρi, and errors in intra-cellular 
fluid are primarily due to the addition of errors in extracellular and total body fluid. Currently, these 
errors cannot be prevented or minimised. Thus, the limitations for robustness must be predicted prior 
to applying EBIS to estimate body fluids. 
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Chapter I 

Introduction 

Electrical bioimpedance spectroscopy (EBIS) measurements comprise a common clinical 
practice with numerous applications. The majority of applications are derived from the 
estimation of body fluids, i.e., extracellular fluid (ECF) and intracellular fluid (ICF), and 
their addition total fluid (TF). The estimation of body fluids can involve the entire body, the 
limbs, the thorax, or a focal part, e.g., calf or ankle. Thus, the measurements can be 
total-body, segmental, or focal measurements, being the impedance measured the one of 
the volume delimited by the electrodes. Relevant applications of bioimpedance do not 
focus on the estimation of body fluids, e.g., impedance cardiography (Packer et al., 2006) 
or skin cancer detection from skin impedance measurements (Aberg et al., 2005; Aberg et al., 
2004). 
A knowledge of body composition parameters aids in the diagnosis, treatment, and enhanced 
understanding of hydration, nutrition status, and disease mechanisms (Pierson, 2003). The 
measurement of body fluid volumes, i.e., ECF, ICF and total body fluid (TBF), is the basis for 
the derivation of other body composition parameters, such as fat-free mass (FFM), which is 
predicted from the hydration fraction and commonly assumed as 73.2% of the TBF. Another 
example is the body cell mass (BCM), which is considered directly proportional to the ICF (ICF 
and ECF are associated with TBF by default). BCM is nutritionally important because it 
encompasses the mass of all components in the body that perform work and consume energy 
and oxygen. Another example is the independent measurements of FFM and TBF, which 
enable, for example, dehydration detection, which is common in seniors or athletes after 
training. An excess amount of ECF may indicate lung oedema in cardiac patients (Buendia et 
al., 2010) or lymphedema in breast cancer patients after surgery (Ward et al., 1992). 
Hemodialysis is a condition in which patients accumulate excess fluid, which is measured as an 
increase in ECF and is used to determine the amount of fluid that should be removed by 
ultrafiltration (Scanferla et al., 1990). 

Isotopic dilution methods are considered the golden standard in body fluid estimation. TBF is 
estimated by deuterium or tritium dilution (Schloerb et al., 1950), ECF is determined by 
bromide dilution (Miller et al., 1989), and ICF can be measured using the radioactive potassium 
isotope 40K, which occurs naturally in the body as a fixed proportion of potassium (R. Pierson 
et al., 1982). These methods are highly accurate; however, they are invasive (requiring blood 
samples) and are also expensive due to the costs of the isotopes and the methods of analysis, 
e.g., mass spectrometry. In addition, studies cannot be repeated at short intervals due to the 
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retention of the residual tracer in the body. Therefore, they cannot be used to measure volume 
variations over a short period. Conversely, EBIS methods are non-invasive, inexpensive, 
simple, and fast alternatives for the measurement of body water volume. However, they are 
indirect, and their accuracy is highly dependent on the validity of the electrical model of tissues 
on which they are based (Jaffrin et al., 2008). 

When recording EBIS measurements for body composition assessments (BCAs), stray 
capacitances are a common source of artefacts that influence the assessment (Bolton et al., 
1998; R Buendia et al., 2010; Scharfetter et al., 1998). Large values of electrode polarisation 
impedance (Zep), i.e., the impedance of the electrode-skin interface, significantly heighten the 
influence of capacitive coupling. Although methods to reduce the effect of capacitive coupling 
in the measurement set-up are available in the literature (Scharfetter et al., 1998), no approach 
has minimised their influence on the estimation of body fluids after measurements have been 
obtained. 

The only postrecording approach to correcting tainted EBIS measurements is the extended Cole 
model (ECM) (De Lorenzo A et al., 1997), which lacks a theoretical basis despite its ability to 
effectively minimise the effect of capacitive coupling for the majority of measurements (Bolton 
et al., 1998; R Buendia et al., 2010; Scharfetter et al., 1998). There is no method published for 
estimating its parameter td; therefore, alternatives are needed. The first research question (RQ) 
is as follows: 

RQ 1—Is there a grounded alternative to the ECM that can correct EBIS measurements 
affected by capacitive leakage? 

The effect of capacitive leakage constitutes the main source of errors in EBIS measurements 
when Zeps present low values. Although the application of a skin preparation or suitable skin-
electrode contact may guarantee low Zep values, acceptable contact is not always obtained in 
experimental measurements. In addition to eHealth applications, in which measurements might 
be performed by patients in their homes, a deficiency in electrode contact may occur. Those 
facts prompt the second research question. 

RQ 2—How do stray capacitances and high values of Zeps affect EBIS measurements? 

When estimating body fluids, bioimpedance methods offering better results and being more 
grounded are the ones which fit EBIS measurements to a model for obtaining resistances at low 
and high frequencies inside the β-dispersion window, (Jaffrin et al., 2008). Afterwards these 
resistances can be related to ECF and ICF volumes. Although the fitting is frequently performed 
in the impedance plane, other domains have also been employed, e.g., modulus (R Buendia et 
al., 2011) or conductance (F. Seoane et al., 2010). Therefore, in body fluid estimation, the 
challenge for measurements of artefacts is reduced to the feasibility of estimating resistances by 
fitting a robust part of the bioimmittance to the same part of the immittance in a suitable model, 
such as the Cole model. This challenge motivates the following research question. 

RQ 3—Is any domain particularly robust against EBIS measurement artefacts? If so, 
can body fluids be estimated using only that domain? 

Once resistances at low and high frequencies inside the β dispersion have been obtained, the 
estimation of body fluid volumes is not trivial. Advanced methods present some drawbacks and 
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inaccuracies, which motivate a full review of the method. This review generates another 
research question. 

RQ 4—Can the estimation of body fluids be improved after resistances at low and high 
frequencies are obtained? Errors can be introduced by the anisotropy and heterogeneity of 
the body and by uncertainties in the geometrical model of the body, fluid balance, and 
resistivities. 

1.1 Structure of the thesis 

This thesis contains six chapters and an appendix citing publications used in this research. 
Chapter 1 provides an introduction to the research and an overview of the report. Chapter 2 
includes a theoretical framework that contains the general concepts required to understand the 
thesis. Chapter 3 provides a description of the research problems. In Chapter 4, the materials 
and methods are detailed. In Chapter 5, the results are presented by referencing various 
publications. Chapter 6 presents the discussion and conclusions. The research questions 
proposed in Chapter 1 are answered during this process. Future studies are also proposed. 
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Chapter II 

Theoretical Framework 

2.1 Electrical properties of biological tissue 

The dielectric properties of materials are obtained from the complex relative permittivity ε�, 
which is expressed as 

𝜀̂ = 𝜀′ − 𝑗𝜀′′     (1) 

where “ε” is the relative permittivity of the material, “ε” is the associated out-of-phase loss 
factor given by 

𝜀′′ = σ
𝜀0𝑤

     (2) 

and σ is the total conductivity of the material, which may include a contribution from 
frequency-independent ionic conductivity σi, depending on the nature of the sample. In this 
expression, ε0 is the permittivity of free space and ω is the angular frequency of the field. 

It is suggested that (1) be rewritten to prevent ambiguities as 𝜀 = 𝜀′ and σ are frequently the 
values given to characterise the electrical properties of materials. 

𝜀̂ = (𝜀 − 𝑗 σ
𝜀0𝑤

)    (3) 

The admittance is 

𝑌 = 𝐴
𝑑

(σ + 𝑗 𝑤𝑤𝜀).    (4) 

Biological tissue primarily consists of ECF and cells. The cells contain organelles and ICF 
inside a lipid bilayer membrane known as the cell membrane. The ECF is composed of the 
medium surrounding the cells and the extracellular space (Guyton et al., 2001). The electrical 
properties of the tissue are determined by the electrical characteristics of its constituents.  
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As both ICF and ECF contain ions, they are considered electrolytes. These ions can move 
freely and are capable of transporting electrical charge. Therefore, from an electrical 
perspective, biological tissue may be considered an ionic conductor at low frequencies.  

The cell membrane electrically isolates the cell because its conductive properties are 
extremely low. Thus, a conductor-dielectric-conductor structure is created by the intracellular 
space, lipid bilayer membrane, and extracellular space. Na+

 and Cl- are the most common ions 
contained in the ECF, and the potassium ion K+

 exhibits the highest concentration in the ICF. 
The existence of charges that are free to move on both sides of the cell membrane enables the 
accumulation of charges, which produce distinct dielectric properties of the cell.  

The dielectric properties of tissues are characterised by not only the dielectric behaviour of 
the cell membrane and the surrounding ionic fluids but also the polar molecules, proteins, and 
macromolecules in the intra- and extracellular spaces, which are too large to move in the 
presence of an electrical field. However, these particles can rotate and align the dipole along 
the gradient of the electrical field. Thus, the low-frequency properties of biological tissue and 
the electrical behaviour exhibited at higher frequencies render biological tissue an ionic 
dielectric conductor.  

An electrical field produces a displacement of charges when applied to a biomaterial. This 
displacement is not instantaneous, and different charged molecules or proteins require 
different amounts of time. Polarisation is maximised when the measuring frequency is 
sufficiently low and all charges have sufficient time to change position, i.e., to relax. The 
polarisation and permittivity decrease with increasing frequency. This time dependence may 
be characterised by introducing the concept of relaxation. Relaxation time is dependent on the 
polarisation mechanism. Electronic polarisation is the most rapid mechanism, with relaxation 
in the higher MHz and GHz regions. Large organic molecules, such as proteins, may have a 
particularly large permanent dipole moment that achieves an extended relaxation time. 
Dispersion is the frequency dependence according to the laws of relaxation, and permittivity 
is the corresponding frequency domain concept of relaxation as a function of frequency. 
Figure 1 illustrates permittivity and conductivity as a function of frequency for muscle tissue 
and its dispersion windows. Table I presents the mechanisms that contribute to different 
dispersions.  
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In its simplest form, each of these relaxation regions or dispersion windows is the 
manifestation of a polarisation mechanism that is characterised by a single time constant τ, 
which, to a first-order approximation, yields the following expression for the complex relative 
permittivity 𝜀̂: 

𝜀̂(𝜔) = 𝜀∞ + 𝜀𝑠−𝜀∞
1+𝑗𝜔𝜏

(5) 

Figure 1 Plot of the frequency dependence of the electrical properties of muscular tissue 

Table I Dielectric dispersions 

Dispersion Characteristic frequency Mechanism 

α mHz–kHz 

The mechanisms that contribute to this dispersion window are 
unclear (Schwan et al., 1993). Three of the well-established 

mechanisms include the effect of the endoplasmic reticulum, the 
channel proteins inside the cell membrane that affect the 

conductivity, and the relaxation of counter-ions on the charged 
cellular surface. 

β 0.001–100 MHz 
Maxwell-Wagner effects, passive cell membrane capacitance, 

intracellular organelle membranes, and protein molecule 
response. 

δ 100 MHz–5 GHz 
It is a small nondominating dispersion that appears between β 

and γ and is caused by proteins and amino acids 

γ 0.1–100 GHz 
Dipolar mechanisms in polar media, such as water, salts, and 

proteins. 
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This expression is known as the Debye expression, in which 𝜀∞ is the permittivity at field 
frequencies. 𝜀∞ occurs when 𝜔𝜏 ≫ 1 and 𝜀s occurs when 𝜔𝜏 ≪ 1. The equivalent electrical 
circuit for the Debye expression is shown in Figure 2a. The Debye expression is suitable for 
dry biomaterials. However, biological tissue is frequently wet with free charge carriers and 
exhibits DC conductance; thus, a DC conductance term should be added. In this manner, the 
dielectric spectrum of biological tissue can be described as the addition of several Debye 
dispersions to the term σDC/jw.  

However, the complexities of both the structure and composition of biological material 
require that each dispersion region be broadened by multiple contributions. The broadening of 
the dispersion can be empirically accounted for by introducing a distribution parameter, 
known as the Cole–Cole equation, which provides an alternative to the Debye equation as 

𝜀̂(𝜔) = 𝜀∞ + 𝛥𝜀
1+(𝑗𝜔𝜏)1−𝛼

      (6) 

where the distribution parameter α is a measure of the broadening of the dispersion. The 
equivalent electrical circuit of the Cole-Cole equation is the result of substituting the ideal 
capacitor of the Debye expression equivalent circuit with a constant phase element (CPE), 
which follows Fricke’s law (CPEF), as shown in Figure 2b. A CPE is the parallel of a 
conductance and capacitance; both vary with frequency in a manner such that the phase is 
maintained constant. A CPEF is a particular case of CPE in which the constant phase element 
agrees with Fricke’s law (Fricke, 1932). Fricke’s law states that a correlation between α and 
the phase angle exists in many electrolytic systems, where ϕ=απ/2. 

Therefore, the spectrum of a tissue may be more appropriately described in terms of multiple 
Cole–Cole dispersions as 

𝜀̂(𝜔) = 𝜀∞ + � 𝛥𝜀𝑛
1+(𝑗𝜔𝜏𝑛)1−𝛼𝑛

𝑁

𝑛=1
+ σ𝐷𝐶

𝑗𝑤𝜀0
    (7) 

 

Figure 2 Single-dispersion permittivity-equivalent circuits: a) Debye expression circuit and b) Cole-Cole equivalent circuit 
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where a choice of parameters appropriate for each tissue can be used to predict the dielectric 
behaviour over a desired frequency range.  

Although this approach may correspond well with cell suspensions, overlap between 
dispersions can pose a problem in tissue. Dispersion is a broad concept, and many types of 
distribution of relaxation types (DRTs) are possible. The Cole–Cole distribution type concurs 
with measured tissue values. However, other distribution types also agree with measured 
tissue values. The Cole-Cole distribution type is frequently considered due to the simplicity 
and elegancy of the equation. 

2.2 Electrical bioimpedance 

Electrical bioimpedance is the opposition to the flow of electrical current presented by 
biological material when an external electrical field is applied. Admittance is the inverse of 
impedance, and immittance is a general term that refers to either electrical bioimpedance or 
admittance. Biological tissue is composed of cells, which contain and are surrounded by 
conductive fluids. Therefore, an approximation to biological tissue consists of a suspension of 
cells in conductive fluid. The immittance of a material is dependent on its passive electrical 
properties, conductivity, and permittivity. Shape and volume are other factors that affect the 
immittance of a material, which can only be measured by applying external energy to the 
material.  

2.3 EBIS measurements 

Electrical bioimpedance (EBI) is based on the passive electrical properties of tissue. 
Therefore, an external stimulus is required to excite passive tissue and to observe the response 
of the tissue to such a stimulus. In EBI, the stimulus is derived in the form of electrical 
energy, voltage, or current, which is applied to the tissue under study (TUS). The stimulus 
generates a response in the form of either current or voltage, which is subsequently measured. 
Stimulation and response sensing are obtained using electrodes. When measuring EBI, an 
amperometric approach, in which current is injected and the resulting voltage is sensed, is 
frequently employed. Voltammetric approaches are also used for EBI measurements. 

In an EBIS measurement, an electrical field appears in the opposite direction when an 
electrical current is injected. At high frequencies, only the mechanisms of the γ dispersion 
contribute to that electrical field (only those mechanisms that have time to relax). More 
mechanisms (other dispersions) contribute to the electrical field as the frequency decreases, 
thus producing a larger electrical field. Therefore, the impedance increase with decreasing 
frequency as they are inversely proportional to the reference current, which is kept constant, 
and directly proportional to the electrical field. A detailed explanation can be found in (S 
Grimnes et al., 2000).  

2.3.1 Single-frequency and spectroscopy measurements 
Single-frequency EBI (SF-EBI) has been used to monitor changes, such as changes caused by 
breathing or produced by cardiac activity in impedance cardiography. SF-EBI measurements 
of 50 kHz have been used for TBC and are currently used in single-frequency bioimpedance 
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analysis (SF-BIA), which is an extensively used method. These measurements can be 
accomplished with wrist-to-ankle configurations or body segments. 

EBIS measurements require information on the entire spectrum or sufficient frequencies to 
perform spectroscopy analysis; thus, the term spectroscopy (Kuhlmann M K et al., 2005) is 
applied. The most accepted applications of EBIS measurements might be skin cancer 
screenings (Aberg et al., 2005; Aberg et al., 2004), and the most prevalent application might 
be BCA. The measured frequencies for BCA and all applications related to body composition 
and hydration status typically range from a few kHz to upper frequencies in the range of 
hundreds of kHz or a maximum of 1 MHz. 

2.3.2 Two- and four-electrode measurements 
The number of electrodes used to perform an EBI measurement significantly influences final 
measurements. Several measurement techniques use two, three, or four electrodes (S Grimnes 
et al., 2000); however, in this section, only two and four-electrode techniques are examined. 

When using two electrodes to measure the EBI of a tissue, both are simultaneously used for 
sensing and stimulating, as illustrated in the measurement model shown in Figure 3. In the 
ideal measurement set-up in Figure 3, the ideal differential amplifier measures the voltage 
caused by the current flowing through the tissue and the voltage created by the current 
flowing through the electrodes. Thus, it is not able to differentiate between the electrode 
impedance and tissue impedance, where the impedance measured Zmeas is the sum of ZTUS and 
both electrode polarisation impedances (Zep), i.e., the impedance of the skin-electrode 
interface. Equations (8)–(11) can be reviewed for a comprehensive understanding. 

Two-electrode measurements are useful for single-frequency applications based on detection 
of variation in impedance with time, e.g., impedance cardiography and respiration function 
monitoring. They are not frequently considered for applications used to identify or assess 
tissue condition. 

𝑍𝑚 = 𝑉𝑚
𝐼𝑚

      (8) 

𝑉𝑒𝑝 = 𝐼𝑒𝑝𝑍𝑒𝑝     (9) 

𝑉𝑚 = 𝑉𝑒𝑝 + 𝑉𝑇𝑈𝑆 + 𝑉𝑒𝑝 = 𝑉𝑇𝑈𝑆+2𝑉𝑒𝑝    (10) 

𝑍𝑚 = 𝑉𝑇𝑈𝑆+2𝑉𝑒𝑝
𝐼𝑚

= 𝑍𝑇𝑈𝑆 + 2𝑍𝑒𝑝   (11) 
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In the four-electrode technique shown in Figure 4, the current is applied using an 
amperometric approach with two electrodes, whereas the voltage sensing is performed by two 
different electrodes. A voltammetric approach can be implemented by applying a voltage and 
sensing electrical current. 

If Zep is sufficiently small compared with the input impedance of the circuit used to detect the 
voltage, this technique can eliminate the effect of the electrodes on the measurement. In 
Figure 4, Vep can be considered null if the operational amplifier Zin is sufficiently large to 
consider Iep negligible; thus, Zmeas=ZTissue, as shown in (12). However, the four-electrode 
approach does not prevent the effect of stray capacitances. 

𝑍𝑚 = 𝑉𝑇𝑈𝑆+2𝑉𝑒𝑝
𝐼𝑚

= 𝑍𝑇𝑈𝑆 (12) 

Figure 3 Ideal two-electrode configuration model (Seoane, 2007) 

Figure 4 Ideal four-electrode configuration model (Seoane, 2007) 
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2.4 EBIS measurement models 

As explained in 2.1, the Debye dispersion expression is suitable for a single-ideal relaxation 
mechanism for dry biomaterials. As biological tissue is frequently wet with free charge 
carriers and DC conductance when determining the admittance, it is more appropriate to treat 
it as a conductor instead of a dielectric. In this manner, the admittance is linked with a 2R1C 
Eq. circuit, e.g., a Debye circuit (Debye), and permittivity is linked with a 1R2C Eq. circuit, 
e.g., a Debye expression circuit (Grimmes et al., 2000). 2R1C and 2C1R circuits with fixed 
component values cannot have the same frequency dependence. The equation for the Debye 
circuit (Debye), which is depicted in Figure 5a, is 

𝑍(𝜔) = 𝑅∞ + 1
𝐺𝑉𝑎𝑟+𝐺𝑉𝑎𝑟𝑗𝜔𝜏𝑍

 (13a)   𝜏𝑍 = 𝐶
𝐺𝑉𝑎𝑟�  (13b) 

Similar to the permittivity in biomaterials, each dispersion region may be broadened by 
multiple contributions, such as a 2R1C circuit insufficient for impure homogeneous material. 
The broadening of the dispersion can be empirically solved by the Cole function as 

𝑍(𝜔) = 𝑅∞ + 𝑅0−𝑅∞
1+(𝑗𝜔𝜏)𝛼     (14) 

where the parameter α is a measure of the broadening of the dispersion. 

2.4.1 Cole function 
Cole proposed an empirical expression that accurately fits biological tissue impedance and 
explains the frequency dependence as membrane capacitive effects. This expression was 
subsequently refined to the Cole function (Cole, 1940), which explains the frequency 
dependence as a consequence of relaxation. As the Cole-Cole circuit corresponds to the 
Debye expression circuit by substituting the parallel ideal resistor with a CPEF, the Cole 
circuit corresponds to the Debye circuit and becomes the parallel ideal capacitor in a CPEF 
when considering immittance, as shown in Figure 5. However, the Gvar of the Debye circuit is 
restricted to the CPEF admittance ΔG(j𝑤𝑤τz), which is proportional, i.e., Gvar=ΔG, as shown in 
Figure 5b. By forcing the equivalence of Gvar to the parallel conductance of the YcpeF, the 

 

Figure 5 Single-dispersion immittance-equivalent circuits: a) Debye circuit and b) Cole equivalent circuit 
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Figure 6 Cole a) plot and b) equivalent circuit 

Cole element with an admittance of ΔG(1+(j𝑤𝑤τz)α) is obtained. Gvar is no longer an 
independent parameter in the Cole model; these implications will be discussed below.  

The Cole function parameters can be conveniently explained with the following version of the 
equation: 

𝑍(𝜔) = 𝑅∞ + 1
∆𝐺+∆𝐺(𝑗𝜔𝜏𝑍)𝑎

.  (15) 

The equivalent circuit and Cole plot, i.e., the plot of the equation in the Wessel diagram, are 
shown in Figure 6. In (15), ΔG=1/ΔR and ΔR=R0-R∞. By focusing on the Cole equivalent 
circuit of Figure 6b and not considering R∞, Equation (15) describes an ideal conductance in 
parallel with a CPEF, which is named the parallel Cole element in (S Grimnes et al., 2000). 
The Cole element combined with the series resistor R∞ forms a complete Cole series system.  

The sole impedance of the CPEF is 1/∆𝐺(𝑗𝜔𝜏𝑍)𝑎. The Cole element is a special combination 
of a CPEF and a parallel ideal (DC) conductance ΔG; the parallel conductance does not 
influence the characteristic time constant 𝜏𝑍, 𝑖. 𝑒. , 𝜏𝑍 = 1/2𝜋𝑓𝑐 , where fc is the frequency of 
maximum reactance. This situation is the Cole case, which has been obtained by linking the 
DC conductance value Gvar to the magnitude of the immittance value of the CPEF; thus, 
Gvar=G1=ΔG. 𝜏𝑍 is also independent of α and R∞, which moves the arc of the Cole element 
to the right along the real axis a distance equivalent to its value in the impedance plot in the 
Wessel diagram. 

In relaxation theory, the time constant is the time required to discharge a resistance-
capacitance network (Schwan et al., 1993); thus, a large capacitance and resistance produce 
extensive time constants. However, these parameters do not influence the time constant in the 
Cole equation; therefore, the Cole equation is incompatible with general relaxation theory. 

Instead of Gvar=G1=ΔG, a free-variable frequency-independent DC conductance in parallel 
with the CPEF (Gvar) is added, and τz is dependent on Gvar, which corresponds to relaxation 
theory. Therefore, by substituting ΔG by Gvar in parallel with the CPEF, the Cole element is 
modified such that the development of a dispersion model in accordance with relaxation 
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theory is enabled. This model, which is explained in the next section, was proposed and tested 
in (S  Grimnes et al., 2005). These concepts and dispersion models are explained in (S 
Grimnes et al., 2008). 

2.4.2 DRT-compatible dispersion model 
An alternative model with the time constant as a conductance dependent parameter that 
corresponds to the distribution of relaxation times (DRT), i.e., relaxation theory, was 
presented in (S  Grimnes et al., 2005). The equation for the model is 

𝑍(𝜔) = 𝑅∞ + 1
𝐺𝑉𝑎𝑟+𝐺1(𝑗𝜔𝜏𝑍)𝑎

(16) 

and its equivalent series and parallel electrical models are depicted in Figure 7. When (16) is 
plotted in the Wessel plane, the natural frequency corresponding to the apex of the semicircle 
is the characteristic frequency in the Cole model. Considering the constants ωZm and τZm of its 
inverse, i.e., the true time constant, regardless of whether Z(ωZm) is calculated and substituted 
in (16), the following can be obtained 

𝜏𝑍𝑚 = 1
𝜔𝑍𝑚

= 𝜏𝑍 �
𝐺1
𝐺𝑉𝑎𝑟

� .1 𝛼⁄  (17) 

Regardless of whether G1 is different than Gvar, τZ no longer corresponds to τZm and to the 
apex of the arc. In this case, ωZ becomes a nominal characteristic frequency. As depicted in 
(17), a change in Gvar influences the new true time constant τZm in accordance with relaxation 
theory, i.e., a higher value of Gvar is obtained for a shorter time constant τZm.  

-

Figure 7 DRT-compatible model in impedance a) and b) admittance forms 

32 



 

   

  

 

Figure 8 DRT-compatible model: A) Equivalent to the Cole function with ΔG=1/200 and ΔG=1/500, B) Varying Gvar 

and C) Varying G1 
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The dependency of fc with ΔG in the Cole model and the dependency of fc with Gvar and G1 
in the DRT-compatible model are exemplified in Figures 8 and 9, which illustrate how a 
change in ΔG in the Cole model does not influence the characteristic frequency and how a 
change in Gvar in the DRT-compatible model does influence the characteristic frequency. 
Figure 8a illustrates how a change in ΔG increases resistance and reactance without 
influencing fc, in contrast with a change in Gvar, which influences fc, as shown in Figure 8b. 
Figure 8c illustrates how a change in G1 does not influence the impedance Wessel plot but 
influences fc. Figure 9 presents the reactance in the different cases, where fc is the frequency 
of the maximum reactance.  

An augmented Fricke’s element is obtained if the series resistance R∞ is omitted. The Cole 
element is obtained regardless of whether it is augmented with a conductance equivalent to 
the parallel conductance of the Fricke element. Figure 10 illustrates how a change in 
conductance does not influence the phase of the Cole element. Gvar influences the phase of 
the system if Fricke’s element is augmented with a free conductance, a change in the parallel 
conductance of Fricke’s element G1, or a change in the free augmentation conductance, as 
shown in Figure 10. 

By rewriting (17), we obtain 

𝐺𝑉𝑎𝑟𝜏𝑍𝑚𝛼 = 𝐺1𝜏𝑍𝛼     (18) 

By rewriting (16) according to (18), we obtain 

𝑍(𝜔) = 𝑅∞ + 1 𝐺𝑉𝑎𝑟⁄
1+(𝑗𝜔𝜏𝑍𝑚)𝑎

.    (19) 

 

Figure 9 Reactance values of the various DRT models depicted in Figure 8 
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Considering that ΔG is the Gvar for a single measurement and τZm is the true time constant, 
i.e., the inverse of the true natural characteristic frequency and the frequency of the
measurement in the apex, respectively, the difference between the new model and the Cole 
model is unclear. Regarding discrete measurements in the new model, Gvar is a free 
conductance and τZm is dependent on Gvar, which agree with relaxation theory. To clarify, a 
new parameter G1 is introduced. This parameter is linked to τZ as the two parameters cannot 
be calculated separately; τZ is variable and can also be fixed to one for practical reasons. In 
this model, a variation in Gvar signifies a variation in τZm, which is dependent on the 
conductance that occurs in biological tissue. In the Cole model, ∆G does not influence τZ and 
whether 𝑤𝑤cm changes during an experiment, this change cannot be related to a change in the 
parallel conductance; however, a correlation is frequently observed between Gvar and 𝑤𝑤cm, 
which concurs with relaxation theory but cannot be explained by the Cole model.  

All Cole fitting techniques and the descriptive power of the Cole model, as well as its 
simplicity, remain valid and useful for discrete measurements in this new model. The DRT-
compatible model may be useful for EBIS monitoring, which confirms whether the CPE has 
remained constant during an experiment or whether the free conductance Gvar value has 
changed. The DRT-compatible model is also useful in discrete measurements as an 
explanatory model enables a better understanding of biological mechanisms, e.g., the DRT-
compatible model in admittance form can explain the electrical behaviour of cell suspensions. 
Based on the equation 

𝑌(𝜔) = 𝐺0 + 1
𝑅𝑉𝑎𝑟+𝑅1(𝑗𝜔𝜏𝑌)−𝑎

(20) 

and its equivalent model in Figure 7b, where the Rvar model is the cell interior, G0 is the 
G of ECF and CPE is the cell membrane. In discrete measurements, the relationship 
between the DRT-compatible model and the Cole model is as follows: 

𝑅1 = 𝑅0−𝑅∞
𝜏𝑍𝑎

 (21a) and  𝑅𝑣𝑎𝑟 = 𝛥𝑅 = 𝑅0 − 𝑅∞ (21b) 

Figure 10 Phase of the augmented Fricke element that corresponds to the DRT models in Figure 8 
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Chapter III 

Background 

3.1 Artefact models 

When recording EBIS for BCAs, stray capacitances are a common source of artefacts that 
influence the assessment of BC parameters (Scharfetter et al., 1998, Buendia et al., 2010a, 
Bolton et al., 1998). Large Zep values significantly emphasise the influence of capacitive 
coupling. Although methods to reduce the effect of capacitive coupling in the measurement 
set-up are available in the literature (Scharfetter et al., 1998), no approach has minimised their 
influence on body fluid estimation after measurements have been obtained.  

Figure 11 presents a complete electrical model for tetrapolar EBIS measurements, 
which considers elements that cause capacitive coupling. In this model, the following 
parameters were considered: the load or TUS with an impedance (ZTUS), which was 
modelled according to the Cole function (Cole, 1940); skin–electrode Zeps, capacitive 
coupling of the body to Earth (Cbe); stray capacitance from Earth to signal ground (Ceg); 
capacitive coupling of the cables (Cc); inter-electrode capacitances between injection and 
detection wires (Cie); and the input impedances of the differential amplifiers, both common 
(Zic) and differential (Zid). In experimental measurements, parameters of the same type 
would not present equivalent values. 

Figure 11 Complete model of EBIS tetrapolar total body measurements 

37 



The potential stray capacitances that affect the measurements enable three different pathways 
for the current to leak, as explored in (Scharfetter et al., 1998). These pathways are explained 
in the following list, which displays a numeration similar to Figure 11. 

1. The leads are frequently shielded; however, they typically present a significant 
stray capacitance at high frequencies, i.e., Cc enables a pathway to leak current 
from the TUS to signal ground (SG). Maximum values of 50 pF can be expected. 

2. Cie; a maximum of 15 pF can be expected.  
3. Cbe, which enables a pathway to leak current from the TUS to Earth, can also be 

expected. The leakage current is small unless the measurement device introduces 
a significant Ceg. Maximum values of 100 pF for Cbe and 200 pF for Ceg can be 
expected; however, Ceg values can be significantly reduced with devices powered 
by a battery. The amount of current is not dependent on Zep values as opposed to 
the case of Cc. 

Parasitic effects in EBIS measurements derived from capacitive coupling consist of capacitive 
and crosstalking effects. 

3.1.1 Capacitive effect 

Capacitive leakage is one of the main sources of errors in EBIS measurements. Considering 
current leakage pathways 1 and 3 from the model in Figure 1 and without any current flowing 
through the sensing leads or the output impedance of the current source, the model can be 
simplified to the circuit depicted in Figure 12, where 

• Caeq is the equivalent capacitance that represents the cable capacitance of the current 
injecting electrode leads. 

• Cbeq is the equivalent capacitance that simulates current leakage pathway 3, which is 
clarified in Appendix C of P7. 

The impedance of the model is 

𝑍𝑚𝑒𝑎𝑠(𝜔) = 𝑍𝑇𝑈𝑆//𝐶𝑏𝑒𝑞
1+𝑗𝑤𝐶𝑎𝑒𝑞(𝑍𝑇𝑈𝑆//𝐶𝑏𝑒𝑞+2𝑍𝑒𝑝)

.  (22) 

 

Figure 12 Capacitive effect model for tetrapolar measurements  
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3.1.2 Crosstalking effect  

The crosstalking effect is caused when current does not flow through an injecting electrode. 
Due to a large Zep value, the current flows through a crosstalk capacitance, which is termed 
the inter-electrode capacitance (Cie) here, to the sensing lead and uses the corresponding 
sensing electrode to enter the TUS. This condition creates a voltage drop that is sensed by the 
differential amplifier and creates an error in the estimated value of impedance.  

This type of measurement artefact was initially studied in (Lu et al., 1996), who employed the 
circuit model presented in Figure 13 and modelled Zep as a pure resistor. That study reported 
that crosstalking affected the resistance spectrum at frequencies above 500 kHz and the 
reactance spectrum at frequencies above 100 kHz when impedance measurements were 
performed over RC circuits. Modelling Zeps as resistors when they are frequency dependent 
is an important limitation that most likely affects the value of the reported frequencies.  

The impedance of the model in Figure 13 is 

𝑍𝑚𝑒𝑎𝑠(𝜔) = 𝑍𝑇𝑈𝑆 + 𝑍𝑒𝑝3∗𝑍𝑒𝑝1
𝑍𝑒𝑝3+𝑍𝑒𝑝1−𝑗 𝑤𝐶𝑖𝑒1⁄ + 𝑍𝑒𝑝2∗𝑍𝑒𝑝4

𝑍𝑒𝑝2+𝑍𝑒𝑝4−𝑗 𝑤𝐶𝑖𝑒2⁄   (23) 

where Zep1 and Zep2 are the current-injecting electrode polarisation impedances and Zep3 
and Zep4 are the voltage-sensing electrode polarisation impedances. Considering all four 
Zeps and both Cies equivalent, a compact Zmeas is obtained as follows: 

𝑍𝑚𝑒𝑎𝑠(𝜔) = 𝑍𝑇𝑈𝑆 + 2𝑍𝑒𝑝
2−𝑗 𝑤𝐶𝑖𝑒𝑍𝑒𝑝⁄ .      (24) 

3.1.3 Impedance mismatch effect  

If input impedances of positive and negative voltage-sensing leads differ, the load effect due 
to electrode impedance may convert common mode signals into differential signals, which 
produces a measurement error (Bogónez-Franco P et al., 2009). This error causes 
measurement artefacts in the impedance spectrum that are dependent on not only the Zep’s 
mismatch of sensing electrodes but also the value of a Zep of an injecting electrode and the 

 

Figure 13 Crosstalking effect model for tetrapolar measurements 
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common-mode input impedance of the sensing amplifiers, as indicated in (25) and (26). All 
elements that contribute to this effect are shown in Figure 14. 

If the measured impedance is  

𝑍𝑚𝑒𝑎𝑠(𝜔) = 𝑍𝑇𝑈𝑆 + 𝑍𝑒𝑝2
𝐶𝑀𝑅𝑅𝐸𝐹

   1
𝐶𝑀𝑅𝑅𝐸𝐹

= 𝑍𝑒𝑝
𝑍𝑖𝑐
�𝛥𝑍𝑒𝑝
𝑍𝑒𝑝

+ 𝛥𝑍𝑖𝑐
𝑍𝑖𝑐
� + 1

𝐶𝑀𝑅𝑅
≈ 𝛥𝑍𝑒𝑝

𝑍𝑖𝑐
 (25) 

(Pallas 1991; Padma 2012) and considering CMRR and common-mode impedance mismatch 
insignificants, 

𝑍𝑚𝑒𝑎𝑠(𝜔) = 𝑍𝑇𝑈𝑆 + 𝑍𝑒𝑝2𝛥𝑍𝑒𝑝
𝑍𝑖𝑐

    (26) 

is obtained, where Zic is the input common-mode impedance of the voltage amplifier and the 
Eq. circuit is a resistance with an expected minimum value of approximately several MΩ with 
a parallel capacitance Ca of less than 10 pF. However, the effective value of Zic significantly 
decreases at high frequencies as Cc is in parallel with Ca. The error is directly proportional to 
the value of Zep2 and the Zep mismatch of the voltage-sensing electrodes. 

3.2 BCA by EBIS methods 

Body fluid volumes estimated with EBIS measurements are derived data. Therefore, the 
validity of the estimation is dependent on the validity of the electrical models of the body that 
must be discussed. As previously explained body fluid volumes are estimated by fitting EBIS 
measurements to a model that provides approximated total body resistances at the extremes of 
the β-dispersion window, which are subsequently related to the fluid volumes. However, 
relating those resistances to body fluids is challenging. 

Applying the DRT-compatible model (Grimnes et al., 2005) in admittance form may be the 
most preferable model for explanatory purposes. In this manner, the total body impedance G0 
can be regarded as the ECF conductance, and G0+1/Rvar can be regarded as the TBF 
conductance, which is independent of the cell membrane represented by the CPE. As it is no 

 

Figure 14 Zep mismatch effect model for tetrapolar measurements 
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different than applying R0 and R∞ of the Cole model, these values were chosen in this chapter 
to prevent confusion with other publications, i.e., all publications that estimate TBFs with 
EBIS methods currently employ the Cole model. 

Although the β-dispersion window ranges between 1 kHz and 100 MHz, the elimination of 
data less than 10 kHz is advisable when fitting the Cole model to EBIS measurements to 
minimise overlapping of the α-dispersion window.  

Several mechanisms contribute to β dispersion; all exhibit different relaxation times. Muscle 
cell membranes introduce an equivalent capacitance that differs from blood cells or any other 
type of cell, and different organelles contain different elements with different relaxation 
times. These different contributions are responsible for the depression of the semicircle in the 
impedance plot in the Wessel diagram, which is more depressed with more heterogeneous 
tissue. The parameter α can be considered a measure of heterogeneity. At frequencies of 
approximately 1 kHz, all mechanisms that contribute to the β-dispersion window have time to 
relax. In the same manner, none of the mechanisms have time to relax at frequencies above 
100 MHz.  

Blood and muscle tissue dominate the impedance during total body EBIS as muscle tissue is 
substantially more dominant. Their characteristic frequencies differ by more than one order of 
magnitude (Kanai et al., 2004), and by reducing the upper frequency limit to 500 kHz, the 
blood dispersion can be minimised. Thus reducing the tissue heterogeneity and increasing the 
applicability of the models. 

3.2.1 General method relating resistances to body fluid volumes 
The resistance in the upper extreme of the β-dispersion window R∞ can be related to the 
conductivity in the upper extreme of the β-dispersion window. This conductivity is 
significantly smaller than the conductivity at infinite frequency due to the relaxation of water 
containing salt and proteins. R∞ can be a suitable approximation to a resistance at a frequency 
at which the capacitance of the TUS is insignificant, i.e., the cell membrane does not exhibit a 
significant effect. Therefore, it is possible to relate R∞ to TF as the current would flow nearly 
indistinctly both outside and inside the cells, as shown in Figure 15b. TF conductivity should 
be estimated by calibration because it is dependent on numerous factors. 

Then, the case in which R0 is estimated with data that belong only to the β-dispersion window 
is similar to the estimation of R∞. However, the conductance and conductivity at DC is not 
considerably smaller than in the lower extreme of the β-dispersion window. Therefore, when 
fitting data to initial frequencies between 1 and 5 kHz, where overlapping of the α-dispersion 
window can be significant, estimated R0 can be an approximation to DC conductance, and R0 

can be a suitable approximation to a resistance for which the capacitance of the TUS is 
insignificant and the cell membrane isolates the cell interior from the applied current, as 
shown in Figure 15a. R0 can be related to ECF; ECF resistivity should also be obtained by 
calibration. 
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3.2.1.1 The problem of anisotropy 

Even in the case of cell suspension, as shown in Figure 15, if the cells were not spherical, the 
current at low frequencies would follow a longer path in one direction than in another 
direction. The human body is a very heterogeneous material, which presents a much 
larger anisotropy than cell suspension, and interfacial processes are important (Grimnes et 
al., 2000). As not all cells are muscle cells, they exhibit uneven sizes and different functions 
and electrical behaviours. These characteristics are translated into electrical anisotropy. 
The anisotropy is present on all scales but, from the perspective of current flowing 
through the human body, anisotropy is a property that signifies that the conductivity 
is direction dependent, i.e., a vector at each point, and thus, the conductivity in one 
direction may be different than that in another direction. Therefore, anisotropy hinders 
the application of Ohm’s Law. 

Considering that an EBIS measurement is intended to measure the total body impedance, e.g., 
with the most common measurement set-up, such as configuration RS-WA shown in Figure 
16a, Figure 16b displays an approximation to the path that the current would follow and an 
example of the potential values of the resistances of the different segments at low frequencies.  

The injected current at low frequencies would flow through the interstitial fluid of the 
muscles, tendons, and blood vessels after penetrating the vessel membranes, which represents 
additional impedance. In the torso, the membranes of the organs and their different 
compositions and cell types result in significant anisotropy and heterogeneity, which 
minimally affect the value of the total body impedance. This condition occurs because the 
resistance is inversely proportional to the section and the torso comprises a much larger 
section than the arms or legs. Because the tissue impedance including muscle tissue is 
dependent on direction, the resistance value is significantly dependent on the measurement 
set-up and electrode location.  

However, ECF can be estimated with bioimpedance measurements as the average ECF 
resistivity for a given measurement set-up e.g. RS-WA, estimated by calibration may be 
sufficiently accurate for most applications if the sample is sufficiently large. Although 
anisotropy and heterogeneity are noncritical drawbacks, they imply an assumed intrinsic error. 
As ECF is essentially interstitial fluid and plasma, R0 was related  to ECF in (Van Loan et al., 
1993) by utilising fixed resistivities near 40 Ω cm with satisfactory results; 40 Ω cm is a 
value near the ECF-averaged resistivity reported in (Pitts, 1972). 

Figure 15 Current flow in tissue at A) low and B) high frequencies 
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By relating R∞ to TBF, the anisotropy is not remarkably effective, as the current easily 
penetrates the membranes at high frequencies. (Grimnes et al., 2000) noted that the air in the 
lungs and certain other compartments may be affected at all frequencies, however their effect 
on the total resistance value of the entire body is insignificant.  

3.2.1.2 Geometric Considerations 

Once R0 and R∞ have been estimated, the second step is to approximate the human body as a 
sum of five cylinders (limbs and trunk). This task is accomplished using a dimensionless 
shape factor Kb, which adapts the resistance of a cylinder to the resistance of three cylinders 
(in the RS-WA configuration, the current flows through the right arm, trunk, and right leg) as 

𝑅 = 𝐾𝑏𝜌𝐻2

𝑉𝑏
.     (27) 

In Appendix B of the review, (De Lorenzo A et al., 1997) explains how Kb is calculated from 
the length and perimeters of the limbs and trunk in the resistance-volume relationship for a 
single cylinder.  

Derivation of KB 

The resistance (R) of a cylinder, measured longitudinally, is given by 

𝑅 = 𝜌 𝐿
𝑆

= 𝜌 𝐿2

𝑉
    (28) 

 

Figure 16 Wrist-to-ankle RS EBI measurement set-up 
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Rewriting (28) in terms of the cylinder length and circumference yields 

𝑅 = 𝜌 4𝜋𝐿
𝐶2

     (29) 

where C is the circumference of the cylinder. The volume of the cylinder is given by 

𝑉 = 𝐿𝐶2

4𝜋
.     (30) 

If considering the body to be formed by five cylinders (the legs, arms, and trunk), then the 
volume of the body is given by 

𝑉 = 2 𝐿𝑎𝐶𝑎2

4𝜋
+ 2 𝐿𝑙𝐶𝑙

2

4𝜋
+ 𝐿𝑡𝐶𝑡2

4𝜋
.   (31) 

If Z is measured between the wrist and ankle, the measured value is 

𝑅 = 𝜌4𝜋 �𝐿𝑎
𝐶𝑎2

+ 𝐿𝑙
𝐶𝑙
2 + 𝐿𝑡

𝐶𝑡2
�.    (32) 

A value is required for Kb in (27) that adapts the resistance of a cylinder in (29) to the 
resistance of three cylinders in (32). The value of Kb is one if the body is considered one 
cylinder. As the body is considered five cylinders and the current in wrist-to-ankle 
measurements passes through three cylinders, Kb is dependent on the length and 
circumference of the arms and legs.  

(Van Loan et al., 1993) used Kb=4.3, which was derived from published anthropometric 
measurements in adults. As different groups of people have different body shapes and 
anthropometric ratios, the assumption of a fixed Kb value may introduce considerable error. 
For example, the appropriate Kb value for EBIS measurements of infants was determined to 
be 3.8 (Collins et al., 2013).  

Potential inaccuracies produced by assuming a fixed 𝐾𝑏 may be reduced by introducing 
corrections for the subject-specific length and circumferences of the arms, legs, and trunk. 
However, the application of these corrections in practice may prove tedious. Alternatively, 
correcting the shape factor according to the BMI is recommended (Moissl et al., 2006). 
Unfortunately, the BMI is less than ideal as it simply provides an index of body shape based 
on height and weight and does not consider the distribution of weight. For example, women 
have a tendency to accumulate fat in the legs and buttocks, whereas men have a tendency to 
accumulate fat in the abdomen. Arms and legs exhibit a greater contribution to the WA-RS 
bioimpedance than the trunk. Thus, correction for gender may be required. A correction for 
race may also be required because different races have longer or shorter limbs.  
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3.2.1.3 Accounting for nonconducting tissue 

When calculating body fluid volumes, the next step is to consider the effect of nonconducting 
tissues embedded in conducting tissues, such as ECF and ICF, which increase the apparent 
resistivity 𝜌a. This step is accomplished using 

𝜌𝑎 = 𝜌

(1−𝑐)2 3�
 (33) 

from Hanai’s mixture conductivity theory (Hanai, 1960), where c is the volume fraction of 
nonconducting tissue embedded in the conductive tissue. 

Hanai’s equations are only applicable for HF and LF mixtures found in the human body as for 
LFs, the ECF conducts and the remainder minimally conducts. In the same manner, at HFs, 
the TBF conducts and the remainder minimally conducts. At intermediate frequencies, the cell 
membranes are influential; thus, ECF and a fraction of ICF that cannot be determined without 
characterising the cell membrane are conducting. 𝜌a is dependent on the concentration of 
existing nonconductors in a mixture, which produces an empirical exponent ranging from 
1.43 for small spheres to 1.53 for packed cylinders. Hanai’s theory predicts an exponent of 1.5 
in this case, which may be a suitable approximation. 

3.2.2  ECF 
The extracellular apparent resistivity 𝜌𝑎𝑒 can be calculated using (33) with a volume fraction 
c=1-ECF/𝑉𝑏, where 𝜌𝑎𝑒 is substituted for 𝜌 in (27) to obtain the extracellular resistance. At 
low frequencies, c is equal to 1−ECF/𝑉𝑏 because only the ECF volume is conducting. These 
assumptions lead to the following equation for ECF apparent resistivity 𝜌𝑎𝑒: 

𝜌𝑎𝑒 = 𝜌𝑒 �
𝑉𝑏
𝐸𝐶𝐹

�
3
2� (34) 

Therefore, by substituting 𝜌 in (27) by (34), the ECF resistance Re can be written as 

𝑅𝑒 = 𝐾𝑏𝐻2𝑉𝑏
1
2� 𝜌𝑒𝐸𝐶𝐹

−3
2� (35) 

After replacing Vb in (35) by W/Db, where W is the body weight and Db is the density, the ECF 
volume can be expressed as  

𝐸𝐶𝐹 = 𝐾𝑒 �
𝐻2𝑊1

2�

𝑅𝑒
�
2
3�

(36a)  𝐾𝑒 = �𝐾𝑏𝜌𝑒
𝐷𝑏
1
2�
�
2
3�

(36b) 

Assuming 𝐾𝑏=4.3 and a fixed body density of 1.05, the remaining parameter in Ke is the 
extracellular conductivity. The ionic composition of ECF primarily consists of interstitial 
fluid and plasma, which have a resistivity of approximately 40 Ω cm, which is near the 
resistivity of saline. In (Van Loan et al., 1993), values of ρe=40.3 for men and ρe=42.3 for 
women were used with satisfactory results. In (De Lorenzo A et al., 1997), a value of ρe=39 
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was proposed for women. In (Moissl et al., 2006) was mentioned that the Xitron 4200 
spectrometer from Fresenius Medical Care used 40.5 Ω cm for men and 39 Ω cm for women. 
Although no differences between the extracellular conductivities of men and women were 
evident, any differences in the conductivity may be attributed to the variability of 𝐾𝑏. 

However, the approximations given to the constants contained in 𝐾𝑒  (36b) may be relatively 
accurate, all three approximations exhibit sufficient variability between individuals and 
different groups of people and produce significant errors. Therefore, the best option may be to 
obtain 𝐾𝑒 by regression analysis from a comparison of EBIS measurements with dilution 
methods utilised as the golden standard. This option has been employed in several studies to 
obtain different values for different groups of people. In healthy individuals, a range of values 
may be attained because different races and fit conditions have different limb lengths and 
circumferences. In addition, patients with different diseases may have different shape factors 
and conductivities. Obtaining 𝐾𝑒 by regression analysis from a comparison of EBIS 
measurements with dilution methods in patients should be performed with measurements of 
patients with the same disease. 

(Moissl et al., 2006) proposed obtaining 𝐾𝑒 by regression methods as a function of the BMI as 

𝐾𝑒 = 𝑎
𝐵𝑀𝐼

+ 𝑏. (37) 

This method yields better results for healthy people and dialysis patients according to Yanna 
et al (2011). As discussed previously, 𝐾𝑏 must be different for obese or very thin people than 
for standard people. In (Moissl et al., 2006), 𝐾𝑒 was obtained by calibration from 
measurements with dilution methods in healthy people and dialysis patients. Correction 
factors for gender and race may also be introduced. A correction factor for lengths and 
circumferences of limbs and trunks may also be convenient; however, the authors did not 
have the EBIS measurements performed from the complementary measurements of the 
patients. 

The parameter α accounts for the distribution effects; the main contribution to the value of α 
is the shape, size, and function of the cells. As these attributes are important in the shape of 
the extracellular volume, enabling Ke to be dependent on α to modify Ke would prove 
interesting.  

3.2.3 TBF 
Based on Hanai’s mixture theory at high frequencies, the total fluid apparent resistivity 
𝜌𝑎∞ can be calculated using (34) with c=1−-TBF/Vb. 𝜌𝑎∞ can be substituted for 𝜌 to obtain 
the TBF resistance. At very high frequencies, c is equal to 1−TBF/Vb because the cell 
membrane is not acting and the TBF volume is conducting. These assumptions lead to  

𝜌𝑎∞ = 𝜌∞ �
𝑉𝑏
𝑇𝐵𝐹

�
3
2� (38) 

for the TBF apparent resistivity 𝜌𝑎∞. Therefore, by substituting 𝜌 in (27) with (38), the TBF 
resistance R∞ may be written as  
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𝑅∞ = 𝑅𝑒𝑅𝑖
𝑅𝑒+𝑅𝑖

= 𝜌𝑎∞
𝐾𝑏𝐻2

𝑉𝑏
.    (39) 

The resistance at high frequency R∞ is the resistance of TBF, and R∞ is the parallel of Re and 
Ri. By combining (38) and (39), the TBF is obtained as  

𝑇𝐵𝐹 = 𝐾𝑡 �
𝐻2𝑊1

2�

𝑅∞
�
2
3�

 (40a ) 𝐾𝑡 = �𝐾𝑏𝜌∞
𝐷𝑏
1
2�
�
2
3�

 (40b) 

Assuming 𝐾𝑏=4.3 and a fixed body density of 1.05, the remaining parameter in Kt is the 
conductivity at infinite frequency; unfortunately, the estimation of its value is not 
straightforward, as in the ECF case. 

Assuming that the mean total water resistivity, 𝜌∞, is linearly related to ECF and ICF 
resistivities in proportion to their respective volumes as proposed in (De Lorenzo et al., 1997), 
it can be shown that,  

𝜌∞(𝐸𝐶𝐹 + 𝐼𝐶𝐹) = 𝜌𝑒𝐸𝐶𝐹 + 𝜌𝑖𝐼𝐶𝐹.   (41) 

However Matthie et al. in (2005) found that the effect of a change in the ECF:ICF ratio on ρ∞ 
is highly nonlinear. In the same article an improved equation for ρ∞ was proposed as 

𝜌∞ = 𝜌𝑖 − (𝜌𝑖 − 𝜌𝑒) � 𝑅𝐼
𝑅𝐸+𝑅𝐼

�
2
3� = 𝜌𝑖 − (𝜌𝑖 − 𝜌𝑒) �𝑅∞

𝑅0
�
2
3� (42) 

This approach include the ratio R∞:R0 in the estimation of ρ∞ to account for the ECF:ICF 
ratio. This approach is implemented in the software of the Xitron Hydra 4200 multifrequency 
impedance meter (Xitron Tech., San Diego, USA) 

The ionic composition of ICF is dependent on the types of cells. Thus, the ionic composition 
of the entire ICF is uncertain, and its mean resistivity cannot be directly measured. This 
characteristic has generated different values of intracellular resistivity, which are difficult to 
justify by intracellular ionic composition (Jaffrin et al., 2008). The best option may be to 
obtain Kt by regression analysis from a comparison of EBIS measurements with dilution 
methods. Patients with different diseases may have different shape factors and conductivities 
than healthy people. Therefore, if 𝐾t is obtained by calibration from a comparison of EBIS 
measurements with dilution methods in patients, it should be performed with measurements of 
patients with the same disease. 

(Jaffrin et al., 2008) used (40) to determine TBF. Individual values of  𝜌∞ were determined 
for each subject from a comparison with values of TBF determined from FFM measured by 
DXA in a healthy population of 60 subjects. A mean hydration rate of 73.2% was assumed. 
However, considering a fixed 𝐾𝑡 and a fixed hydration rate can produce a significant error. 

𝐾𝑡 can be obtained as a function of BMI, as shown in (43). Considering 𝑅0 and 𝑅∞ is 
convenient. In addition, accounting for age and gender would be more convenient in the case 
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of TBF than in the case of ECF because the dependence of TBF on 𝑅0 and 𝑅∞ is derived from 
the dependence on ECF and ICF; the ratio varies with age, sex, and FFM.  

𝐾𝑇𝐵𝐹 = 𝑒
𝐵𝑀𝐼

+ 𝑓 (43) 

3.2.4 ICF 
Because Ri represents the ICF compartment and a capacitance represents the electrical 
behaviour of the cell membrane, Ri cannot be considered as the ICF resistance, unlike Re for 
ECF (Jaffrin et al., 2008). At high frequencies, c is equal to 1−(ECF+ICF)/Vb because ECF 
and ICF are the conducting volume. By substituting c in (33), 

𝜌𝑎∞ = 𝜌∞ �
𝑉𝑏

𝐸𝐶𝐹+𝐼𝐶𝐹
�
3
2� (44) 

is obtained. Note that (44) is (38) with the TBF as the sum of ECF and ICF. According to (36) 
and (40), 

𝑇𝐵𝐹
𝐸𝐶𝐹

= �𝜌∞∗𝑅𝐸
𝜌𝑒∗𝑅∞

�
2
3� (45) 

can be obtained.  

If 𝜌∞ is determined by (41) and substituted in (45), ICF can be calculated as 

�1 + 𝐼𝐶𝐹
𝐸𝐶𝐹

�
5
2� = �𝑅0

𝑅∞
� �1 + 𝜌𝑖

𝜌𝑒

𝐼𝐶𝐹
𝐸𝐶𝐹

�  = �𝑅𝑒+𝑅𝑖
𝑅𝑖

� �1 + 𝐾𝜌
𝐼𝐶𝐹
𝐸𝐶𝐹

� (46) 

by numeric methods. The problem with using (46) is that it considers the relationship between 
ρ∞ and ECF:ICF as linear. The effect of a change in the ECF:ICF ratio on ρ∞ is highly 
nonlinear (Matthie, 2005). Using (45) but estimating ρ∞ with (42) and working out the value 
of ICF as it is contained in TBF improves accuracy according to (Matthie, 2005). However, 
directly estimating TBF and subsequently estimating ICF as ICF=TBF−ECF is preferred. 

(Jaffrin et al., 2008) noted that the validity of (46) requires that the mean TBF resistivity is 
given by (41), which contradicts the assumption that ICF and ECF resistances are in parallel, 
as the application of (27) and (33–35) leads to 

𝜌∞−1 = 𝜌𝐼𝐶𝐹−1 + 𝜌𝐸𝐶𝐹−1 �
𝑇𝐵𝐹
𝐸𝐶𝐹

�
3
2� . (47) 

However, the reason for this contradiction is that (47) is erroneous as it is derived from the 
assumption of (48)  

𝜌𝑎𝑖 = 𝜌𝑖 �
𝑉𝑏
𝑉𝑡
�
3
2� (48a ) 𝑅𝑖 = 𝐾𝑏𝐻2𝑉𝑏

1
2� 𝜌𝑖𝑇𝐵𝐹

−3
2� . (48b) 
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And (22) is erroneous because the conducting volume includes ECF which has a resistivity 
different of ρi.  

(Moissl et al., 2006) proposed the calculation of ICF in an analogous manner as ECF, as 
shown in (49), (50), and (51). The proposal for ECF is illustrated in (36) and (37). 

𝐼𝐶𝐹 = 𝐾𝑖 �
𝐻2𝑊1

2�

𝑅𝑖
�
2
3�

    (49) 

𝐾𝑖 = �𝐾𝑏𝜌𝑖
𝐷𝑏
1
2�
�
2
3�

    (50) 

𝐾𝐼𝐶𝐹 = 𝑐
𝐵𝑀𝐼

+ 𝑑.    (51) 

However, (49) is erroneous, as explained previously; the ICF compartment is represented by 
Ri and a capacitance (Cm). Therefore, Ri cannot be considered the ICF resistance, unlike Re for 
ECF (Jaffrin et al., 2008). If a voltage is applied on opposite sides of a cell, the current 
flowing through the cell at intermediate frequencies inside the β-dispersion window is 
determined by the resistivity and volume of the cell and by the capacitance of the membrane.  
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Chapter IV 

Materials and Methods 

4.1 Thesis method 

The methodology employed in this PhD dissertation is similar and compatible with the 
scientific method. The following four steps have been implemented: 

1. Observations and theoretical analysis 

2. Hypothesis generation 

3. Experimental validation  

4. Conclusions 

Modelling and simulation, which are depicted in Figure 17, are two important tools. 
Modelling was used in the theoretical phase to facilitate the understanding of the problem and 
its dependencies. Simulation was used for two main purposes: to analyse the theoretical 
models and to trim the hypothesis during the hypothesis generation process or theoretically 

 

Figure 17 Classical scientific method applied in this PhD dissertation 
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validate the hypothesis. Through modelling, simulations, and theoretical analysis of the case 
under study, the hypotheses were generated by complying with the underlying theoretical 
fundamentals.  

As the ultimate goal of this thesis is to improve the analysis of impedance data to obtain body 
fluid volumes from spectroscopy measurements, the steps presented in Figure 17 were applied 
in a spiral approach with three iterations: 

1. Focus on the correction of the capacitive leakage artefact on EBIS measurements.

2. Focus on the robust extraction of the Cole parameters R0 and R∞ against artefacts from
EBIS measurements.

3. Focus on the estimation of body fluid distribution from resistances at high and low
frequencies inside the β-dispersion window.

The spiral approach, including the main focus in each of the iterations and the main results of 
this PhD dissertation, is described in Figure 18. The specific method is explained. 

The first step in improving the EBIS methods for the estimation of body fluid volumes is the 
recording of EBIS measurements. The controversy related to this step is the motivation of the 
thesis. 

First iteration in the spiral: 

• Observation and theoretical analysis: Observed controversy about a spectrum
deviation in the impedance plane with no physiological cause (Bolton et al., 1998; De
Lorenzo A et al., 1997; Scharfetter et al., 1998). P1, i.e., the first section of this thesis,

Figure 18 Classical scientific method applied in this PhD dissertation 
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analyses this effect by realising that it is produced by capacitive leakage. 

• Generated hypothesis: The hypothesis, which states that a current divider can model
the deviation and that EBIS measurements affected by the capacitive leakage effect
can be corrected according to the model proposed, was generated in P1.

• Experimental validation: The hypothesis was validated in the same paper on wrist-to-
ankle, segmental arm, and segmental trunk experimental measurements, as well as in
P3 for EBIS measurements obtained with a wearable measurement system that is
integrated in a vest as part of the MyHeart project.

• Conclusions: It was concluded that EBIS measurements affected by the capacitive
leakage effect can be corrected according to the model proposed in P1.

Second iteration in the spiral: 

• Observation and theoretical analysis: Capacitive leakage is not the only artefact that
affects EBIS data. Correcting the various artefacts can become very complex.
However, only the Cole parameters and R0 and R∞ in particular are used to estimate
body fluids. Thus, focusing on a robust and accurate estimation of R0 and R∞ may be
easier and more interesting than the correction of measurements.

A theoretical analysis of the influence of the various artefacts on the different domains
of the immittance was performed in P7.

• Generated hypothesis: Certain domains may be robust against measurement artefacts.
G and modulus are most likely to be robust against artefacts and introduce additional
advantages.

The fitting on the conductance domain was proposed and validated using simulations
in P2. A reduction in the frequency range was proposed and validated using
simulations in P4. The results of the theoretical analysis of P7 support the hypothesis
that the G spectrum is the most robust spectrum. The modulus is robust with a reduced
frequency range, which is convenient.

• Experimental validation: The fitting in the modulus domain was experimentally
validated in P5 and P6. The robustness of the G spectrum in a reduced frequency range
was validated using a clinical database in P7.

• Conclusions: The G spectrum is the most robust spectrum. The modulus is also robust.
A reduced frequency range is convenient.

Third iteration in the spiral 

• Observation and theoretical analysis: Only a small portion of the robustness and
accuracy problems in estimating body fluids with EBIS methods stem from estimation
of the Cole parameters.

These findings motivated a full theoretical analysis of the method and state of the art
approaches, which were performed in P8.

• Hypothesis generation: Certain hypotheses were produced by the analysis and as a
result new methods for body fluid estimation were proposed.
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• Experimental validation: All state of the art and newly proposed methods were tested
using a clinical database in P8.

• Conclusions: Several conclusions were formed, as presented in Chapter 6.

4.2 Cole fitting 

The analysis of the Cole parameters forms the basis for the majority of EBIS applications. By 
obtaining the four parameters, the Cole function is fitted to the EBIS data from the spectral 
measurement. 

The Cole equation is a complex nonlinear function of frequency that can be represented in the 
impedance plane, which is perpendicular to the frequency plane. Therefore, the equation is 
fitted to the experimental data using iterative methods in the frequency or impedance 
domains. When the curve fitting is completed in the impedance plane, the circular 
characteristics of the Cole function are used to simplify the process. In the majority of cases, 
these methods are based on numerical approximations to obtain the minimum least-squares 
error of a cost function using an iterative gradient. 

MacDonald (1987) first introduced complex least-squares fitting methods for fitting EBIS 
data. Kun & Peura (1999) proposed the nonlinear least-squares (NLLS) method to fit EBIS 
data to the Cole function as a semicircle in the impedance plane. By fitting the data to a circle, 
the centre and radius are estimated in an iterative procedure that minimises the summed 
square of the error of the equation of a circle as 

𝐹(𝑥0,𝑦0,𝑟) = ∑ ��(𝑥𝑖−𝑥0)2 + (𝑦𝑖−𝑦0)2 − 𝑟�.2𝑁
𝑖=1  (52) 

This fitting approach may be suitable for the estimation of R0, R∞, and α because they can be 
calculated analytically from the parameters of the circle. However, the approach does not 
account for the frequency, and thus, the estimation of τ will not be accurate, particularly if the 
data are noisy or contain artefacts. 

4.3 Nonlinear least-squares curve fitting 

Iterative fitting through the NLLS method is intended to obtain the best coefficients for a 
given model that fits the experimental data. The method expressed by (52) minimises the 
summed square of the error between the measured data value and modelled value. In (53), N 
is the number of frequencies, e is the error, X is the data, and 𝑋 is the model. 

𝑚𝑖𝑛∑ 𝑒𝑖2𝑁
𝑖=1 = 𝑚𝑖𝑛∑ (|𝑋𝑖| − |𝑋𝚤� |)2𝑁

𝑖=1 (53) 

The use of the NLLS method has recently increased for EBIS data fitting to the Cole function; 
however, different immittance spectra (Ayllón, Seoane et al., 2009; Buendia et al., 2011; 
Nordbotten et al., 2011) have been used instead of a semicircle in the impedance plane. In this 
approach, the frequency information is used to obtain the best fit, and the four Cole 
parameters are estimated simultaneously instead of sequentially, as is typically the case for 
semicircular fittings. 
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4.4 Electrodes and textrodes 

Electrodes are instruments that provide an interface between the tissue and electronic 
measurement device by conducting current across the interface. Textile electrodes (textrodes) 
are being developed and used in different scenarios, such as ECG monitoring, EEG, or 
bioimpedance spectroscopy measurements. 

(Medrano, 2011) determined that textrodes as a material are a viable alternatives to standard 
EBIS electrodes. The transduction function in EBIS measurements is dependent on the skin-
electrode contact and humidity of the interface. Other parameters, such as the conductivity of 
the textile material, smoothness, moisture absorption, ability to stretch, and washability, may 
influence the performance of a textrode and should be considered. 

The feasibility of textrodes in EBIS applications has been extensively tested in recent studies 
(J. Marquez, 2013; Marquez, 2011; Vuorela, 2011) and in the research activities performed in 
the MyHeart and Heart Cycle projects. Several innovative applications that may benefit from 
the use of textrodes are emerging, particularly in the field of home healthcare and personal 
health monitoring systems. However, the use of textrodes frequently produces EBI 
measurements with higher variability than those obtained with conventional Ag/AgCl gel 
electrodes, particularly when the skin-textrode interface is poorly established, because the Zep 
of textrodes is more variable than that of electrodes. 

4.5 Extended Cole model 

(De Lorenzo A et al., 1997) modelled the deviation produced by the capacitive effect using a 
time delay (Td). The deviation was considered to be primarily produced by the length of the 
measurement leads but also by other effects that may cause a linear phase shift with frequency. De 
Lorenzo proposed a correction of EBIS measurements by multiplying the tissue impedance by a 
time delay using an imaginary exponential as 

𝑍𝑚𝑒𝑎𝑠(𝜔) = 𝑍𝑇𝑈𝑆(𝜔) ∗ 𝑒−𝑗𝜔𝑇𝑑    (54) 

This model is named the ECM (Scharfetter et al., 1998). 

4.6 Clinical database 

4.6.1 Experimental design 
EBI spectroscopy and bromide and tritium dilution were simultaneously measured at 
Sahlgrenska University Hospital in Gothenburg, Sweden. Examinations were performed 
between 2005 and 2011. Tritium dilution was considered the reference method for TBF, and 
bromide dilution was considered the reference method for ECF; their subtraction yields 
ICF=TBFTr−ECFBr. All subjects provided informed consent, and the study was approved by 
the local ethics committee. 
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4.6.2 Subjects 
The subjects included 341 patients, including 200 male and 141 female patients, involved in 
GHRT. Several patient measurements were obtained, with a maximum of five measurements 
per patient; however, one or two measurements were obtained from the majority of patients. 
Body weight was measured on a digital scale and specified to the nearest 100 g. All patients 
were initially diagnosed with severe GHD from a hypothalamic-pituitary disease. Dose and 
time for the GHRT varied. All patients had used GHRT for a minimum of six months. The 
average age, height, and weight of the patients were 56.88±14.17 years, 171.36±9.91 cm, and 
83.8±18.4 kg, respectively, with a BMI of 28.43±5.33, an estimated TBF with tritium dilution 
of 42.57±9.52l, and an estimated ECF with bromide dilution of 18.27±4.04 l. 

4.6.3 EBIS measurements 
A total of 703 EBIS measurements were performed with the bioimpedance spectrometer 
(Body Scout instrument, Fresenius Medical Care, Germany) according to the right-side-wrist-
to-ankle (RS-WA) tetrapolar configuration (Nyboer et al., 1950). The lower frequency is 5 
kHz, and the upper frequency is 1 MHz. A total of 563 measurements contain 50 
exponentially distributed frequencies, and a total of 140 measurements contain 26 
exponentially distributed frequencies. Certain measurements are significantly affected by 
capacitive coupling, whereas some measurements are only slightly affected by capacitive 
coupling. The software of the bioimpedance spectrometer fit the measurements to the ECM 
and provided the parameter Td. A positive Td indirectly signifies a capacitive effect, and a 
negative Td indirectly signifies an inductive and/or mismatched effect. 

4.6.4 Tritium dilution measurements 

TBF was determined by isotope dilution of tritiated water (THO) (Bruce et al., 1980). On the 
morning of the investigation, the subjects were orally administered 100 uCi (3.7 MBq) of 
THO, which was added to 100 ml of tap water; the vial was rinsed with another 100 ml of tap 
water, which the subject also ingested. Prior to the administration of THO, the subjects 
delivered a urine specimen containing a minimum of 10 ml. After an equilibration period of 3 
h, a blood sample of approximately 10 ml was taken from a cubital vein, and the activity of 
plasma water, which was obtained by sublimation, was counted in a liquid scintillation 
counter. The coefficient of variation of a single TBF determination was 3.2%. The tritium 
dilution volume can overestimate TBF for the migration of tritium into nonwater 
compartments; as a result, the tritium dilution volume was adjusted to TBWdil(l)=0.96 × 
tritium dilution volume (Schoeller et al., 1996). 

4.6.5 Bromide dilution measurements 

ECF was determined by sodium bromide (NaBr) dilution as described in (J. Miller et al., 
1989). Subjects ingested 45 ml of 5% NaBr solution; samples were assayed after precipitation 
of serum proteins with methanol using an ion exchange HPLC device (Dionex Corp., 
Sunnyvale, CA, USA). CV in duplicate samples comprised 0.7% (within run) and 3.3% 
(between runs). 
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Chapter V 

Results 

5.1 Capacitive leakage effect correction 

As explained previously, the typical deviation in the impedance plot, e.g., as shown in Figure 
19, was the initial motivation of the thesis. (De Lorenzo A et al., 1997) proposed and justified 
the ECM for measurements affected by that deviation. However, those justifications were 
subsequently refuted (Bolton et al., 1998; Scharfetter et al., 1998). A current divider was 
proposed in P1 as an alternative to the ECM. The model is suitable for EBIS measurements 
that exhibit low Zeps and groups all possible capacitances that enable current to leak from 
ZTUS on a capacitance in parallel with ZTUS, as shown in Figure 20.  

The model of Figure 20 was tested in P1, and performed well correcting total body, segmental 
arm, and thoracic measurements recorded with skin preparation and gelled electrodes. With 

 

Figure 20 Current divider model for EBIS measurements affected by the capacitive leakage effect. 

 

 

 

Figure 19 Measurements exhibiting the capacitive leakage effect. These measurements are associated with the 

clinical database detailed in 4.6. 
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decreasing values of load, the vulnerability to the capacitive effect increases; thus, the 
equivalent Cpar of the current divider model obtained increases. The Cpar estimated on the 
measurements contained in P1 presented a mean of 40.94±1.9 pF for total body, 120.29±1.9 
for segmental arm, and 683.23±26.08 pF for thoracic.  

To correct the measurements in an analogous manner as using the ECM, the correction 
function proposed in P1 can be employed as 

𝑍𝐶𝑜𝑟𝑟(𝜔) = 𝑍𝑚𝑒𝑎𝑠(𝜔) ∗ 1
1−𝑍𝑚𝑒𝑎𝑠(𝜔)𝑗𝜔𝐶𝑃𝑎𝑟

(55) 

Thoracic measurements taken with textile electrodes integrated in a vest, which was designed 
by the Phillips Research Medical Signal Processing group as part of the MyHeart project 
(Habetha J, 2006), were also corrected according to the current divider model in P3. The 
majority of the measurements considered in this project presented a dominant capacitive 
leakage effect. The results were presented in (Buendia et al., 2011), and the estimates of the 
Cole parameters for the fitting to the ECM and Cole model after correction, according to the 
simplified capacitive effect model, were compared. Similar values of R0 and R∞ were obtained 
for both approaches; however, the ECM yielded a slightly smaller deviation.  

5.2 Robust estimation of R0 and R∞ against measurement artefacts 

5.2.1 Influence of other artefacts on EBIS measurements 
In addition to the capacitive leakage effect, two other artefacts can be derived from the effect 
of stray capacitances and Zeps: the crosstalking effect explained in 3.1.2 and the Zep 
mismatch effect explained in 3.1.3. In the database detailed in 4.6, which was used in P7 and 
P8, certain measurements exhibit a typical deviation caused by both effects, e.g., 
the measurement shown in Figure 21.  

Correction of EBIS measurements, which may be affected by the three artefacts, can become 
very complex; this process may be simplified by estimating R0 and R∞ and minimising their 
effect. P6 employed the total body measurements used in (Bogónez-Franco P et al., 2009), 
which did not present a strong crosstalking effect. The Cole parameters were extracted 
through Cole fitting in the modulus spectrum. A slight increase in the modulus and a 

Figure 21 Measurements exhibiting crosstalking and/or Zep mismatch effects. These measurements are associated with 

the clinical database detailed in 4.6 
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difference in the phase at high frequencies were observed (the phase difference at low 
frequencies was minimal) when the mismatch was produced in voltage-sensing electrodes. 
The increase in the modulus produced an increment in the estimation of the R0 and R∞ values. 
The increase in the modulus is slightly larger at low and high frequencies than at medium 
frequencies; however, it is present over the entire frequency spectrum.  

5.2.2 Cole fitting to different spectra 

5.2.2.1 Modelling approach of the robustness of each spectrum against the 
different measurement artefacts 

The impedances of the models in Figures 12-14, with ZTUS modelled as a typical total body 
Cole impedance and the equivalent parasitic capacitances and Zeps given the maximum 
expected values, were fitted to the Cole model in the different spectra. Values of the absolute 
error regarding the estimation of R0 and R∞ estimated by Cole fitting in the different spectra 
are shown in Figure 22. The phase was not considered because the fitting of the worst case for 
the capacitive effect produced Cole parameters values that were fixed at bound. 

The G domain introduces the smallest values of absolute error for the estimation of R∞ for all 
three effects and nearly the smallest deviation for R0 estimation for capacitive leakage. 

5.2.2.2 Cole fitting to the conductance spectrum 

According to the model of P1, the bioconductance is not affected by the capacitive leakage 
effect. In P2, the Cole fitting in the conductance domain was proposed and tested using 

A)  

B)  

Figure 22 Values of absolute error for the estimation of A) R0 and B) R∞. 
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synthetic data. It was presented as an approach with an intrinsic robustness against the 
influence of capacitive leakage. This argument was supported in P7, in which the simulation 
results demonstrated that it is the most robust domain against EBIS measurement artefacts. In 
P7, the feasibility of performing Cole fitting on the G spectrum was proven over the clinical 
database detailed in 4.6. 

5.2.2.3 Cole fitting to modulus and resistance spectra 

Cole fitting in the modulus domain was proposed and tested on experimental measurements in 
P5. The values for the BCA parameters were obtained using values for the Cole parameters 
estimated with both circular fitting on the impedance plane and NLLS modulus fitting. The 
BCA parameters were automatically estimated using the software of the SFB7 spectrometer. 
Both fitting methods produced similar results. The fitting in the modulus domain was also 
employed in P6. 

In addition to the correction of experimental measurements performed with a textile-enabled 
vest developed for the MyHeart project, Cole fitting in the resistance domain was performed 
in P3. Similar to the modulus, R is not largelly affected by the deviation, what is logical 
because the resistance provides the greatest contribution to the modulus. A comparison of the 
Cole parameters obtained with two different approaches was conducted. The first approach 
involves fitting to the ECM, and the second approach involves correcting the measurements 
according to the model proposed in P1 and subsequently fitting in the R domain. The results 
of P3 indicated that both approaches provided similar estimations of R0 and R∞. 

5.2.2.4 Reduction in frequency range 

From the literature and the theoretical analysis of artefacts in P7, it was concluded that the 
different artefacts have the largest effect on EBIS measurements at high and low frequencies. 
Therefore, the robustness of the estimation of the Cole parameters could be improved if Cole 
fitting was performed for a reduced frequency range.  

 

Figure 23 MAPE of the G spectrum in the most unfavourable case for each effect 
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In P4, Cole fitting was performed on synthetic data, i.e., simulated Cole impedance with 
added modelled noise, after reducing the upper frequency limit and number of frequencies. A 
significant reduction in the number of frequencies as well as in the upper limit produced an 
insignificant error. The averaged mean absolute percentage errors (MAPEs) of R0 and R∞ 
were less than 0.5% in every case with a minimum upper frequency limit of 250 kHz and a 
minimum of 16 frequencies.  

The influence of the different artefacts on the G spectrum was described in P7. Based on the 
MAPE in Figure 23, the crosstalk and mismatch effects introduce a remarkable error at low 
frequencies, which decreases with frequency to less than 1.5% at 10 kHz. The same sources 
of error also produce a significant error at high frequencies. Regarding the capacitive effect, 
the error is minimal at low and medium frequencies and increases sharply at frequencies 
above approximately 500 kHz. The MAPEs of all three effects remain below 1.5% between 
10 and 600 kHz. The frequency range between 10 and 500 kHz should be sufficient to 
accurately estimate R0 and R∞ (Scharfetter et al., 1998). Thus, this particular frequency range 
was proposed. 

In P7, the ECF and ICF were estimated from R0 and R∞ using a frequency range between 10 
and 500 kHz, which proves its feasibility. 

5.3 Estimation of body fluids from Cole fitting to the G between 10 
and 500 kHz 

By testing the performance of the selected approach, i.e., using the conductance spectrum 
between 10 and 500 kHz, the ECF and ICF volumes were obtained from the measurements 
available in the clinical database according to the method proposed in (Moissl et al., 2006). 

By examining the influence on the estimations introduced by limiting the frequency range, the 
fluid volumes were also calculated from the conductance spectrum using the full frequency 
measurement range, i.e., between 5 kHz and 1 MHz. For comparison, the R0 and R∞ datasets 
provided by the software accompanying the Body Scout spectrometer were used to estimate 
ECF and ICF. The obtained values have been compared with the volumes obtained by the 
reference dilution methods. The estimation performance was compared using Bland-Altman 
and regression plots.  

The results presented in Figures 24 and 25 indicated that the volume estimations for ECF and 
ICF utilising R0 and R∞ values obtained by Cole fitting in the G spectrum with frequency 
ranges of 10–500 kHz and 5–1,000 kHz were similar. The volumes obtained when using R0 
and R∞ values provided by the Body Scout spectrometer were also similar. 

61 



The difference between the values provided by fitting the G of the measurements between 10 
and 500 kHz to the Cole model and the values provided by the Body Scout comprised a mean 
of 1.68±6.93 Ω for R0 and 0.43±3.67 for R∞. The differences appear minor but significant; 
however, the sensitivity of the estimation of body fluids to errors in R0 and R∞ is minor 
(Sanchez 2013). Thus, the variation in the body fluid estimation was insignificant.   

A)       

              

B)  

C)         

Figure 24 Regression and Bland-Altman plots of ECF using the bromide dilution method as a reference: A) G [10–500 kHz], 

B) G [5–1,000 kHz], and C) Body Scout 
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A)      

B)      

C)      

Figure 25 Regression and Bland-Altman plots of ICF taking dilution methods as references: A) G [10–500 kHz], B) 

G [5–1,000 kHz], and C) Body Scout 
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5.4 Estimation of body fluids 

5.4.1 Proposed methods for estimation of body fluids  
New methods for estimating ECF, TBF, and ICF are proposed and explained below based on 
the theoretical analysis presented in the background and P8. 

5.4.1.1 ECF 

The best way to estimate ECF is using (36.a) with individual Ke values, which are dependent 
on several variables, including gender, BMI, α and R1 parameter of the DRT-compatible 
model, which characterise the cell membrane. An individual Ke is given by  

𝐾𝑒 = � 𝑎
𝐵𝑀𝐼

+ 𝑏
𝛼

+ 𝑐
𝑅1

+ 𝑑� + 𝑆 � 𝑎1
𝐵𝑀𝐼

+ 𝑏1
𝛼

+ 𝑐1
𝑅1

+ 𝑑1�  (56) 

where the S is zero for men and one for women, or vice versa. 

5.4.1.2 TBF 

The reason for an improved method to estimate TBF is analogous to the case of ECF, with the 
exception that ρ∞ is dependent on the ECF:ICF ratio. Thus, the estimation can be improved by 
including the factor (R∞ R0⁄ )2 3�  and age. The TBF is estimated using (40.a), and Kt is 
provided by  

𝐾𝑡 = � 𝑎
𝐵𝑀𝐼
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𝐴𝑔𝑒

+

𝑓1�   (57) 

5.4.1.3 ICF 

The best way to estimate ICF would be  

𝐼𝐶𝐹 = 𝑇𝐵𝐹 − 𝐸𝐶𝐹.    (58) 

5.4.2 Comparison of estimations using different methods 
From the theoretical analysis of P8, various state of the art methods were employed to 
estimate ECF, TBF, and ICF. The estimation employed R0 and R∞, which utilise the domain 
of the conductance in the frequency range of 10 to 500 kHz. This domain was based on the 
results of the second iteration because it was considered the most robust against measurement 
artefacts. R0 and R∞ provided by the Body Scout software (which fits the measurements to the 
ECM) were also used for a comparison.  
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Although a significant difference between body fluid estimations using both methods of 
obtaining R0 and R∞ was not established, it was considered important to verify this fact for 
every method. It was checked this way that effectively that fact was repeated for every 
method 

Estimations for every method were presented in the regression and Bland-Altman diagrams in 
P8 with dilution methods as references. Tables II, III, and IV for ECF, TBF, and ICF, 
respectively, contain the main parameters of the agreement in the estimations performed by 
each method regarding the reference methods, i.e., correlation, p-value according to the paired 
T-test, and mean±2×std of the difference are presented. The tables provide a simple 
comparison. Each method included in the tables is represented by a letter, which was 
explained in a previous list.  

Estimations were performed over testing patients of the database, as explained in 4.6 (344 
measurements). For some methods, the constants were obtained by adjusting for the training 
patients (359 measurements). The patients were arranged by TBF volume and were used 
alternatingly for training and testing. 

5.4.2.1 ECF 

Table II illustrates the similarity of the correlation factors, means, and deviations for several 
different methods and parameter variations. 

A. Initial estimations provided by the Body Scout software were considered for a 
comparison. 

B. Estimations with fixed constants as the average values against dilution methods 
training with half of the patients (359 measurements) and testing with the remaining 
half (344 measurements) were considered for comparison. 

C. The volume equation proposed in (Van Loan et al., 1993) used fixed values for the 
resistivities, where ρe=40.3 Ω cm for men and ρe=42.3 Ω cm for women. 

D. The volume equation in (Moissl et al., 2006) used the constant Ke corrected by BMI 
with 𝐾𝑒 = 𝑎

𝐵𝑀𝐼
+ 𝑏, a=0.188, and b=0.2883.  

E. The volume equation from D but with constant values adjusted for the training 
measurements in the database. The values of the constants are dependent on the type 
of fitting (the constants are different for each set of R0 and R∞.). 

Table II ECF estimations provided by the different methods 

ECF A B C D E F 

Body Scout Corr 0.92 0.93 0.92 0.93 0.93 0.92 

mean±2std -0.2±3.1 0±3 0.2±3.1 -0.6±3 0±3 -0.1±3.1 

P-Value 0.004 0.92 0.01 3e-14 0.90 0.55 

G [10–500] khz Corr   0.92 0.93 0.93 0.92 

mean±2std   0.2±3.1 -0.7±3 0±3 0±3 
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F. Volume equation of E with Ke corrected for BMI, α, R1 and gender, as proposed in 
5.4.1.1. 

5.4.2.2 TBF 

The direct estimation of TBF with (40a) and an estimation of ρ∞ are performed. The results 
are similar for all methods, with the exception of the estimation that assumes the fixed ratio 
ECF:ICF, which is not population specific, i.e., the method proposed in (Jaffrin et al., 2006). 

A. Initial estimations provided by the Body Scout software were considered for 
comparison. 

B. Estimations with a fixed ρ∞ as the average obtained against dilution methods with 
training patients were considered for comparison. 

C. ρ∞ calculated as proposed in (Matthie, 2005) with ρi=273.9 Ω cm and ρe=40.5 Ω cm 
for men and ρi=264.9 Ω cm and ρe=39 Ω cm for women. Values were proposed in (De 
Lorenzo A et al., 1997) and used in the Xitron 4200 impedance spectrometer.  

D. ρ∞ proposed in (Jaffrin et al., 2006) based on regression methods against 
measurements of FFM obtained with DXA (Genton et al., 2002) methods as a 
reference. Assuming a mean hydration rate of 73.2%, the values obtained were 
ρ∞=104.3 Ω cm for men and ρ∞=100.5 Ω cm for women.  

E. ρ∞ calculated by the approach developed in (Moissl et al., 2006), which proposes the 
use of individual resistivities that are dependent on the BMI adapted to TBF 
estimation and uses constants adjusted for training patients. The values of the 
constants are dependent on the type of fitting (constants vary for each set of R0 and 
R∞.). 

F.    ρ∞ calculated as proposed in 5.4.1.2. It is dependent on BMI, α, R1, (R∞⁄R0)2�3, age,
and gender. The values of the constants are dependent on the type of fitting. 

5.4.2.3 ICF 

Table IV illustrates a slight improvement in ICF as the subtraction of ECF from TBF, and 
method B is inaccurate. 

Table III TBF estimations provided by the different methods 

TBF A B C D E F 

Body 
Scout 

Corr 0.96 0.97 0.96 0.97 0.97 0.97 

mean±2std 0±5.2 0.1±4.7 0.3±5.9 3.8±5.4 -0.2±4.6 0.1±4.6 

P-Value 0.92 0.42 0.07 5e-82 0.18 0.47 

G [10–
500] 
khz 

Corr 0.96 0.97 0.97 0.97 

mean±2std 0.4±6.3 3.8±5.5 -0.2±4.6 0.2±4.5 
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A. Initial estimations provided by the Body Scout software were considered for 
comparison. 

B. The method published by (De Lorenzo A et al., 1997) with the values previously 
proposed in (Van Loan et al., 1993) for Kρ, which are 3.82 for men and 3.4 for 
women.  

C. The method proposed in (Moissl et al., 2006) was tested, even though it can be 
erroneous. ρi is dependent on the BMI, such as KICF = 5.8758

BMI
+ 0.4194. 

D. As explained in 5.4.1, estimation of the ICF may consist of relaxing ECF to TBF; both 
are estimated by the proposed method in 5.4.1.  

  

Table IV ICF estimations provided by the different methods 

ICF A B C D 

Body 
Scout 

Corr 0.91 0.93 0.91 0.93 

mean±2std 0.2±4.6 4.1±6.2 0.3±4.5 0.1±4.1 

P-Value 0.09 3e-77 0.006 0.21 

G [10–
500] 
khz 

Corr  0.93 0.91 0.93 

mean±2std  4.2±6.5 0.4±4.7 0.2±4.1 
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Chapter VI  

Discussion, conclusions, and future 
research 

6.1 Capacitive leakage effect correction 

The capacitive leakage effect may be the most common source of error in EBIS 
measurements. In addition, considering the artefacts caused by stray capacitances and high 
electrode polarisation impedances, capacitive leakage is the only effect that may be significant 
when an acceptable electrode-skin contact is established. Thus, capacitive leakage is a major 
concern for EBIS measurements. This thesis has proposed and proven the suitability of a 
simplified model for EBIS measurements that are affected by the capacitive leakage effect, 
i.e., the model shown in Figure 20. The total body and segmental EBIS measurements can be 
corrected according to this model. For body fluid estimation using the general method based 
on Hanai’s mixture theory, the correction of measurements may not be needed because only 
the Cole parameters R0 and R∞ are required. However, other methods for extracting 
information from the immittance spectra may benefit from that correction. 

Thoracic measurements taken with textile electrodes integrated in a vest, which was designed 
by the Phillips Research Medical Signal Processing group as part of the MyHeart project 
(Habetha, 2006), were also successfully corrected according to the current divider model. 
These measurements were only affected by the capacitive leakage effect because the Zeps 
were lowered by wetting; an appropriate textrode design can achieve suitable dry electrode-
skin contact (Marquez, 2013). 

6.2 Robust estimation of R0 and R∞ against measurement artefacts 

6.2.1 Influence of other artefacts on EBIS measurements 
In addition to the capacitive leakage effect, the crosstalking effect explained in 3.1.2 is 
another artefact derived from the effect of stray capacitances. Although this effect was 
initially approached in (Lu et al., 1996), it is often disregarded as its influence in 
measurements with low Zeps is negligible (Scharfetter et al., 1998). In addition to capacitive 
leakage and crosstalking effects, another artefact is produced by an increase in the effective 
CMRR, which had been extensively examined in impedance tomography. However, this 
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artefact is not frequently considered in total body or segmental measurements because its 
effect on measurements with low Zeps is negligible. 

(Bogónez-Franco et al., 2009) explored the effect of a Zep mismatch in total body and 
segmental measurements. The measurements presented in that paper also introduced a strong 
crosstalking effect. The crosstalking effect and Zep mismatch may be insignificant for small 
Zeps; however, this condition is not always valid. Although measurement scenarios with old 
or bad electrodes are uncommon in a clinical environment, these scenarios may be more 
realistic in home-based applications. Large values of Zep were assumed in the analysis 
because bioimpedance measurements have the potential of being integrated into home 
monitoring applications, where patients may perform the measurements. In the database 
detailed in 4.6, certain measurements exhibit a typical deviation that can be attributed to 
both effects, e.g., the measurement displayed in Figure 21. 

The increased modulus caused by the Zep mismatch effect at all frequencies obtained in P6 
for the experimental measurements does not match the simulation of the effect shown in 
Appendix A of P7. However, this increase can be explained by the fact that the Zep was 
smaller at low frequencies than the Zep considered in P6, i.e., the Zep proposed in (Riu et al., 
1995), with approximately 3 kΩ at 3 kHz, and a high mismatch was obtained. This mismatch 
could be attributed to several reasons, e.g., the electrode gets dryer after cutting and exposure; 
smaller Zeps can be expected, as reported in (J. C. Marquez, 2013), i.e., below 1,300 Ω at 3 
kHz. 

6.2.2  Modelling approach of the robustness of each spectrum against 
different measurement artefacts 
The correction of EBIS measurements, which may be affected by the three artefacts, can 
become very complex. However, estimating R0 and R∞ minimising their effect may become 
easier by performing Cole fitting in a domain that is robust against the influence of artefacts. 

The modelling approach performed in P7 is based on the complete model of the EBIS 
measurements shown in Figure 11, which model the different mechanisms that produce 
capacitive coupling. From that circuit, three specific models that consider the elements that 
cause capacitive leakage, crosstalking, and Zep mismatch effects were constructed, as shown 
in Figures 12–14. The worst-case scenario for each of the examined effects was established by 
assigning the maximum expected values to the circuit elements in the respective models. 
Then, the spectra of EBI measurements obtained in each of the scenarios were calculated and 
compared with the spectra of ZTUS.  

The worst-case scenarios considered in the studies may be too restrictive because the values 
for the Zeps considered in each case may be too large, particularly at low frequencies. The 
high values for Zep primarily affect the influence of crosstalking and Zep mismatch at low 
frequencies and the estimation of R0 in the presence of these effects. 

In the most unfavourable case, combining all three sources of errors could produce a larger 
error in the estimation of R0 and R∞. However, the values considered for the capacitances 
were the largest expected values. In a realistic scenario, it is very unlikely to locate all sources 
of errors. Capacitive leakage effects at high frequencies produce a reduction in modulus and 
an accentuated phase drop. Crosstalking and Zep mismatch effects are approximately additive 
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and produce an increase in modulus at low frequencies and an increase in phase at high 
frequencies. The two effects partially cancel out the capacitive effect. It is unfeasible to locate 
EBIS measurements that are more affected by capacitive coupling than in the cases 
considered in this paper. These measurements should be discarded as outliers. 

Appendix A in P7 show how all three artefacts significantly influence X, B, and the phase 
compared with R, X, and the modulus. High and low frequencies are affected more than 
medium frequencies. The use of G, the modulus, and R is suitable in a reduced frequency 
range for Cole fitting. However, the sensitivity of each domain was unknown; thus, to 
determine the most robust spectrum against the artefacts for body fluid estimation, the 
different worst-case spectra were fitted to the Cole model, and R0 and R∞ were compared with 
the original values. The results are shown in Figure 22. 

Figure 22 reveals that G is the most robust spectrum. However, X and B introduced an 
unexpected small error against crosstalking and impedance mismatch effects, which were 
determined to be possibilities of the fitting process, as clarified in P7. 

6.2.3 Reduction in frequency range 
Reductions in the lower and upper limits were proposed because capacitive coupling has 
the largest effect on the measurements at low and high frequencies. The proposed 
reduced frequency range was between 10 and 500 kHz, which eliminates the parts of the 
EBIS G spectrum that are most affected by capacitive artefacts.  

According to the results of P4, the Cole parameters can be accurately estimated with EBIS 
measurements obtained within this frequency range. In addition, eliminating measurements at 
frequencies below 10 kHz minimises α-dispersion overlapping and eliminating measurements 
at frequencies above 500 kHz minimises blood dispersion overlapping (Scharfetter et al., 
1998). 

It is important to minimise the effects of dispersion overlapping because the Cole model loses 
its applicability when EBIS measurements contain more than one dominant dispersion. The 
human body impedance is dominated by muscle tissue and blood in the β dispersion; 
however, the characteristic frequency of blood is greater than one order of magnitude higher 
than the muscle frequency (Kanai et al. 2004) and is weak below 500 kHz.  

6.2.4 Estimation of body fluids from Cole fitting to the G spectrum between 10 
and 500 kHz 
The results of this thesis indicate that the conductance spectrum is the most robust alternative 
against measurements artefacts. If the EBIS measurements are performed with proper skin 
preparation, as expected in clinical practice, the conductance spectrum will be virtually free of 
artefacts caused by capacitive coupling in the entire frequency spectrum, and the G spectrum 
is even more suitable for Cole model fitting. 

The feasibility of Cole fitting in the G spectrum in the frequency range of 10–500 kHz was 
proven over the clinical database detailed in 4.6. However, the results presented in 5.3 and 5.4 
indicate that Cole fitting to the conductance spectrum does not improve body fluid estimations 
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compared with the use of R0 and R∞ provided by the Body Scout spectrometer, which fit the 
data to the ECM. 

This lack of improvement may be caused by several reasons. First, the clinical database 
presents a small percentage of significantly affected measurements. Second, the ECM may be 
sufficiently effective in correcting EBIS data at high frequencies. Third, the lower frequency 
limit recorded by the Body Scout was 5 kHz; the influence of the artefact may not be 
significant at that frequency in most measurements. However, the primary reason for the lack 
of improvement may be that the sensitivity of body fluid estimation to errors in R0 and R∞ is 
minor, e.g., a relatively large error in R0 occurs in a RS-WA measurement; for instance, 10 Ω 
represents an error of approximately 2%, which translates to a body fluid estimation that 
represents an error of approximately 1.33% (0.27 l if a person has 20 l of ECM), which is 
considered an extremely small error. 

In the experiments of 5.3 and 5.4, a reduction in frequency also causes a decrease in the 
number of frequencies. By maintaining the nr of frequencies in a narrow frequency band, i.e., 
increasing the frequency resolution, the performance may improve, particularly for 
measurements that only contain 26 frequencies in the entire spectrum. However, the results in 
P4 indicate that the number of frequencies and the frequency range considered in these 
experiments are robust against noise and should not yield any practical difference.  

The primary advantage of using Cole fitting in the proposed domain to obtain the Cole 
parameters is preventing the use of a model that lacks a theoretical basis and for which 
parameter estimation algorithms are unpublished, i.e., ECM. In addition, simplicity, and 
robustness against strong capacitive coupling may increase. 

6.2.5 Cole fitting to modulus and resistance spectra 
The results of P7 indicate that the modulus and R may also be robust against artefacts, 
although not as robust as G. The feasibility of estimating body fluids by Cole fitting in the 
modulus spectrum was successfully tested in P5. In a similar manner, the feasibility of 
estimating Cole parameters with the resistance spectrum was tested in P3. 

Although further validation is required and the robustness of using the modulus and R spectra 
may be smaller than G, the low sensitivity to errors in R0 and R∞ for estimating body fluids 
may result in no practical difference. The use of the modulus eliminates the need to perform 
phase detection in the acquisition process, simplify the hardware specifications of the 
measurement instrumentation, making it interesting to perform Cole fitting in the modulus 
domain. 

6.3 Estimation of body fluids given resistances at low and high 
frequencies inside the β-dispersion window 

6.3.1 ECF 
The concurrence obtained with fixed constants proposed in (Van Loan et al., 1993) and the 
reference method, i.e., bromide dilution, is similar to the concurrence provided by the Body 
Scout. The difference between their means and the mean of the reference method are 
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statistically significant at P<0.05. However, that threshold is an agreement, and the mean 
differences are likely not clinically significant. The levels of agreement may be considered 
acceptable in most cases. 

Using the method proposed in (Moissl et al., 2006), the results demonstrate a slightly smaller 
coefficient of variance (CV) and correlation than with fixed resistivities but a larger bias that 
is statistically and clinically significant. Inclusion of the BMI does not provide any 
improvement in accuracy or robustness when estimating ECF. 

ECF estimations with fixed constants as the average constants against dilution methods used 
for training with half of the patients also did not improve robustness. The use of population-
specific Ke values is not crucial for estimating ECF. However, such values remove bias, 
providing a very high accuracy. 

No improvement in the agreement with reference methods, including BMI, α, R1, and gender, 
is evident considering only a fixed constant, i.e., the mean value obtained by regression 
compared with the training measurement. The P-value decreased, possibly due to overfitting. 

In each case, the correlation between the EBIS methods and bromide dilution is 0.93 or 0.92, 
the CV is approximately three (compared with a mean estimation of approximately 18 l), and 
the bias is small unless the method proposed in (Moissl et al., 2006) is used.  

The results do not prove that ECF estimation is dependent on geometrical factors, i.e., neither 
gender nor BMI correction improves accuracy or robustness. Neither α nor R1 correct for 
anisotropy or heterogeneity (even partially). Thus, the main error in the estimation of ECF can 
be attributed to anisotropy, heterogeneity, and model applicability. Currently, these levels of 
agreement cannot be significantly increased. Thus, before applying EBIS to estimate body 
fluids, whether limitations in robustness can be assumed must be determined. This statement 
must be applied with caution because the test is performed with more than 344 measurements 
from 170 patients receiving GHRT; although this sample is significant, additional trials are 
needed. 

6.3.2 TBF 
The results from applying (41) with ρ∞ obtained by (43), i.e., as implemented in the Xytron 
4200 spectrometer, where ρi and ρe are fixed but ρ∞ is individually dependent on the ratio 
R0:R∞, exhibit an agreement with the reference method, i.e., tritium dilution, which provide a 
small bias and slightly larger CV than estimations provided by the Body Scout spectrometer. 
Both sets of measurements demonstrate reasonable accuracy with means that are not 
significantly different from that of the reference method; however, the P-value obtained by 
the Body Scout estimations is substantially larger. 

By utilising the fixed value for the ρ∞ proposed in (Jaffrin et al., 2006), the CV is slightly 
smaller than using (43); however, the bias is statistically and clinically significant. This 
method is not appropriate because ρ∞ should be dependent on the ratio R0:R∞ as a correction 
for the ratio ECF:ICF, which cannot be considered fixed. 

Regarding the estimation of TBF, optimal results were achieved when considering 
population-specific constants obtained by the regression methods compared with the sets of 
measurements considered. The robustness improved significantly, and the correlation 
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increased slightly. When Kt was a function of BMI or dependent on R∞:R0, gender, age, α, and 
R1, the results did not improve from using a fixed averaged Kt. However, the need to correct 
for the ECF:ICF ratio when not using population-specific constants was proven.  

In every case, the correlation between the EBIS methods and tritium dilution is 0.96 or 0.97, 
the CV is between 4.5 and 6 (compared with a mean estimation of 40 l), and the bias is minor, 
with the exception of the method proposed by Jaffrin et al. The agreement with the reference 
methods is generally greater than in the ECF case, likely because anisotropy is extremely 
small at high frequencies. The results demonstrate the possibility of correcting errors due to 
fluid balance but not due to the uncertainty in ρi. 

6.3.3 ICF 
The method proposed in (De Lorenzo A et al., 1997) does not correspond with the reference 
method. The agreement improves when the method proposed by (Moissl et al., 2006) is 
employed, although the method disagrees with Hanai’s mixture theory, as explained above. 
The robustness and accuracy significantly improve by obtaining ICF as TBF-ECF, which are 
both estimated with the methods proposed in section 5.4.1; this finding demonstrates the 
suitability of this method. 

By considering the constants proposed in (Moissl et al., 2006) obtained by regression over 
healthy people and dialysis patients, the dependence of ICF on the BMI is considerably higher 
than in the case of ECF, indicating that the BMI correction corresponds better with ρi and the 
body fluid ratio than the geometry factor. 

In each case, the correlation between the EBIS methods and dilution methods is 
approximately 0.93, the CV is slightly above four (compared with a mean estimation of 
approximately 21 l), and the bias is small, with the exception of the method proposed by (De 
Lorenzo A et al., 1997). The agreement among the reference methods is slightly lower than in 
the ECF case because it sums the errors of ECF and TBF. 

6.4 General conclusions 

Measurements affected by capacitive leakage can be corrected according to the simplified 
model proposed in P1. Because this correction is an alternative to the ECM, it can be 
corrected in an analogous manner using the correction function of (55). 

The feasibility and suitability of estimating body fluids using the conductance in the 
frequency range of 10–500 kHz was proven. Although the results do not exhibit significant 
improvements compared with the current method, i.e., the ECM fitting implemented in the 
software of most EBIS spectrometers, the main advantage of the proposed method is the 
elimination of the model that lacks a theoretical basis and for which parameter estimation 
algorithms remain unpublished. In addition, simplicity and robustness against strong 
capacitive coupling may be increased, which must be proven in future research. 

Modulus, conductance, and medium frequencies are the most robust parts of the immittance 
spectrum in EBIS measurements; these parameters must be considered when extracting 
information about these measurements for any application. 
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It is hypothesized that the error in ECF may be attributed to anisotropy and heterogeneity. The 
error in TBF may be attributed to the uncertainty of ρ∞, which is due to the uncertainty in the 
TBF:ECF ratio and ρi. The error in ICF is due to the addition of errors in ECF and TBF. The 
uncertainty in the ratio TBF:ECF can be minimised, although such minimisation is difficult in 
the cases of ρi or anisotropy and heterogeneity. 

The results did not prove that an error is produced by the variability in the geometrical factor 
and the convenience of correcting for gender or BMI. The results did not prove whether R1 
and α can partially correct for error due to anisotropy and heterogeneity. 

Anisotropy, heterogeneity, and the uncertainty in ρi may place limits on the robustnesss of the 
EBIS method. 

6.5 Answers to research questions 

RQ 1—Is there a grounded alternative to the ECM that can correct EBIS 
measurements affected by capacitive leakage? 

Yes, the correction function is expressed in (55). 

RQ 2—How do stray capacitances and large values of Zeps affect EBIS measurements? 

They taint the measurements. However, medium frequencies, the modulus, and G are more 
robust in their effect.  

RQ 3—Is any domain particularly robust against EBIS measurement artefacts? If so, can 
body fluids be estimated using only that domain? 

Yes, G between 10 and 500 kHz is particularly robust, and body fluids can be estimated by 
using only that part of the spectrum. 

RQ 4—Can the estimation of body fluids be improved after resistances at low and high 
frequencies are obtained? Errors can be introduced by the anisotropy and heterogeneity of the 
body and by uncertainties in the geometrical model of the body, fluid balance, and resistivities.  

It is hypothesised that the error introduced in the estimation of ECF by anisotropy and 
heterogeneity cannot be corrected or minimised but may be assumed depending on the 
application. This error is not likely significant in TBF. 

It is not clear that the uncertainty in the geometrical factor significantly hinders body fluid 
estimation. 

The uncertainty in fluid balance appears to be corrected (at least partially) with respect to the 
constants in the ratio R0:R∞. Rationally deducting BMI, gender, and age should also correct 
for the fluid imbalance, but this ability cannot be proven by the results of this thesis.  

Uncertainty in ρe is minor and does not hinder the estimation of body fluids. Although ρi 
hinders the estimations of TBF and ICF, no parameter has proven effective for correcting for 
it; this error must be assumed. 
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6.6 Future research 

The sole use of a modulus simplifies the implementation of EBI spectrometers. As the 
modulus also appears to be robust against capacitive coupling, its use may also be feasible. Its 
feasibility was tested in (Buendia et al., 2011) with positive results. However, further research 
is required. 

An alternative to these methods is the use of artificial neural networks (ANNs) to relate the 
different parameters involved in the estimation of fluid volume. 

The application of principal component analysis (PCA) to body fluid estimation using EBIS 
measurements is another potential alternative. This approach was already tested in 
(Birgersson, 2004) to estimate glucose levels in blood using skin EBIS data. The different 
spectra should be individually employed, and the robustness against measurement artefacts 
should be considered. 
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produce errors in the estimation of the Cole parameters is also demonstrated. 

Paper 7 
Rubén Buendía, Fernando Seoane, Ingvar Bosaeus, Roberto Gil-Pita, Gudmundur 
Johannsson, Lars Ellegård, Kaj Lindecrantz. Robust approach against capacitive coupling for 
estimating body fluids from clinical bioimpedance spectroscopy measurements. 
(2013). Submitted to Physiological Measurements, IOP. 
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designed. The influence of the parasitic effects in the different spectra of the immittance was 
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domains was obtained. Based on this analysis, a conductance spectrum between 10 and 500 
kHz was proposed as the most robust way to estimate body fluids. Body fluid estimations 
using the Cole parameters obtained by Cole fitting in that domain were validated against 
dilution methods. The results provide the same accuracy and robustness as results provided by 
a commercial EBI spectrometer. 
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P2, P4, and P5 are validated as robust approaches against capacitance coupled measurement 
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Abstract

Often when performing electrical bioimpedance (EBI) spectroscopy measurements, the
obtained EBI data present a hook-like deviation, which is most noticeable at high frequencies
in the impedance plane. The deviation is due to a capacitive leakage effect caused by the
presence of stray capacitances. In addition to the data deviation being remarkably noticeable
at high frequencies in the phase and the reactance spectra, the measured EBI is also altered in
the resistance and the modulus. If this EBI data deviation is not properly removed, it interferes
with subsequent data analysis processes, especially with Cole model-based analyses. In other
words, to perform any accurate analysis of the EBI spectroscopy data, the hook deviation must
be properly removed. Td compensation is a method used to compensate the hook deviation
present in EBI data; it consists of multiplying the obtained spectrum, Zmeas(ω), by a complex
exponential in the form of exp(–jωTd). Although the method is well known and accepted, Td
compensation cannot entirely correct the hook-like deviation; moreover, it lacks solid
scientific grounds. In this work, the Td compensation method is revisited, and it is shown that
it should not be used to correct the effect of a capacitive leakage; furthermore, a more
developed approach for correcting the hook deviation caused by the capacitive leakage is
proposed. The method includes a novel correcting expression and a process for selecting the
proper values of expressions that are complex and frequency dependent. The correctness of
the novel method is validated with the experimental data obtained from measurements from
three different EBI applications. The obtained results confirm the sufficiency and feasibility of
the correcting method.

Keywords: electrical bioimpedance spectroscopy, capacitive leakage, artifact removal

(Some figures in this article are in colour only in the electronic version)

1. Introduction

Electrical bioimpedance (EBI) spectroscopy is a typical
approach currently employed in several applications of EBI
analysis, such as total body composition assessment (Moissl

et al 2006), electronic biopsies of skin tissue (Aberg et al
2004, 2005) and detection of pulmonary edema (Beckmann
et al 2007).

To perform any useful data analyses, in addition to
using an appropriate analysis method, the data should be
free from interferences or artifacts. It is rather common to
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obtain EBI measurements that are affected by the capacitive
leakage caused by parasitic capacitances in parallel with the
measurement load (Bolton et al 1998, Mirtaheri et al 2007).
The presence of such stray parasitic capacitances creates a
characteristic EBI data deviation that is especially noticeable at
high frequencies (Bolton et al 1998, Buendia 2009, Scharfetter
et al 1998, van Marken Lichtenbelt et al 1994). Such a
deviation is a capacitive leakage effect and is commonly known
as hook or tail effect because it reassembles a hook when the
impedance spectrum is presented on an impedance plot.

Originally, the capacitive leakage effect was ascribed to
time delays associated with the measurement leads, and this
premise was used as the basis for schemes to compensate for
and remove the deviation (De Lorenzo et al 1997). However,
according to several authors (Bolton et al 1998, Buendia
2009, Scharfetter et al 1998), the origin of the aforementioned
hook-like deviation is related to parasitic stray capacitances.
While differences on time delays only modify the phase,
leaving the magnitude of the impedance unaltered, capacitive
leakage affects both the real and the imaginary parts of the
impedance, i.e. the whole complex EBI is altered—both the
phase and the modulus. It is precisely the deviation observed
in the modulus of the impedance measurement that points to
capacitive leakage rather than time delay as the origin of the
hook-like data deviation (Bolton et al 1998, Scharfetter et al
1998).

Although capacitive leakage modifies the impedance
spectra more noticeably at high frequencies, the deviation of
the complex EBI data is present at any ac frequency. This
deviation in the EBI data interferes in any post hoc EBI data
analysis, especially when a Cole-based analysis is required
and when corrupted data that contain contributions from two
dominant dispersions are attempted to be fitted into a single
dispersion system, namely the Cole function (Cole 1940).

Currently, despite its limitations, the method of choice
for correcting the influence of the capacitive leakage effect
on EBI data is the so-called Td compensation (De Lorenzo
et al 1997), which consists of fitting the EBI data to the Cole
extended model (Scharfetter et al 1998). In this work, we wish
to confirm the hypothesis postulated by Bolton et al (1998)
and Scharfetter et al (1998) that the origin of the hook-like
deviation in the EBI data is due to capacitive leakage and to
present a solid method for correcting the measurement artifact
that clearly overcomes the limitations of the Td compensation.

2. Materials and methods

2.1. Theoretical and experimental validation

To lay the foundation to obtain the right analytical
solution for compensating or even canceling completely the
influence of capacitive leakage on EBI measurements, a
theoretical analysis of the effect of capacitive leakage on
EBI measurements has been performed on a well-spread
and accepted equivalent model with the software packages
Mathematica and Matlab. The impedance load of the tissue
under study (TUS) used in the equivalent model was modeled
with a Cole function with values R0 = 449.6 �, R∞ = 296.7 �,

Table 1. Electrode placement for the EBI measurements.

I+ V+ V− I− Measurement type

A B C D Right side
E F G H Segmental trunk
I J K L Segmental arm

τ = 5.27 × 10−6 s and α = 0.7. The Cole function was
introduced by K S Cole in 1940 to fit EBI measurements,
and it uses four parameters to reproduce EBI data on a
single dispersion (Schwan 1957). The expression for the
Cole function is represented in equation (1), where R0 is the
resistance at zero frequency, R∞ is the resistance at infinite
frequency, τ is the time constant associated with the natural
characteristic frequency, τ = (ωC)−1, and α is a factor to
account for the difference in electrically polarizable elements
constituting the TUS.

ZCOLE = R∞ +
R0 − R∞
1 + (jωτ)α

(1)

To experimentally validate the correctness of the
proposed correcting method, experimental EBI measurements
containing the well-known hook-like deviation at high
frequencies have been corrected in Matlab with the proposed
method.

2.2. EBI measurements

To validate the proposed correcting method, tetrapolar EBI
measurements for body composition analysis (BCA) were
taken from healthy subjects. The complex EBI measurements
were obtained over the frequency range 3.096–1000 kHz with
an SFB7 spectrometer manufactured by Impedimed using a
measurement current with a constant rms amplitude of 200 μA.
The SFB7 estimates the impedance of the TUS by sensing the
voltage drop in the load caused by the injected current together
with the actual current produced by the current source. In
this way, measurement errors caused by the limitations of the
current source, such as finite output impedance or frequency
dependence of the output, are avoided.

The electrodes used for the EBI measurements
were typical Ag/AgCl repositionable Red Dot electrodes
manufactured by 3M and were placed in typical locations
for total right side, trunk segmental and arm segmental
measurements, as shown in figure 1 and table 1.

2.2.1. Total body right side. A total of 30 EBI measurements
were taken using the standard placement of electrodes on the
hand, wrist, ankle and foot (points A, B, C and D in the figure)
as shown in figure 1 (Kyle et al 2004). The test subject was a
24 year old male who was 185 cm tall and weighed 82 kg.

2.2.2. Segmental trunk. A total of 100 EBI measurements
were obtained with a tetrapolar electrode placement, as shown
in figure 1. The test subject was a 24 year old male who was
173 cm tall and weighed 79 kg.

2.2.3. Segmental arm. A total of 100 EBI measurements
were obtained with a tetrapolar wrist-to-shoulder electrode

2
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Figure 1. Diagram indicating the three tetrapolar electrode
placements used for each of the performed EBI measurements.

Figure 2. Model of study.

placement, as shown in figure 1. The test subject was a
24 year old male who was 173 cm tall and weighed 79 kg.

3. Analysis

3.1. Capacitive leakage model analysis

Simplifying the equivalent models for EBI measurements
proposed by Scharfetter et al (1998) for the impedance and
by Mirtaheri et al (2004) for the admittance, it is possible
to obtain a simple equivalent electrical model (Buendia et al
2010). The obtained model is just a capacitive current divider,
as shown in figure 2.

3.2. Hook-like artifact: origin and deviation of the EBI
spectrum

According to the equivalent models proposed in Scharfetter
et al (1998), Ivorra (2005), Mirtaheri et al (2007) and
Mirtaheri et al (2004), and the model depicted in figure 2,

the electrical current intended for stimulating the measurement
object, the TUS in this case, leaks away from the measurement
load through parallel electrical pathways caused by parasitic
capacitances. Such a current leakage introduces an impedance
estimation error that is frequency dependent (Buendia et al
2010). Note that from figure 2 and equation (2), it is easy to
realize that as long as there is an alternative parasitic pathway,
part of the measurement current Imeas(ω) will not flow through
ZTUS(ω). Therefore, the actual stimulating current ITUS(ω)
will be smaller than the intended sensed current Imeas(ω).
Thus, when applying Ohm’s law to the sensed voltage Vmeas(ω)
that is caused by ITUS(ω) and not by the sensed Imeas(ω), the
impedance ZTUS(ω) will be underestimated.

Zmeas(ω) = Vmeas(ω)

Imeas(ω)
= ITUS(ω) · ZTUS(ω)

ITUS(ω) + Ileak(ω)
(2)

The impedance estimation error caused by capacitive
leakage depends on the amount of current that leaks away
through the parasitic pathways Ileak(ω). Because Ileak(ω) flows
through capacitive pathways, the value of Ileak(ω) increases
with frequency, and consequently the estimation error is larger
at higher frequencies than at lower frequencies. The frequency
dependence of the estimation error depends on the impedance
values of the branches of the capacitive current divider, which
are dependent on the specific EBI application and the parasitic
capacitances present in a specific measurement setup.

As shown in figure 3, the resulting impedance estimation
error produces a deviation in the complex impedance spectrum.
Although the deviation is especially noticeable in the spectra
of both the reactance and phase at high frequencies, the
produced deviation actually affects the EBI spectrum at all
ac frequencies, altering both the real and imaginary parts of
the EBI spectrum. This result means that both the modulus
and phase of the EBI spectra are affected.

3.3. Td compensation

Td compensation is a well-known approach used for more
than a decade for correcting the hook effect that consists
of multiplying the measured EBI spectra by a complex
exponential in the form of exp(–jωTd). The Td term is
considered to be a time delay.

Scharfetter et al (1998) and Buendia et al (2010) showed
that multiplying any complex EBI spectrum by exp(–jωTd)
with a Td term only modifies the phase. Therefore, such an
approach can only compensate for a deviation occurring in
the phase and is completely unable to compensate for any
estimation error produced over the modulus of the impedance.
Bolton et al suggested in 1998 that the Td compensation
method applied in the form of a complex exponential like
exp(–jωTd) was not the proper manner to correct the observed
high-frequency data deviation (Bolton et al 1998). In that
work, Bolton et al proposed a slightly more developed version
of the Td compensation method, as can be observed in
equation (3), the term Td remains, but the complex exponential
disappears.

ZCorr(ω) = Zmeas(ω)

(
1

1 + jωTd

)
(3)
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Figure 3. EBI data plotted in the impedance plane, from 3.096 to 1000 kHz, exhibiting a remarkable hook-like artifact.

3.4. Full correction

Analyzing the model presented in figure 2, one can show that
to completely correct the impedance estimation error caused
by the capacitive leakage with Td compensation, the value of
Td in the complex exponential exp(–jωTd) should be complex
and a function of the frequency instead of just a single scalar. A
newly developed method is proposed together with a procedure
to obtain the values of the correction function (Buendia et al
2010).

4. Proposed method

The theoretical analysis of the Td compensation indicates
that a full correction of the capacitive leakage effect can be
achieved only if the measurement is multiplied by a complex
exponential in the form exp(–jωTD(ω)), where TD(ω) is a
complex function of frequency. Note that the nomenclature
TD(ω) has been chosen to support the explanation, facilitating
comparison with the expressions for Td compensation and
equation (3). As shown in equation (4), the obtained analytical
expression is a logarithmic function and depends on both the
measured impedance Zmeas(ω) and the value of the parasitic
capacitance CPAR. Developing the correcting expression in
equation (5) further and with an efficient methodology for
estimating the parasitic capacitance contained in the EBI
measurements, a new artifact-removal method is introduced
below to fully correct the EBI measurements contaminated
with capacitive leakage effects.

4.1. Correction function

Substituting equation (4) in exp(–jωTD(ω)) cancels the
complex exponential, leaving the correcting expression in
equation (5). The obtained correcting expression is very
similar to the expression proposed by Bolton et al (1998).
The only difference in equation (5) is that Td is replaced by
a complex function dependent on the measured impedance
Zmeas(ω) and an estimated parasitic capacitance CPAR instead
of taking the value of a single scalar as in equation (3).

TD(ω) = Log
[
1 − jωZmeas(ω)CPAR

]
jω

(4)

ZCorr(ω) = Zmeas(ω)
1

1 − jωZmeas(ω)CPAR
(5)

4.2. Parasitic capacitance estimation

The electrical susceptance of a single dispersion system like
any Cole-modeled tissue decreases toward zero after reaching
its maximum value in a similar manner as the reactance
does. When there is a capacitance in parallel with the
TUS, the susceptance will increase instead of decreasing
with frequency; see figure 4. At frequencies where the
susceptance of the TUS can be neglected, the increase of
the susceptance with frequency will be set by the value of
the parallel capacitance. The susceptance spectrum will then
exhibit a slope that can be used to estimate the value of the
capacitance, as indicated in figure 4.

5. Validation results

5.1. Theoretical validation of the proposed correcting
approach

Figure 5 shows the correction effect caused by applying the
correcting expression in equation (5) to Zmeas(ω) calculated
with the model from figure 2 for a Cole-based impedance
obtained with equation (1) and a parasitic capacitance of
50 pF. In the plots, especially in the reactance plot in
figure 5(B), it can be observed how the hook deviation is
completely removed to obtain ZCorr(ω) identical to the original
Zmeas(ω).

5.2. Experimental validation of the approach

The EBI spectroscopy measurements taken in the frequency
range between 3.096 kHz and 1000 kHz containing capacitive
leakage artifacts have been processed with the proposed
artifact-removal method. The corrected results and the
estimated parasitic capacitance are presented in the following
sections.

5.2.1. Right side measurements. The plots in figures 6(A)–
(C) contain the immittance data from one of the 30
EBI measurements obtained with the right side electrode
placement. The experimental data are plotted with circular
markers, and the corrected data are plotted with asterisks. The
hook deviation is more noticeable in the reactance and the
susceptance spectra in figures 6(B) and (C), respectively. It
can be seen from the plots that after the correction, the hook
deviation has disappeared, leaving a typical single dominant

4
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Figure 4. Susceptance of a wrist-to-ankle measurement with and without a 50 pF capacitance in parallel. The immittance is modeled as a
typical Cole single dominant dispersion.

(A) (B)

Figure 5. Correction effect of FCorr(ω) over Zmeas(ω) with CPAR of 50 pF.

dispersion. In figure 6(D), the parasitic capacitance estimated
by the proposed correction method for all 30 measurements
is plotted. As indicated in figure 6(D), the average estimated
value for the parasitic capacitance was 40.94 pF with a standard
deviation of only 1.9 pF.

5.2.2. Segmental arm measurements. The plots in
figures 7(A)–(C) contain the immittance data from one of
the 100 EBI measurements obtained with the segmental arm
electrode placement. The experimental and the corrected data
are plotted with circular and asterisk markers, respectively.
The capacitive leakage effect is noticeable in the impedance
plot in figure 7(A), but the hook-like deviation can be
clearly noticed in the reactance and the susceptance spectra
in figures 7(B) and (C), respectively. Once again, it is possible
to observe in all three impedance and spectral plots that
after the correction, the hook-like deviation has completely
disappeared, leaving a typical single dominant dispersion.
Figure 7(D) plots the parasitic capacitance estimated by the
proposed correction method for the 100 measurements. As

indicated in figure 7(D), the average estimated value for the
parasitic capacitance was 120.29 pF with a standard deviation
of only 1.9 pF.

5.2.3. Segmental trunk measurements. The plots in
figures 8(A)–(C) contain the immittance data from one of
the 100 EBI measurements obtained with the segmental trunk
electrode placement. The experimental data are plotted with
circular markers and the corrected data with asterisks. The
hook-like deviation is easy to identify in all three plots: the
impedance plot in figure 8(A), the reactance spectrum in
figure 8(B) and the susceptance spectrum in figure 8(C). After
the correction, it is possible to observe that the hook deviation
has disappeared in all three plots. The corrected data represent
a typical single dominant dispersion system. In figure 8(D),
the parasitic capacitance estimated by the proposed correction
method for all the measurements is plotted. As indicated
in figure 8(D), the average value for the estimated parasitic
capacitance was 683.23 pF with a standard deviation of only
26.08 pF.
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Mean= 40.94 pF 
SD =         1.9 pF

(A) (B)

(C) (D)

Figure 6. Experimental results obtained from the right side EBI measurements. Note that the mean and standard deviation values for the
estimated capacitance are annotated in (D).

Mean= 120.29 pF 
SD =           1.9 pF 

(A) (B)

(C) (D)

Figure 7. Experimental results obtained from the segmental arm EBI measurements. Note that the mean and standard deviation values for
the estimated capacitance are annotated in (D).
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Mean= 683.23 pF
SD =    ±26.08 pF

(A)

(B)

(C) (D )

Figure 8. Experimental results obtained from the segmental trunk EBI measurements. Note that the mean and standard deviation values for
the estimated capacitance are annotated in (D).

6. Discussion and conclusion

The experimental results shown here and the theoretical
validation presented in Buendia (2009) and Buendia et al
(2010) confirm that the proposed correcting method eliminates
the hook-like deviation from the complex EBI data, correcting
the effects of the capacitive leakage created by parasitic
capacitances. The analysis presented here confirms that
capacitive leakage alters all the EBI data—both the modulus
and the phase of the EBI spectroscopy measurement—as
previously reported by several authors (Bolton et al 1998,
Buendia 2009, Buendia et al 2010, Scharfetter et al 1998). The
experimental results presented here show that the proposed
method completely corrects the data deviation observed in
the complex impedance—both in the modulus and the phase.
In this way, the mathematical intrinsic limitation of the Td
compensation that prevents it from properly correcting the
deviation is overcome.

This work confirms the idea proposed by Bolton et al
(1998) that multiplying the measurements by a complex
exponential with real scalar value, as is done with Td
compensation, cannot correct the deviation observed in the
EBI measurements. In this work, together with the theoretical
validation presented in Buendia et al (2010), we have
shown that for the Td compensation method presented in De
Lorenzo et al (1997) to fully compensate the effects caused
by capacitive leakage, Td must be complex and frequency
dependent. When substituting Td by the proper expression in

the complex exponential, the exponent disappears, leaving a
correcting expression similar to the one proposed in Bolton
et al (1998). The main difference between Bolton’s correcting
expression and the method proposed here is that the term Td
is not just a real value but a complex function of frequency
instead. This difference in the Td term from scalar to complex
frequency function is the difference between compensation
and correction.

A fundamental issue to address when evaluating the
validity of the presented correction method is the origin of
the data deviation observed at high frequencies. Two valid
hypotheses have been formulated. One is that the data
deviation results from the difference in time delays associated
with the measurement channels, which is the basis of Td
compensation. The other is that the data deviation results from
capacitive leakage through parasitic capacitances associated
with the measurement setup. Experimentally, the time delay
difference hypothesis is unable to account for the deviation
observed in the modulus of the impedance (Scharfetter et al
1998), while the capacitive leakage hypothesis is able to
justify the deviation observed in both the modulus and the
phase (Bolton et al 1998, Buendia 2009, Buendia et al 2010).
From the theoretical point of view and to the knowledge of
the authors, not a single electrical model has been proposed
to validate the time delay difference theory as the source of
the EBI data deviation observed at high frequencies. On the
other hand, the presence of stray parasitic capacitances in EBI
measurements setups is widely accepted and several authors,

7
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through simulations, mathematical modeling and experimental
tests, have proposed such a parasitic capacitance as the source
of the aforementioned EBI data deviation (Bolton et al 1998,
Buendia 2009, Buendia et al 2010, Scharfetter et al 1998).

In any case, Td compensation has been used to
compensate the high-frequency deviation for more than a
decade because it does compensate in an effective manner,
according to Scharfetter et al (1998). For pragmatic purposes
and when planning on performing a post hoc Cole model-based
analysis, the data compensation obtained by Td might be good
enough. The main risk of using a single scalar value for Td
is that full correction of the phase can only be achieved at a
single frequency; above that frequency the phase data become
overcompensated. Such overcompensation can influence
post hoc Cole fitting procedures, especially when the fitting is
done on the impedance plane, therefore producing incorrect
estimations of the Cole parameters.

An important difference between the approach proposed
in this work and the previous methods presented in De Lorenzo
et al (1997) and Bolton et al (1998) is that the previous
methods lack any procedure to select the value for the scalar Td
that would compensate for the observed deviation in the EBI
data. In this paper, in addition to the correcting expression
presented in equation (5), a procedure to select the values
of such an expression has been presented and successfully
validated. From the practical point of view, it is precisely
this procedure that makes the proposed method of correction
especially significant for EBI measurement applications.

The main limitation of the proposed method resides in
the difficult task of estimating the parasitic capacitance from
the measured susceptance, which requires performing EBI
measurements up to very high frequencies; theoretically the
best estimation is done with measurements up to ∞. For single
dominant dispersion systems, measuring up to frequencies
above the main dispersion works very well. As long as an
increasing slope can be detected on the susceptance spectrum,
the estimation can be properly done. In this manner, when
measuring immittance of biological tissue with more than
a single dominant dispersion, as long as the measurement
frequency range is wide enough to characterize the dominant
dispersions, it should be possible to identify the increasing
slope from the measured susceptance caused by prospective
parasitic capacitances. In any case, this issue should be
properly addressed to identify which EBI applications can
benefit from the proposed correcting method.

Another limitation regarding the estimation of the
parasitic capacitance from the measured susceptance is the
fact that although the measurements may be influenced by
capacitive leakage, which increases the susceptance spectrum
at high frequencies, such an influence might not be enough to
create an identifiable slope in the measured frequency range.
In this case, it could be argued that the data deviation is so small
that it would not affect any further data analysis, or perhaps it
could be desirable to follow the recommendation of Scharfetter
to not trust EBI measurements above a certain frequency, e.g.
500 kHz (Scharfetter et al 1998). Note that the latter approach

is only recommended when the influence of the capacitive
leakage is insignificant; otherwise, the truncated impedance
data will still contain deviations at lower frequencies. Another
valid approach would be to make an iterative fitting of the
obtained complex EBI data to a modified extended Cole model
containing the correcting expression proposed in equation (5).
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Abstract— Several applications of Electrical 
Bioimpedance (EBI) make use of Cole parameters as base of 
their analysis, therefore Cole parameters estimation has 
become a very common practice within Multifrequency- and 
EBI spectroscopy. EBI measurements are very often 
contaminated with the influence of parasitic capacitances, 
which contributes to cause a hook-alike measurement 
artifact at high frequencies in the EBI obtained data.  

Such measurement artifacts might cause wrong 
estimations of the Cole parameters, contaminating the whole 
analysis process and leading to wrong conclusions. In this 
work, a new approach to estimate the Cole parameters from 
the real part of the admittance, i.e. the conductance, is 
presented and its performance is compared with the results 
produced with the traditional fitting of complex impedance 
to a depressed semi-circle. The obtained results prove that is 
feasible to obtain the full Cole equation from only the 
conductance data and also that the estimation process is safe 
from the influence capacitive leakage. 

I. INTRODUCTION 
ince the introduction of the Cole function (1) by K.S 
Cole in 1940, the function and its parameters have 

been widely used for data representation as well as 
analysis of spectroscopy and Multi-frequency impedance 
measurements on Electrical Bioimpedance (EBI) 
applications, like assessing on tissue contents or tissue 
status. 

From the early applications of EBI spectroscopy 
(EBIS) to body composition analysis (BCA) already in 
1992 [1], the use of EBIS has proliferated to the 
application areas of tissue characterization like skin 
cancer detection [2]. EBIS has not only proliferated to 
other areas but it has deep-rooted into BCA applications, 
especially through the analysis of the Cole parameters [3]. 
Therefore Cole parameters estimation from EBI spectral 
measurements have became a common practice in EBIS 
applications. 

The presence of parasitic capacitances when 
performing EBI measurements is common [4, 5] and may 
influence notably the obtained EBI data, especially when 

 
Manuscript received March 30th, 2010.  
R. Buendia is with the School of Engineering at the University of 

Borås and the Department of Theory of the Signal and Communications 
at the University of Alcalá, (e-mail: ruben.buendia@hb.se). 

F. Seoane is with the School of Engineering at the University of 
Borås. Allégatan 1, Borås, Sweden SE-501 90. (tel:+46334354414), e-
mail: fernando.seoane@hb.se). 

R. Gil-Pita is with the Department of Theory of the Signal and 
Communications at the University of Alcalá, Ctra Madrid-Barcelona Km 
32, Alcalá, Spain ES-28871. (e-mail: roberto.gil@uah.es). 

using textile-electrodes. A typical measurement artifact 
caused by the parasitic capacitance is a hook-alike 
deviation in the EBI spectral data at high frequencies [4]. 
When an EBI measurement is contaminated with a 
parasitic capacitance, the measurement will contain a new 
frequency dispersion that shifts the dominant and intrinsic 
dispersion of the biological tissue towards the dispersion 
of the parasitic capacitance. Such deviation in the spectral 
EBI data influences the Cole parameter estimation process 
and might mislead the results of the EBI analysis. 

Several methods for compensating [3], correcting [6] or 
minimizing [4] the effect of the afore-mentioned parasitic 
capacitances on the analysis of EBI data have been 
reported.  

In this work, an original approach for Cole parameter 
estimation, with the intrinsic benefit of avoiding the 
influence of the Hook Effect, is presented. The method 
proposed makes use of the Cole fitting approach recently 
introduced by Ayllón in [7] applying it on the real part of 
the Admittance, the conductance. 

II. METHODS 
Test EBI data have been obtained from an 

experimentally-based Cole model with added 
measurement noise. In order to extract the Cole 
parameters, two different Cole fitting methods have been 
applied on the obtained data, one of the methods based on 
the conductance and for comparative purposes, a second 
one based on the complex impedance and semi-circular 
fitting [8]. The fittings obtained on the impedance plane 
and Cole parameters estimated from the fittings have been 
compared with the values originally used to generate the 
test EBI data. 

A. Cole Equation 
In 1940 Cole [9], introduced a mathematical equation 

that fitted the experimentally obtained EBI measurements 
(1). This equation is not only commonly used to represent 
but also to analyze the EBI data. The analysis is based on 
the four parameters contained in the Cole equation R0, 
R∞, α and τ, i.e. the inverse of characteristic natural 
frequency ωc. 

ZCOLE (ω ) = R∞ +
R0 − R∞

1+ ( jωτ )α   (1) 
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The value generated by the Cole equation is a complex 
value containing resistance and reactance. ZCOLE(ω) is 
non-linear on the frequency domain and it generates a 
suppressed semi-circle when plotted in the impedance 
plane. 

B. Cole Equation in Admittance 
Since the admittance is the mathematically inverse of 

the impedance Y=Z-1, inverting (1) and equalizing Y0 with 
(R0)-1and Y∞ with (R∞)-1the Cole function in admittance 
form YCOLE(ω) is  obtained (2). 

YCOLE (ω) = Y0 +
Y∞ −Y0

1+ Y∞

Y0

j ω
ωc

⎛
⎝⎜

⎞
⎠⎟

−α

 (2) 

Applying jα= cos(απ/2)+jsin(απ/2) being j = (-1)½ on 
(2) it is possible to decompose YCOLE(ω) in its real and 
imaginary parts obtaining the conductance G(ω) in (3).  

GCOLE (ω ) = Y0 +
Y∞ −Y0( ) 1+ Y∞

Y0

(ωτ )−α cos απ
2( )⎛

⎝⎜
⎞
⎠⎟

1+ Y∞
2

Y0
2 (ωτ )−2α + 2 Y∞

Y0

(ωτ )−α cos απ
2( )

 (3) 

The equation given in (3) can be used to fit the real part 
of the inverse of the impedance generated and this way 
the Cole parameters can be estimated in an analogous 
manner to [7]. 

C. Non-Linear Least Squares Fitting 
This method obtains the best coefficients for a given 

model that fits the curve, the method aims at minimizing 
the summed squared of the error between the data point 
and the fitted model (4). 

2

1 1

2 )(minmin∑ ∑
= =

−=
N

i

N

i
iii yye   (4) 

Where N is the number of data points included in the 
fitting. 

This method is implemented in Matlab® directly with 
the function  fit and the option Non Linear Least Squares 
that fits the generated data as to a non-linear real 
parametric model with coefficients, using the natural 
frequency ω as independent variable. In our case the 
model used is GCOLE(ω) given in (3) and the model 
coefficients are Y0, Y∞, τ and α. 

D. Noise model and Data Generation 
To simulate the data, a Cole function with Cole 

parameters extracted from a wrist-to-ankle 4-electrode 
EBI experimental measurement has been implemented. 
The values used for the Cole parameters are as follows: 
R0 = 750, R∞ = 560, α = 0.68 and τ = 3.55x10-6. EBI data 

have been generated with and without parasitic 
capacitance, Cpar, simulating the presence of a parasitic 
capacitance as shown in Fig. 1. 

 The 100 impedance spectra have been created with 
values of frequency spaced logarithmically as suggested 
in [3]. 

From 100 wrist-to-ankle measurements of complex 
EBI, measurement noise has been characterized obtaining 
the mean, Standard Deviation and the spectral 
components. The EBI measurements were performed with 
the 4-electrode method using the SFB7 impedance 
spectrometer manufactured by Impedimed. Using the 
characteristics of the measurement noise, synthetic noise 
has been generated and added to the simulated EBI data. 

E.  Cole Parameter Estimation Performance Analysis 
The performance of the two applied methods has been 

assessed by studying the Mean Absolute Percentage Error 
(MAPE) produced in the estimation of each Cole 
parameters, as shown in (5).  

100*1

N
x

xx

MAPE

N

n
∑
=

−

=  (5) 

Where x represent the estimated value of the Cole 
parameter under study i.e. Ro, R∞,α, fc and x the 
original value of the parameter under study. N is the total 
number of estimations. 

III. RESULTS 

A. EBI Data Fitting 
Fig. 2 contains three different impedance plots. In Fig 

1.A) the resistance spectrum is plotted, and it is possible 
to see the agreement of all in one trace, the crossed trace 
is representing the real part of the Cole function fitted by 
the impedance plane method for a impedance 
contaminated with a capacitance in parallel. 

In Fig. 1.B) and 1.C), reactance spectrum and 
impedance plot respectively, it is possible to observe a 
remarkable deviation on both traces representing the 
impedance contaminated with 15 pF and the curve fitted 
on the impedance plane, solid thick and crossed trace 
respectively.  

In all three plots contained in Fig.1 the fit done on the 

 
Fig. 1 Ztissue Cole based model in parallel with a parasitic capacitance. 
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conductance, dotted trace, matches perfectly the values of 
the original impedance without parasitic capacitance, 
plotted with solid thin trace. Note that since the fitting 
obtained from G(ω) produces the same values 
independently of the presence of parasitic capacitance, 
there is only one trace indicating both fittings produced 
from G(ω). 

The fitting done on the impedance plane, produces a 
perfect match with the original impedance data, 
represented with circular markers and thin solid line 
respectively. 

B. Cole Parameters 
The MAPE obtained from both fitting approaches for 

each of the estimated Cole parameters is listed in Table I. 
The parameters have been estimated from synthetic EBI 

data containing different values of parasitic capacitance, 
ranging from 0 pF to 15 pF. 

Since the fitting in the conductance plane, generates the 
same EBI fitted data independently on the value of Cpar, 
the obtained MAPE is the same and consequently only 
one row is used to report the produced MAPE. 

In Table I it is possible to observe that for the case of 
Cpar = 0 both estimation approaches produce MAPE 
values in the estimation of the Cole parameters that are 
extremely low. 

The influence of Cpar on the estimation method based 
in the fitting on the impedance can be appreciated also in 
the  obtained MAPE values. 

Fig. 3 shows that both fitting methods provide very 
good estimations for the Cole parameters when there is no 
Cpar, and the impedance plane fitting method provide a 
not accurate estimation for Cpar in parallel of 15 pF.  

Fig. 3 shows the actual values for the Cole parameters 
and the corresponding estimated values from conductance 
domain and the impedance plane for EBI data free of 
parasitic capacitance and contaminated with 15 pF. In 
both methods, all estimations done on data free of 
parasitic capacitive effect produce a very accurate 

Fig.3. The estimated Cole parameters from both approaches for EBI 
data free of parasitic capacitance and EBI data contaminated with a 
Cpar of 15pF.

TABLE  I. MAPE OBTAINED FROM BOTH APPROACHES  
FOR ALL FOUR COLE PARAMETERS 

(%) Ro Rinf fc Alpha 

G(ω) fitting 0.04 0.09 0.72 0.04 

Zfitting // 0pF 0.03 0.09 0.48 0.30 

Zfitting // 5pF 0.29 1.51 13.73 3.85 

Zfitting // 10pF 0.55 3.31 31.57 7.62 

Zfitting // 15pF 0.69 5.24 54.98 10.40 
Note: the fc is equal to τ-1, and it represents better the EBI spectra.

Fig. 2. Graphs showing the generated EBI data and the results from the
performed curve fittings on the impedance plane and the conductance
domain. Resistance spectrum plotted in A), Reactance Spectrum in B) and
the impedance plot on C). 

A) 

B)

C)
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estimation. Again, in all 4 graphs contained in Fig. 3, it is 
possible to appreciate that the estimation done on the 
impedance plane for EBI data with parasitic capacitive 
effect present produces highly biased values. 

IV. DISCUSSION 
The results indicate that for immitance data without any 

capacitive parasitic influence both fittings methods 
performed very well producing a very accurate estimation 
of the parameters. This is expected since the EBI data 
presents a single predominant dispersion like the Cole 
function. Unfortunately obtaining artifacts free immitance 
measurements is very unrealistic. 

Once the data contain any deviation caused by a 
parasitic capacitance the performance of the fitting done 
on the impedance plane begins to worsen producing 
wrong estimations of the Cole parameters. This is due to 
the fact that this type of fitting tries to fit data containing 
2 predominant dispersions into a single dispersion model. 
The error in the estimation of R0 is smaller because at low 
frequencies the influence of the parasitic capacitance is 
hardly noticeable. 

On the other hand the fittings and the estimation of the 
Cole parameters from the conductance data is not slightly 
influenced by the presence of a parasitic capacitance. This 
was expected since the parasitic capacitance will modify 
the admittance by adding its value to the imaginary part of 
the admittance, the subsceptance, without modifying the 
real part of the admittance. This leaves a conductance 
with a single predominant dispersion being fitted to the 
real part of the YCOLE. 

V. CONCLUSION 
This paper shows that it is possible to estimate the Cole 

parameters accurately from the conductive part of the 
admittance without the need to measure the imaginary 
part of the electrical bio-admittance. This approach brings 
the same advantages to the immitance measurement 
process than the resistance-based Cole parameter 
estimation presented in [7], but it also benefits from an 
intrinsic mechanism to avoid the influence of the Hook 
Effect. 

This approach suggests that in order to estimate the 
Cole parameters it is only necessary to measure the 
electrical conductance of a biological system. Any 
application of EBI measurements that performs Cole 
model parameters estimation as based of its data analysis 
e.g. body composition assessment for nutritional status 
would benefit from novel approach presented here. Of 
course this can be only applicable in the range of the β-
dispersion and further studies with experimental data must 
be done to find other limits of its applicability.  
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Abstract—The analysis of measurements of Electrical 
Bioimpedance (EBI) is on the increase for performing non-
invasive assessment of health status and monitoring of 
pathophysiological mechanisms. EBI measurements might 
contain measurements artefacts that must be carefully removed 
prior to any further analysis. Cole model-based analysis is often 
selected when analysing EBI data and might lead to miss-
conclusion if it is applied on data contaminated with 
measurement artefacts. The recently proposed Correction 
Function to eliminate the influence of the Hook Effect from 
EBI data and the fitting to the real part of the Cole model to 
extract the Cole parameters have been validated on 
experimental measurements. The obtained results confirm the 
feasible experimental use of these promising pre-processing 
tools that might improve the outcome of EBI applications using 
Cole model-based analysis. 

I. INTRODUCTION 
HE use of Electrical Bioimpedance (EBI) technology for 
non-invasive assessment of health status has proliferated 

during recent years in clinical scenarios [1] as well as in 
personalized health care monitoring [2]. Single frequency 
measurements of EBI have been proven helpful for early 
detection of cardiac decompensation in high-risk patients 
[3].  

Multi-frequency focal measurements of the thorax and 
Electrical Bioimpedance Spectroscopy (EBIS) have been 
proposed as an effective method for assessment of fluid 
distribution on the lungs [4]. Cole model-based analysis is a 
well-established method to assess on fluid distribution in 
body composition analysis [5]. Therefore Cole parameters 
estimation is one of the earliest steps in EBIS analysis. 

EBI measurements are subjected to a very specific artefact 
known as hook effect [6, 7]. This effect modifies the 
impedance spectrum, both real and imaginary parts and if it 
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is not removed properly it will influence significantly on the 
estimation of the Cole parameters.  

Recently a new approach to correct or minimize the Hook 
Effect has been proposed [7] and in addition it has been 
shown how the hook effect influences mostly the phase and 
reactance of the complex impedance, slightly modifying the 
resistance spectrum. This combined with the novel approach 
to estimate the Cole parameters from the resistance data only 
presented in [8] suggest that there is a valid and solid 
alternative to the currently in use approach for Hook Effect 
correction and Cole parameters estimation of Td 
compensation by fitting to the extended Cole model [6]. 

In this work and aiming to validate the afore mentioned 
pre-processing combined approach, a comparison between 
the fitting to the extended Cole model and the proposed 
approach is done. The comparison focuses mainly in the 
estimation of R0, R∞ and the characteristic frequency fc, but 
it also compares the results of the fittings in the frequency 
domain as well as in the impedance plane. 

II. THE MYHEART PROJECT 

A. General Objective 
The aim of the MyHeart project is to fight cardiovascular 

diseases by prevention and early diagnosis [9]. For this 
purpose a textile-enable continuous monitoring system is 
proposed implementing a personalized home-based 
healthcare approach. Among other concepts, a Heart Failure 
Management (HFM) system has been developed to monitor 
different physiological parameters [2].  

B. Textile-enable measurements 
Smart and functional textiles are becoming a key element 

for implementing continuous home-care monitoring. The 
MyHeart project makes use of functional textiles as enabling 
technology to measure EBI with the MyHeart Bioimpedance 
Monitor [2]. 

C. EBI Measurements purpose 
One of the symptoms of decompensation is pulmonary 

edema that occurs due to a fluid shift in the lungs, which 
modifies their electrical properties producing a change in the 
EBI of the thoracic cavity. Such change can be detected non-
invasively with EBI measurements [4]. 

III. METHODS AND MATERIALS 
A comparison of the Cole parameters obtained with two 

different approaches has been done, see Fig.1. The first 
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In the case of the reactance spectrum shown in Fig. 3, the 
deviation from the measured data of the reactance obtained 
with the R-based fitting is clearly noticeable at all 
frequencies. In the case of the reactance obtained from the 
fitting to the Extended Cole model the deviation is 
noticeable from 40 kHz on. 

In the impedance plane, it is not possible to observe any 
frequency dependency since the frequency plane is 
orthogonal to the impedance plot, but what it is possible to 
observe in Fig. 4 is that both approaches reduce the data 
deviation associated to the hook effect that is clearly present 
in the EBI measurement. 
 

TABLE I. R0 PARAMETER ESTIMATION WITH BOTH APPROACHES 

R0 
Subject 1 Subject 2 Subject 3 Subject 4 

Mean S.D. Mean S.D. Mean S.D. Mean S.D. 

R-based fitting 16.1 1.2 22.6 1.0 31.2 1.5 9.0 0.8 
Extended Cole 15.4 1.2 21.8 1.0 30.5 1.5 8.8 0.9 

 
TABLE II. R∞ PARAMETER ESTIMATION WITH BOTH APPROACHES 

R∞ 
Subject 1 Subject 2 Subject 3 Subject 4 

Mean S.D. Mean S.D. Mean S.D. Mean S.D. 

R-based fitting 7.7 0.4 14.1 0.7 15.8 0.9 5.6 0.5 
Extended Cole 7.8 0.4 14.4 0.5 15.7 0.8 5.6 0.4 
         

B. Cole Parameter Estimation 
In Tables I & II, it is possible to observe that the 

estimation of R0 and R∞ produced by both approaches do 
differs but very slightly. In the other hand the values 
obtained for fc with both methods present more noticeable 

differences, see Fig. 5. The estimation of fc with the fitting 
to the Extended Cole Model produces a higher frequency for 
all the four cases, it is indicated with dashed trace in Fig. 5. 
The difference between approaches on the estimation of fc is 
significant, ranging from 13% up to 21%. 

V. DISCUSSION 

A. Regarding the Fitting Performance 
The fittings produced with both approaches are very 

similar, especially in the resistance spectrum. It is known 
[11] that the Hook Effect modifies the resistance data very 
slightly and only at high frequencies. The fittings plotted in 
Fig. 2 indicate that at low frequencies when the influence of 
the Hook effect is non-existent or negligible the fitting based 
in resistance after applying the Function Correction 
remarkably agrees with the measured data.  

The influence of the hook effect on the EBI measurements 
is more noticeable at high frequencies, and it is at high 
frequencies when the approach of fitting to the extended 
Cole model produces closest impedance values to the 
measurement. N.B. For both resistance and reactance 
spectra. This means that the fitting to Extended Cole model 
produces a fitting that still contain EBI data affected by the 
Hook Effect, while the fitting produced by the proposed 
combined method clearly deviates from the EBI 
measurement at high frequencies where the influence of the 
artefact is larger. 

These results were expected since the Extended Cole 
model aims to compensate the hook effect [6] and it does it 
with several limitations as indicated in [7]. On the other 
hand the Correction Function approach has the potential to 
fully correct the deviation caused by the hook effect if the 
parasitic capacitance is accurately estimated from the 
measured susceptance [7]. Whether CPAR can not be 
accurately estimated and therefore the value of the 
correction function can not be worked out is often due to a 
very low capacitive leakage effect and therefore the 

Fig.3. Reactance plot showing the measured reactance and the fitted
spectrum obtained with both methods. 
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Fig.4. Estimation of the characteristic frequency for four different patients
from each of the estimation approaches compared in this study. The mean,
the minimum and the maximum estimated values are indicated 

Fig.5. Impedance plot showing the compensation and correction of the
hook effect obtained with both approaches in dashed and continuous trace
respectively. Measured data with circular marker. 
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susceptance slope will be very low too, that mean the fitting 
performance might be good without correction. The 
resistance is less affected by capacitive leakage effects than 
other features, so in case of the correction function not 
applying, the fitting in resistance will perform better than 
others. 

It might be possible to reduce further the presence of hook 
effect in the fitted data obtained with the extended Cole 
model. That can be achieved by using only EBI data 
measured up to 500 kHz as suggested by Scharfetter et al in 
[6].  

B. Regarding the Cole Parameter Estimation 
The obtained high coincidence on the estimated Cole 

parameters R0 and R∞ was expected, since both fitting 
approaches produce very similar resistance spectra.  

The observed difference in the estimated fc is also 
expected since the fittings produced with the Extended Cole 
Model cannot remove completely the capacitive influence of 
the Hook Effect, and therefore the impedance produced 
when fitting to the extended Cole model exhibits a higher 
capacitive component. 

VI. CONCLUSION 
The pre-processing approach proposed in this work has 

been clearly validated as a feasible alternative to the 
currently in use fitting to the extended Cole model to 
eliminate the influence of the Hook or capacitive leakage 
effect and estimating the Cole parameters from experimental 
EBI data. 

As it has been shown with the estimation of the 
characteristic frequency, to under compensate the deviation 
caused by the Hook Effect in the EBI data, influence 
remarkably in the spectral components of the complex 
impedance. Whether the capacitive leakage effect is not 
corrected, such spectra deviation would probably influence 
any further data analysis, it could produces misleading 
results in any Cole analysis based application e.g. TBC or 
pulmonary edema. 

There are several EBI applications that apply different 
analysis methods when analysing the EBI measurements. It 
would be interesting to study the effect on the final results of 
not removing properly the hook effect and up to which 
extend it might lead, for instance, to a wrong-estimation of 
body fluids distribution in applications of body composition 
analysis. 
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Abstract— Applications based on measurements of Electrical 
Bioimpedance Spectrocopy (EBIS) analysis are proliferating. 
The most spread and known application of EBIS is the non-
invasive assessment of body composition. Fitting to the Cole 
function to obtain the Cole parameters, R0 and R∞, is the core 
of the EBIS analysis to obtain the body fluid distribution. An 
accurate estimation of the Cole parameters is essential for the 
Body Composition Assessment (BCA) and the estimation 
process depends on several factors. One of them is the upper 
frequency limit used for the estimation and the other is the 
number of measured frequencies in the measurement 
frequency range. Both of them impose requirements on the 
measurement hardware, influencing largely in the complexity 
of the bioimpedance spectrometer. In this work an analysis of 
the error obtained when estimating the Cole parameters with 
several frequency ranges and different number of frequencies 
has been performed. The study has been done on synthetic 
EBIS data obtained from experimental Total Right Side (TRS) 
measurements. The results suggest that accurate estimations of 
R0 and R∞ for BCA measurements can be achieved using much 
narrower frequency ranges and quite fewer frequencies than 
electrical bioimpedance spectrometers commercially available 
nowadays do.  

I. INTRODUCTION 

INCE the introduction of the Cole function (1) by K.S 
Cole in 1940 [1], the function and its parameters have 

been widely used on Electrical Bioimpedance (EBI) 
applications for data representation as well as analysis of 
spectroscopy and multi-frequency impedance measurements. 
From the origin of EBI Spectroscopy (EBIS), mostly applied 
to Body Composition Assessment (BCA), the use of EBIS 
has proliferated to several application areas of tissue 
characterization like skin cancer detection [2].  

EBIS has not only proliferated to other areas but it has 
deep-rooted into BCA applications, especially through the 
use of the Cole parameters R0 and R∞ [3] from Total Right 
Side (TRS) EBIS measurements. Therefore the estimation of 
the Cole parameters has become a common and necessary 
step in EBIS-based BCA applications.  

The estimation of the Cole parameters depends on the 
width of the frequency range and the number of 
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measurement frequencies contained in the spectroscopy 
measurement. Since the number of frequencies and the 
frequency limits, especially the upper limit, put demands on 
the hardware and the acquisition process, customization of 
such parameters for a specific EBI applications would 
produce a more efficient EBI spectrometers. 

In this work a study of the effect of reducing the value of 
the upper frequency limit and the number of frequencies on 
the estimation of the Cole parameters from TRS synthetic 
EBIS data is performed. 

II. MATERIALS AND METHODS 

A. Cole equation 
In 1940 Cole [1] introduced a mathematical equation that 

fitted experimentally  EBI measurements with only four 
parameters R0, R∞, α and τ, i.e. the inverse of characteristic 
natural frequency ωc (1).  

  (1) 

The impedance generated by the Cole equation, ZCole(ω) 
is complex and non-linear on the frequency domain. It fits 
EBIS measurements on a single dispersion frequency range 
and it generates a depressed semi-circle when plotted in the 
impedance plane known as Cole plot, see Fig. 1. 

B. EBIS Measurements and Noise Model 

TRS tetrapolar EBIS measurements from 4 male healthy 
volunteers have been used to extract the Cole parameters to 
generate the synthetic data. The EBIS measurements were 
performed with the SFB7 bioimpedance spectrometer 
manufactured by Impedimed ltd. using repositionable Red 
Dot Ag/AgCl electrodes manufactured by 3M and keeping 5 
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Fig. 1 Impedance plot showing the impedance resulting from the 
Cole parameters obtained from an experimental Total Right Side 
measurement and the synthetic EBI data generated 
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cm between current injection and voltage detector 
electrodes. The frequency range of performed EBI 
measurements was 3.096 to 999 kHz and 100 complex EBIS 
measurements were obtained for each of the volunteers. The 
measurements did not exhibit any noticeable capacitive 
leakage or measurement artefacts 

From each of the 100 TRS EBIS measurements, noise has 
been characterized using a generalized Gaussian noise 
model. First, a complete covariance matrix from the data has 
been estimated using the maximum-likelihood estimator. 
Second, this estimated covariance matrix has been used to 
generate new synthetic random zero-mean noise values, that 
have been added to the EBI data generated from the Cole 
Parameters extracted from the measurements as can be seen 
in Fig. 1, Fig. 2 shows an example of the synthetic noise 
generated in this way. 

C. Non-Linear Least Squares for Cole Parameters 
Estimation  

The Non-Linear Least Squares (NLLS) method aims to 
obtain the best coefficients for a given model that fits the 
curve, the method given by (2) aims to minimize the 
summed squared of the error between the measured data 
value and the modelled value. This approach has been 
validated previously, [4] and [5]. 

 (2) 

In this work the model used is the modulus of the Cole 

function , shown in (3). Thus iZ is the modulus of the 
measured EBI at the frequency indicated by i.. N is the total 
number of frequency data points included in the curve 
fitting.  

The advantage of a modulus based analysis is that allows 
the use of a bioimpedance spectrometer without phase 
detector.  

This approach has been used for estimating the Cole 
parameters from both the TRS measurements and the EBIS 
synthetic data. 

 (3) 

D. EBI Frequency Reduction Analysis 
The synthetic EBIS data is obtained using the Cole 

function with the experimental Cole parameters and adding 
the generated noise. The process is repeated 100 times 
producing 100 EBIS synthetic measurements for each of the 
four sets of experimental Cole parameters.  

From the obtained synthetic EBI spectra the Cole 
parameters are estimated using the NLLS approach 
described in 2.C for the following frequency ranges: 4-999 
kHz, 4-500 kHz, 4-250 kHz and 4-100 kHz. For each of the 
4 frequency ranges, the number of frequencies used to 
perform the NLLS curve fitting has been varied according to 
the following list 256, 128, 64, 32, 16, 12, 8 and 4. Note that 
in all cases the frequencies were spaced exponentially like is 
done in the Impedimed SFB7. In Fig. 3 it is possible to 
observe the flow of the work implemented in this study. 

This way, 32 sets of 100 Cole parameters have been 
obtained. The mean for each of Cole parameter has been 
calculated for the 32 different configurations and by 
comparing with the value of the experimental Cole 
parameters the Mean Absolute Percentage Error (MAPE) 
produced has been obtained as in (4). 
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Fig. 2 Noise extracted from the TRS measurements and used for the 
generation of the synthetic EBIS data 

 
Fig. 3 Work Flow implemented in this study 
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Where X represents the estimated value of the Cole 

parameter under study i.e. R0, R∞, α or Fc, and X  the 
original value of the parameter under study. N is the total 
number of estimations. Note that instead of τ, it is the 
characteristic frequency Fc, the parameter that is evaluated. 

III. RESULTS 
An illustrative example of the effect of decreasing the 

number of frequencies and the upper limit frequency on the 
estimation of the Cole parameters, from 1 set of EBIS 
synthetic measurements is presented in Fig. 4. 

The estimated values for R0, R∞, α and Fc are plotted in 
fig. 4.A) to 4.D) respectively. Horizontal lines indicate the 
original value and the 1 % deviation threshold, with 
continuous and dashed trace respectively. The number of 
frequencies is indicated in the abscissa and the different 
upper limits use different markers. 

In the plots it is possible to observe that most of the 
estimations fall within the 1% deviation error and as a 
general trend the deviation increases when decreasing the 
number of frequencies. In all four plots the larger deviations 

are produced with the estimation done with the minimum 
upper frequency limit, i.e. 100 kHz. 

TABLE I. R0  MAPE COMPARISON 
Upper Freq 999 kHz 500 kHz 250 kHz 100 kHz 

Number 
of Freqs   Mean  Mean     Mean   Mean 

256 0.27 0.04     0.22 0.07 
128 0.25 0.13 0.10 0.18 
64 0.09 0.11 0.24 0.05 
32 0.10 0.10 0.17 0.26 
16 0.44 0.21 0.24 0.43 
12 0.54 1.52 0.59 1.03 
8 0.34 0.26 0.28 2.12 
4 0.22 0.23 0.24 0.66 

Note: In bold the Errors bigger than 1% 
 

TABLE II. R∞  MAPE COMPARISON 
Upper Freq 999 kHz 500 kHz 250 kHz 100 kHz 

Number 
of Freqs   Mean  Mean     Mean   Mean 

256 0.21 0.13 0.21 0.09 
128 0.24 0.19 0.18 0.33 
64 0.10 0.13 0.23 0.70 
32 0.15 0.10 0.08 0.65 
16 0.31 0.41 0.25 2.27 
12 0.32 1.39 0.56 3.48 
8 0.37 0.31 0.34 5.76 
4 0.23 0.12 1.53 4.48 

Note: In bold the Errors bigger than 1% 
 

TABLE III. FC  MAPE COMPARISON 
Upper Freq 999 kHz 500 kHz 250 kHz 100 kHz 

Number 
of Freqs   Mean  Mean     Mean   Mean 

256 0.48 0.49 0.75 0.28 
128 0.69 0.93 0.40 0.78 
64 0.75 0.78 1.14 1.43 
32 0.72 0.84 0.24 0.73 
16 1.40 0.86 0.55 3.56 
12 3.77 9.27 0.92 5.08 
8 1.75 2.17 2.41 10.1 
4 1.29 0.50 1.50 2.62 

Note: In bold the Errors bigger than 1% 

 
Fig. 4 Cole Parameter estimation for each combination of number of 
frequencies and lower frequency limit  

TABLE IV. ΑLPHA  MAPE COMPARISON 
Upper Freq 999 kHz 500 kHz 250 kHz 100 kHz 

Number 
of Freqs   Mean  Mean    Mean   Mean 

256 0.27 0.17 0.20 0.13 
128 0.35 0.16 0.19 0.42 
64 0.20 0.04 0.23 0.37 
32 0.30 0.23 0.40 0.52 
16 0.53 0.65 0.62 1.30 
12 1.33 3.29 1.02 1.68 
8 0.69 0.31 0.75 4.20 
4 0.75 0.72 0.60 1.75 

Note: In bold the Errors bigger than 1% 

1845



 

In Tables I to IV the MAPE values obtained from 
averaging the error obtained for the four subjects are 
compared. Each of the tables contained the comparison for 
each of the Cole parameters and values of MAPE above 1 
are highlighted in bold font. The reported MAPE values 
agree with the trend observed in Fig. 4A)-D), that is, larger 
values of MAPE for decreasing number of frequencies and 
lower values of upper frequency limit. 

The error presents the same tendency in all the four 
subjects, getting a SD below 1% in most of the cases.   

IV. DISCUSSION 
The MAPE results show that for most cases the estimation 

of the Cole parameters are very accurate. As it could be 
expected the estimation of the Cole parameters exhibit 
different dependencies regarding the reduction of the 
number of frequencies and the upper limit used.  

It is not unexpected to observe that the estimation of R0 
does not exhibit a remarkable dependency on the upper 
frequency nor the number of frequencies. Such dependency 
is clearer for the estimation of R∞, which exhibit the larger 
MAPE values for the lowest upper frequency limit and the 
small number of frequencies. In the case of the estimation of 
Alpha, similar dependencies than those exhibited by the 
estimation of R0 and R∞ are found. 

Regarding the estimation of Fc the influence of reducing 
the number of frequencies to perform the curve fitting is 
more remarkable than decreasing the upper frequency limit. 
This is also expected since a higher number of frequencies 
near the characteristic frequency will help to fit the curve in 
that frequency range better.  

Considering that for the estimation of the BCA parameters 
in most of the approaches R0 and R∞ are the parameters of 
interest [6], it is the progression of MAPE for the estimation 
of both parameters what should be taken into account when 
selecting a suitable number of frequencies and the lowest 
upper frequency limit for performing EBIS measurements. 

From the results in Tables I and II 16, 12 and 8 
frequencies using an upper limit of 250 kHz and 32 
frequencies using the limit of 100 kHz seems to be suitable 
combinations. The limit of 16 frequencies has been 
previously reported as the limit number of frequencies 
beyond which not noticeable improvement is achieved 
producing a curve fitting to the Cole function [7]. 

In case that the estimation of the BCA parameters is done 
according to Cornish [8] using the value of the impedance at 
the characteristic frequency instead than R∞, then the 
estimation of the Fc must be very accurate. In this case the 
suitable combinations are limited to 16 and 12 frequencies 
with 250 kHz, and 32 frequencies with an upper limit of 100 
kHz. 

When selecting this number of frequencies and upper 
frequency limits, it must be taken into consideration that the 
measurement frequencies are distributed exponentially 
within the measurement frequency range. The distribution of 
frequencies might influence also into the estimation of the 
Cole parameter and it is an issue that deserves to be studied 

in depth. Another issue to consider regarding the number of 
frequencies is the robustness of the estimation of the Cole 
parameters, which can be studied from the form the standard 
deviation obtained from the estimation. As it could be 
expected to increase the frequency resolution increases the 
preciseness of the estimations. Due to the lack of space, this 
aspect of the estimation will be studied properly in a future 
study, which will include also experimental EBI 
measurements.  

V. CONCLUSION 
Accurate estimation of the Cole parameters might be 

obtained from TRS impedance spectroscopy measurements 
performed in a frequency range remarkably much narrower 
than the range currently in use nowadays by commercial 
spectrometers like the SFB7 and the Body Composition 
Monitor manufactured by ImpediMed and Fresenius Medical 
Care respectively.  

The number of frequencies used to perform TRS 
measurement can be also reduced significantly. The 
combination of both facts might lead to the implementation 
of simpler impedance devices, as well as easier EBIS 
analysis. 
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Abstract 
Activities around applications of Electrical Bioimpedance 
Spectroscopy (EBIS) have proliferated in the past decade 
significantly. Most of these activities have been focused in the 
analysis of the EBIS measurements, which eventually might 
enable novel applications. In Body Composition Assessment 
(BCA), the most common analysis approach currently used in 
EBIS is based on the Cole function, which most often requires 
curve fitting. One of the most implemented approaches for 
obtaining the Cole parameters is performed in the impedance 
plane through the geometrical properties that the Cole function 
exhibit in such domain as depressed semi-circle. To fit the 
measured impedance data to a semi-circle in the impedance plane, 
obtaining the Cole parameters in an indirect and sequential 
manner has several drawbacks. Applying a Non-Linear Least 
Square (NLLS) iterative fitting on the spectroscopy measurement, 
obtains the Cole parameters considering the frequency information 
contained in the measurement. In this work, from experimental 
total right side EBIS measurements, the BCA parameters have 
been obtained to assess the amount and distribution of whole body 
fluids. The values for the BCA parameters have been obtained 
using values for the Cole parameters estimated with both 
approaches: circular fitting on the impedance plane and NLLS 
impedance-only fitting. The comparison of the values obtained for 
the BCA parameters with both methods confirms that the NLLS 
impedance-only is an effective alternative as Cole parameter 
estimation method in BCA from EBIS measurements. Using the 
modulus of the Cole function as the model for the fitting would 
eliminate the need for performing phase detection in the 
acquisition process, simplifying the hardware specifications of the 
measurement instrumentation when implementing a bioimpedance 
spectrometer. 
 
Keywords: Bioimpedance, spectroscopy measurements, Cole 
Analysis, Body Composition  
 
 
Introduction 
 

Nowadays, measuring the Electrical Bioimpedance 
(EBI) in humans is a common practice in several clinical 
applications e.g. electronic biopsy for skin cancer screening 
[1], Body Composition Analysis (BCA) for assessment on 
body fluids distribution [2], impedance cardiography for 
non-invasive hemodynamic monitoring [3]. Several EBI 
applications make use of EBI spectroscopy (EBIS) 
measurements analyzing the impedance spectrum and, in 
most cases, a Cole-based model analysis is performed. 

 
 


j

RRRZCole



 

 1
0   (1) 

To perform a Cole model analysis, EBIS data must be 
fitted to the Cole Function, see eq. (1), [4]. The Cole 
function experimentally resembles EBIS data from a single 
dispersion in the given frequency range and it is defined by 
four parameters R0, R∞, α and τ. The Cole parameters can 
be used for visualization producing the Cole plot and as 
data features to characterize an EBI system. Through 
further processing they can be also used for tissue 
constitution assessment like it is the case of BCA 
applications [5]. 

In BCA, using the values obtained from EBIS data for 
the Cole parameters and applying Hanai mixture theory [6], 
[7] and [2] or empirically derived prediction equations [8], 
it is possible to estimate the value of the BCA parameters: 
TBW, ECF, ICF and FM.  

The estimation of the values of the Cole parameters 
from the EBIS data is usually obtained through iterative 
Curve fitting [9], [10], [11]. Since the impedance is a 
complex function of frequency, curve fitting can be done on 
the spectral domain or in the impedance plane [9] [12] and 
[13]. 

The impedance–only approach presented in [13] 
estimates the value of the Cole parameters from the 
modulus of the EBI, allowing the use of a non-phase 
sensitive spectrometer. This reduction of hardware 
requirements is obtained at the expenses of producing the 
parameter estimation on the impedance plane disregarding 
the frequency information. 

Recently, the Non-linear Least Squares (NLLS) 
approach to fit EBIS measurements into the Cole function 
on the frequency domain was theoretically introduced by 
Ayllon et al in [14] and empirically proven by Buendia in 
[15]. Although in both works the NLLS approach was 
applied on the immitance spectral components of the 
complex EBI data, which require EBI measurements taken 
with a phase sensitive EBI spectrometer, the NLLS 
approach allows performing Cole parameter estimation on 
the modulus of the impedance as well. 

Combining both the impedance-only estimation 
approach suggested by Ward et al in [13] and the NLLS 
method, it would be possible to implement a Cole function 

http://dx.doi.org/10.5617/jeb.197
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fitting method that would estimate the Cole parameter in 
the frequency domain and would not require phase-
sensitive EBI measurements. A recent algorithm evaluation 
performed by Nordbotten et al. in [16] confirms the validity 
of such approach. 

To validate the use of the NLLS impedance-only 
approach for a well known and spread application of EBIS, 
in this work, the BCA parameters have been estimated 
through Cole function fitting from total right side wrist-to-
ankle EBI measurements. The BCA parameters have been 
calculated with the Bioimp software for assessment of body 
composition while, for comparison purposes, the Cole 
function fitting has been performed both, applying the 
NLLS method on the spectrum of the impedance modulus 
and using the Cole fitting tool available on Bioimp 
software. 

A positive validation of the NLLS impedance-only 
approach would enable the design of impedance 
spectrometer for body composition analysis and assessment 
on nutritional status without the need of phase detection 
capabilities, which would reduce considerably the 
complexity of the hardware requirements. 

 
Materials and methods 
 

A. Cole Based analysis and BCA parameters 
estimation 

In 1940 Kenneth S. Cole introduced the Cole equation, 
eq (1), an empirical complex nonlinear function of 
frequency that accurately fitted experimental EBI 
measurements. Such function is built by 4 parameters R0, 
R∞, α and τ, but only 2 of them, the resistance at DC 
frequency R0 and the resistance at infinite frequency R∞, 
are used to estimate the BCA parameters through Hanai’s 
mixture theory [6]. Using the Cole parameters, together 
with  morphological data from a human subject and certain 
constants [17], it is possible to predict the volume of the 
extra- and intracellular fluid and consequently the total 
content of body water, ECF, ICF and TBW 
correspondently, which are known as BCA parameters. 
Such parameters are estimated according to equations 2 and 
3, [17] & [18]. 
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The ECF parameter in liters is obtained with eq. (2), 
Where W is body weight in kg, H is height in cm, R0 is the 
value of the Cole parameter in Ω, Kb is the body proportion, 
typically 4.3 for wrist to ankle measurements, ecf is the 
resistivity of the extracellular fluid and Db is the body 
density in kg/l with a estimated value of 1.05.  

Once the value ECF is estimated introducing the value 
for R0, the ICF parameter is calculated following eq. (4). 
Note that equations (2), (3) and (4) have been adapted to 

the Cole parameters and the nomenclature of body fluid and 
not body water. 
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Where ICF and ECF are the volumes of intra and extra 
cellular fluid in liters respectively and i and e are the 
apparent intra- and extracellular resistivities respectively 
[17]. 

Eq. (3) can be solved by expanding it into the form of 

eq. (4) where ECF
ICFx  . 
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The expression in eq. (4) can be solved iteratively by 
using various values of x between 0 and 5, until the result is 
approximately zero (within 0.00001). 

Then ICF may be calculated from x and ECF (obtained 
earlier) as in eq. (5) [17]. 

ECFxICF  	 (5)	
Once the values of ECF and ICF are obtained, the value 

of the TBW is consequently obtained just by addition of 
ICW and ECW like in eq. (6). 

ICWECWTBW  	 (6)	
The amount of Fat Free Mass (FFM) can be derived 

directly from the TBW value applying the hydration 
constant, Kh, as in eq. (7). The typical value for Kh is 0.732 
[19]. 

K h

TBWFFM   (7) 

Therefore to work out the value of the fat mass (FM) 
that is the parameter used for analisys eq. (8) is used. 

�� � � � ��� (8) 
In this work the tool used to obtain the BCA parameters 

from the Cole parameters has been the Bioimp software 
analysis tool for Body composition assessment (v5.3.1.1, 
Impedimed Ltd, Brisbane). 

B. Non-Linear Least Squares for Cole Function 
Fitting 

This method aims to obtain the best coefficients for a given 
model that fits the curve, the method given by eq. (9) aims 
to minimize the summed squared of the error between the 

measured data value and the fitted value Z i , which is 
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obtained from the modulus of the Cole function shown in 
eq. (10).  

Where N is the number of frequency data points 
included in the fitting. This approach was validated in [14] 
as working approach to estimate the Cole parameters from 
the resistance spectrum and the reactance spectrum, as well 
as from the complex impedance spectrum. In this case, the 
minimization cost function has been built with the modulus 

of the complex EBI. Thus the term Z i  is the modulus of 

the measured impedance and Z i  is the absolute value of 

the Cole function in eq. (1) as shown in (10). 
This method has been implemented in Matlab, fitting 

the generated data to a non-linear real parametric model 
with coefficients, using the natural frequency ω as an 
independent variable. Performing the curve fitting using a 
Cole-based function like in eq. (1) allows the estimation of 
the values for the four Cole parameters. 

C. EBI Measurements and Descriptive Statistics 

Right side 4-electrode wrist-to-ankle EBI spectroscopy 
measurements have been taken in five healthy volunteers. 
The EBIS measurements were performed with the SFB7 
bioimpedance spectrometer manufactured by Impedimed 
ltd. using repositionable Red Dot Ag/AgCl electrodes 
manufactured by 3M. The frequency range of performed 
EBI measurements was 3.096 to 1000 kHz and 100 
complex EBI spectroscopy measurements were obtained for 
each of the volunteers. 

The body parameters of the volunteers can be observed 
in Table I. Subject 5 is female and all the others are male. 

D. EBI Data Analysis and Comparison 

As the work flow on Fig. 1 indicates, the Cole curve 
fitting and BCA parameters estimation were performed on a 
total of 500 measurements. The mean, minimum and 
maximum values of the BCA parameters estimated from 
the corresponding Cole parameters were calculated for each 
of the subjects. The values obtained for both Cole curve 
fittings were compared. 

The performed EBI measurements were fitted to the 
Cole function with both, the curve fitting implemented on 
the Bioimp software and the NLLS approach on the 
modulus of the impedance implemented with MATLAB.  

The Cole fitting with the Bioimp software was 
produced with the following curve fitting setup, Td 
compensation off, rejection threshold of 1% and frequency 
limits from 3.096 kHz to 1000 kHz, i.e. full spectral range. 

Two sets of BCA parameters were obtained per subject, 
each of them corresponding to the Cole parameters 
estimated with each of the approaches. The BCA 
parameters were calculated using the BCA tool of Bioimp 
with the morphological subject information listed in Table I 
and the proportionality and body resistivity constants 
indicated in Table II. 

 
Results 
 

The following figures and tables present the values of 
the BCA parameters obtained with both fitting processes 
from the EBIS measurement for all 5 subjects.  

Table III reports the mean values for the BCA 
parameters in liters and kilograms correspondingly to the 
fluid body contents and the fat mass. 

Table II. Proportionality and body resistivity constants 
used with Bioimp 

 Male Female 

e 340 322 

i 859 784 
Body density (Db) 1.05 

Body proportion (Kb) 4.30 
Hydration constant (Kh) 0.732 

 
Fig. 1: Work Flow 

Table I. Subjects body features 

Subjects 
Features 

Age 
(years) 

Height 
(cm) 

Weight 
(kg) 

Subject 1 32 176 99.0 
Subject 2 30 165 60.0 
Subject 3 26 174 94.4 
Subject 4 26 182 83.8 
Subject 5 24 175 72.5 
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Figures 2-5 present the mean, minimum and maximum 
values, in %, obtained for the BCA parameters, i.e. TBW, 
ECF, ICF or FM, per subject for both approaches, while 
Tables IV-VII contain the mean values and the standard 
deviation (SD).  

Fig. 2 and Table IV present the amount of TBW in the 
body given as a percentage of the total body mass. A high 

level of agreement between the values obtained with both 
methods, with a correlation coefficient of 0.9987, is 
obtained, as could be expected. It is also possible to observe 
that the mean values obtained with the NLLS impedance-
only fitting are marginally smaller, as well as the SD 
values. Fig. 3 and Table V present the amount of fluid in 
the extracellular space given as a percentage of the amount 

Fig. 3: Mean, minimum and maximum values for ECF, in %, estimated 
for all the subjects with both methods 

Fig. 2: Mean, minimum and maximum values for TBW, in %, estimated 
for all the subjects with both methods 

Table IV. Mean and Standard Deviation of 
the estimated values for TBW in % 

TBW 
(%) 

 

NLLS  
Z -Only Bioimp 

Mean SD Mean SD 

Subject 1 56.88 0.03 56.93 0.04 

Subject 2 54.40 0.12 55.11 0.16 

Subject 3 52.53 0.29 52.66 0.31 

Subject 4 59.78 0.08 60.19 0.08 

Subject 5 45.86 0.05 46.11 0.07 
 

Table V. Mean and Standard Deviation of 
the estimated values for ECF in % 

ECF  
(%) 

 

NLLS  
Z -Only Bioimp 

Mean SD Mean SD 

Subject 1 50.45 0.07 50.33 0.06 

Subject 2 54.62 0.08 53.75 0.12 

Subject 3 52.48 0.14 52.29 0.15 

Subject 4 53.31 0.10 52.72 0.08 

Subject 5 60.48 0.11 59.99 0.12 
 

Table III. Mean values for the BCA parameters of each subject 

 Subject 1 Subject 2 Subject 3 Subject 4 Subject 5 

 NLLS 
Z Bioimp NLLS Z Bioimp NLLS Z Bioimp NLLS Z Bioimp NLLS Z Bioimp 

TBW (l) 56.3 56.4 32.6 33.0 49.6 49.7 50.1 50.4 33.2 33.4 

ECF (l) 28.4 28.4 17.8 17.7 26.0 26.0 26.7 26.6 20.1 20.1 

ICF (l) 27.9 28.0 14.8 15.3 23.6 23.7 23.4 23.8 13.1 13.4 

FM (kg) 22.1 22.0 15.4 14.8 26.7 26.5 15.4 14.9 27.1 26.8 
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of total body water. In this case the mean values estimated 
with the NLLS impedance-only fitting are slightly larger 
and the SD values are again slightly smaller, being 
nevertheless the result given by the two methods very close 
with a correlation coefficient of 0.9956. 

Fig. 4 and Table VI present the amount of fluid in the 
intracellular space given as a percentage of the amount of 
total body water. Since the values of ICF and EFC are 

complementary, in this case the values estimated with the 
NLLS impedance-only fitting are slightly smaller and the 
SD values reported in tables IV & V are identical. 

Fig. 5 and Table VII present the amount of FM in the 
body given as a percentage of total body mass, the FM 
results are a linear function of the TBW results as can be 
deduced from equations (7) and (8). 

 

Fig. 4 Mean, minimum and maximum values for ICF, in %, estimated 
for all the subjects with both methods 

 
Fig. 5 Mean, minimum and maximum values for FM, in %, estimated 
for all the subjects with both methods 

Table VII. Mean and Standard Deviation of 
the estimated values for FM in % 

FM  
(%) 

 

NLLS  
Z -Only Bioimp 

Mean SD Mean SD 

Subject 1 22.30 0.04 22.23 0.05 

Subject 2 25.69 0.17 24.71 0.22 

Subject 3 28.24 0.40 28.06 0.43 

Subject 4 18.33 0.11 17.77 0.11 

Subject 5 37.35 0.07 37.01 0.09 

Table VI. Mean and Standard Deviation of 
the estimated values for ICF in % 

ICF  
(%) 

 

NLLS  
Z -Only Bioimp 

Mean SD Mean SD 

Subject 1 49.55 0.07 49.67 0.06 

Subject 2 45.38 0.08 46.25 0.12 

Subject 3 47.52 0.14 47.71 0.15 

Subject 4 46.69 0.10 47.28 0.08 

Subject 5 39.52 0.11 40.01 0.12 
 

Table VIII. Differences obtained on the estimation of the BCA parameters 

Δ (%) / (l) 
(NLLS |Z|-Only) - Bioimp 

TBW ECF ICF FM 

Subject 1 -0.04 / -0.04 0.12 / 0.04 -0.12 / -0.09 0.06 / 0.06 

Subject 2 -0.71 / -0.42 0.87 / 0.05 -0.87 / -0.48 0.97 / 0.59 

Subject 3 -0.13 / -0.12 0.19 / 0.03 -0.19 / -0.15 0.18 / 0.17 

Subject 4 -0.41 / -0.35 0.59 / 0.12 -0.59 / -0.46 0.57 / 0.47 

Subject 5 -0.25 / -0.18 0.49 / 0.05 -0.49/ -0.24 0.34 / 0.25 

Average -0.31 / -0.22 0.45 / 0.06 -0.45 / -0.28 0.42 / 0.31 
Note: The percentage of ECF and ICF are referred to the TBW and the FM is expressed in percentage of 
the total mass and it is given in kg 
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Table VIII presents the difference between the values 
obtained with the NLLS impedance-only method and the 
values produced from the Bioimp. fitting. From the values 
in Table VIII it is possible to observe that the difference on 
percentage of the estimated BCA parameter is below 1 %. 

 
Discussion 

The volume for the ECF obtained with both approaches 
is practically the same according to the obtained correlation 
coefficient. The volume differences observed on the 
estimation of the body fluid distribution occur mainly in the 
amount of ICF. The amount of volume estimated with the 
NLLS impedance–only fitting is slightly smaller than the 
amount of volume estimated by Bioimp. In any case a 
correlation coefficient of 0.9956, indicates that the 
difference obtained between both approaches is very small. 

Since the only difference in the applied estimation 
process is the curve fitting method applied to obtain the 
Cole function and the Cole parameters, any difference in 
the obtained value for the BCA parameters comes from the 
curve fitting process. The negligible difference in the 
estimation of ECF indicates that the value estimated for R0 
is very similar for both methods. This leaves the source for 
the difference obtained between both approaches in the 
estimation of the value R∞.

 

When performing EBI measurements any capacitive 
parasitic effect associated to the measurement load or leads 
influence largely on the estimation of the reactance and the 
phase spectra, while the influence on the resistance or the 
modulus spectra is remarkable smaller [15]. If the 
estimation of the Cole parameters is done in the impedance 
plane [9], reactance vs. resistance, fitting the measured data 
to a semicircle, the reactance data containing corrupted 
values produced by capacitive leakage would lead to 
underestimation of the value of R∞, which consequently 
influences on the calculation of the value of ICF. 

To compensate for such parasitic effect the Bioimp 
software has a built-in option known as Td compensation 
[17, 20]. In this study such option has been left unused to 
allow for a fair comparison between fitting approaches, this 
way being able to show that the NLLS impedance-only 
fitting approach produces a slightly larger value for ICF 
distribution than the one obtained with the Bioimp fitting. 
In any case the measurements used in this study presented a 
reactance deviation at high frequencies that was completely 
un-noticeable to the naked eye, which indicates that the 
capacitive leakage present on the measurement was almost 
negligible [15]. 

The NLLS impedance-only not only presents the 
advantage of exhibiting a specific robustness to the effects 
of capacitive leakage due to the fact the modulus of the 
impedance spectrum is not affected by capacitive leakage 
as much as the phase or the reactance, but brings an 
additional and significant advantage also for the electronics 
of measurement acquisition systems. The measurement of 
the modulus of the impedance does not require phase 

detection, which decreases the complexity required to build 
the spectrometer device. 

 
Conclusion 
 

The performance exhibited by NLLS impedance-only 
approach for estimating the BCA parameters indicates that 
such fitting approach is a strong alternative to the currently 
in use Cole curve fitting-based on the impedance plane. In 
addition to the advantages related to the curve fitting and 
Cole parameters estimation processes, the use of the NLLS 
impedance–only allows the simplification of the 
measurement instrumentation eliminating the need for a 
phase detector. Consequently, since BCA and fluid 
distribution assessment is currently the application of 
electrical bioimpedance most spread worldwide, this novel 
Cole parameter estimation approach might have significant 
repercussions in the design of future electrical 
bioimpedance spectrometers. 

 
Acknowledgements 

 
The authors would like to acknowledge and show his 

appreciation to Brian Ziegelaar and Tim Essex from 
Impedimed ltd. for providing the necessary information 
about the processes implemented by the Bioimp software. 

 
References 
 
1. Aberg, P., et al., Skin cancer identification using 

multifrequency electrical impedance – A potential screening 
tool. IEEE Trans. Bio. Med. Eng., 2004. 51(12): p. 2097-
2102. doi: 10.1109/TBME.2004.836523 

2. Matthie, J.R., et al. Development of a commercial complex 
bio-impedance spectroscopic (CBIS) system for determining 
intracellular water (ICW) and extracellular water (ECW) 
volumes. in Proceedings of 8th International Conference on 
Electrical Bio-impedance. 1992. Kuopio, Finland, University 
of Kuopio. 

3. Ferrario, C.M., et al., The role of noninvasive hemodynamic 
monitoring in the evaluation and treatment of hypertension. 
Ther Adv Cardiovasc Dis, 2007. 1(2): p. 113-8. 
doi: 10.1177/1753944707086095 

4. Cole, K.S., Permeability and impermeability of cell 
membranes for ions. Quant. Biol., 1940. 8: p. 110–122. 

5. Moon, J.R., et al., Percent body fat estimations in college 
men using field and laboratory methods: a three-compartment 
model approach. Dyn Med, 2008. 7: p. 7. 
doi: 10.1186/1476-5918-7-7 

6. Hanai, T., Electrical properties of emulsions. Emulsion 
Science, London: Academic, 1968. 354-477. 

7. Patel, R.V., et al., Estimation of total body and extracellular 
water using single- and multiple-frequency bioimpedance. 
Ann Pharmacother, 1994. 28(5): p. 565-9. 

http://dx.doi.org/10.1109/TBME.2004.836523
http://dx.doi.org/10.1177/1753944707086095
http://dx.doi.org/10.1186/1476-5918-7-7


Buendia et al.: Cole parameter estimation. J Electr Bioimp, 2, 72-78, 2011

78

 

8. Cornish, B.H., et al., Evaluation of multiple frequency 
bioelectrical impedance and Cole-Cole analysis for the 
assessment of body water volumes in healthy humans. Eur J 
Clin Nutr, 1996. 50(3): p. 159-64. 

9. Cornish, B.H., B.J. Thomas, and L.C. Ward, Improved 
prediction of extracellular and total body water using 
impedance loci generated by multiple frequency bioelectrical 
impedance analysis. Phys. Med. Biol., 1993. 38(3): p. 337-
346. doi: 10.1088/0031-9155/38/3/001 

10. Gerth, W. and C. Watke, Electrical Impedance Spectroscopic 
Monitoring of Body Compartmental Volume Changes. 
Clinical Medicine, 1993: p. 8. 

11. Dantchev, S. and F. Al-Hatib, Nonlinear curve fitting for 
bioelectrical impedance data analysis: a minimum ellipsoid 
volume method. Physiol Meas, 1999. 20(1): p. N1-9. 
doi: 10.1088/0967-3334/20/1/009 

12. Kun, S., et al., Real-time extraction of tissue impedance 
model parameters for electrical impedance spectrometer. 
Medical & Biological Engineering & Computing, 1999. 
37(4): p. 428-432. doi: 10.1007/BF02513325 

13. Ward, L.C., T. Essex, and B.H. Cornish, Determination of 
Cole parameters in multiple frequency bioelectrical 
impedance analysis using only the measurement of 
impedances. Physiol Meas, 2006. 27(9): p. 839-50. 
doi: 10.1088/0967-3334/27/9/007 

14. Ayllón, D., F. Seoane, and R. Gil-Pita, Cole Equation and 
Parameter Estimation from Electrical Bioimpedance 
Spectroscopy Measurements - A Comparative Study, in 
EMBC 2009. 2009, IEEE: Minneapolis. p. 3779-3782. 

15. Buendia, R., R. Gil-Pita, and F. Seoane, Experimental 
validation of a method for removing the capacitive leakage 
artifact from electrical bioimpedance spectroscopy 
measurements. Measurements, Science and Technology, 
2010. 21(11): p. 8. doi:10.1088/1742-6596/224/1/012126 

16. Nordbotten, B.J., et al., Evaluation of algorithms for 
calculating bioimpedance phase angle values from measured 
whole-body impedance modulus. Physiol Meas., 2011. 32(7): 
p. 755-65. Epub 2011 Jun 7.  
doi: 10.1088/0967-3334/32/7/S03 

17. De Lorenzo, A., et al., Predicting body cell mass with 
bioimpedance by using theoretical methods: a technological 
review. J Appl Physiol, 1997. 82(5): p. 1542-58. 

18. Van Loan, M.D., et al., Fluid changes during pregnancy: use 
of bioimpedance spectroscopy. J Appl Physiol, 1995. 78(3): 
p. 1037-42. 

19. Van Loan, et al., Use of bio-impedance spectroscopy (BIS) to 
determine extracellular fluid (ECF), intracellular fluid (ICF), 
total body water (TBW), and fat-free mass (FFM). . Human 
Body Composition In Vivo: Methods, Models, and 
Assessment, , 1993: p. 4. 

20. Scharfetter, H., et al., A model of artefacts produced by stray 
capacitance during whole body or segmental bioimpedance 
spectroscopy. Physiological Measurement, 1998. 19(2): p. 
247-261. doi: 10.1088/0967-3334/19/2/012 

 
 

 

http://dx.doi.org/10.1088/0031-9155/38/3/001
http://dx.doi.org/10.1088/0967-3334/20/1/009
http://dx.doi.org/10.1007/BF02513325
http://dx.doi.org/10.1088/0967-3334/27/9/007
http://dx.doi.org/10.1088/1742-6596/224/1/012126
http://dx.doi.org/10.1088/0967-3334/32/7/S03
http://dx.doi.org/10.1088/0967-3334/19/2/012




 

Paper VI 
 

 
 

Influence of electrode mismatch on Cole parameter estimation from 
Total Right Side Electrical Bioimpedance Spectroscopy measurements  

 

 
Rubén Buendía, Paco Bogóñez Franco, Lexa Nescolarde & Fernando Seoane 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Paper published by Elsevier in Medical Engineering & Physics (2012) JJBE2122 
(5pp). doi: 10.1016.2012.05.011 





G

J

C

I
S

R
a

b

c

d

a

A
R
R
A

K
E
B
M
C
E

1

o
S
l
w
e
e
B

Z

B

f

1
h

ARTICLE IN PRESS Model

JBE-2122; No. of Pages 5

Medical Engineering & Physics xxx (2012) xxx– xxx

Contents lists available at SciVerse ScienceDirect

Medical  Engineering  &  Physics

jou rna l h omepa g e: www.elsev ier .com/ locate /medengphy

ommunication

nfluence  of  electrode  mismatch  on  Cole  parameter  estimation  from  Total  Right
ide  Electrical  Bioimpedance  Spectroscopy  measurements

ubén  Buendíaa,b,  Paco  Bogónez-Francoc,  Lexa  Nescolardec,  Fernando  Seoanea,d,∗

School of Engineering, University of Borås, SE-501 90 Borås, Sweden
Department of Signal Theory and Communications, University of Alcala, ES-28871 Madrid, Spain
Department of Electronic Engineering, Technical University of Catalonia, ES-08034 Barcelona, Spain
School of Technology and Health, Royal Institute of Technology, SE-141 52 Huddinge, Sweden

 r  t  i  c  l  e  i  n  f  o

rticle history:
eceived 30 November 2011
eceived in revised form 10 May  2012
ccepted 18 May  2012

eywords:
lectrodes
ioimpedance Spectroscopy
easurement artefacts

ole parameters
lectrode polarization impedance

a  b  s  t  r  a  c  t

Applications  based  on  measurements  of  Electrical  Bioimpedance  (EBI)  spectroscopy  analysis,  like
assessment  of body  composition,  have  proliferated  in the  past  years.  Currently  Body  Composition
Assessment  (BCA)  based  in  Bioimpedance  Spectroscopy  (BIS)  analysis  relays  on  an  accurate  esti-
mation  of  the  Cole  parameters  R0 and  R∞. A  recent  study  by Bogonez-Franco  et  al.  has  proposed
electrode  mismatch  as  source  of  remarkable  artefacts  in  BIS  measurements.  Using  Total  Right  Side
BIS  measurements  from  the  aforementioned  study,  this  work  has  focused  on  the  influence  of  elec-
trode  mismatch  on  the  estimation  of R0 and  R∞ using  the Non-Linear  Least  Square  curve  fitting
technique  on  the  modulus  of  the  impedance.  The  results  show  that  electrode  mismatch  on  the  volt-
age  sensing  electrodes  produces  an overestimation  of  the  impedance  spectrum  leading  to a  wrong
estimation  of the parameters  R0 and  R∞, and  consequently  obtaining  values  around  4%  larger  that
the  values  obtained  from  BIS  without  electrode  mismatch.  The  specific  key  factors  behind  electrode
mismatch  or  its  influence  on  the analysis  of single  and  spectroscopy  measurements  have  not  been

investigated  yet,  no  compensation  or correction  technique  is  available  to overcome  the deviation  pro-
duced  on  the  EBI  measurement.  Since  textile-enabled  EBI  applications  using  dry  textrodes,  i.e. textile
electrodes  with  dry skin–electrode  interfaces  and  potentially  large  values  of electrode  polarization
impedance  are  more  prone  to produce  electrode  mismatch,  the  lack  of a correction  or  compensation
technique  might  hinder  the  proliferation  of  textile-enabled  EBI applications  for  personalized  healthcare
monitoring.

© 2012 IPEM. Published by Elsevier Ltd. All rights reserved.
. Introduction

Multiple sources of error exist when performing measurements
f bioelectrical phenomena or Electrical Bioimpedance (EBI) [1,4,5].
olutions for overcoming the effects of traditional sources of error
ike time delay or capacitive leakage [5,7,12,23] are available, this

ay minimizing their influence in consequent analyses. Recently
lectrode mismatch has been identified [4] as potential source of
rror in EBI Spectroscopy (BIS) measurements and its influence on
Please cite this article in press as: Buendía R, et al. Influence of electrode mi
Bioimpedance Spectroscopy measurements. Med Eng Phys (2012), http://d

IS analysis remains unclear.
Rosell et al. [22] reported that the skin–electrode impedance,

ep, is frequency dependent with very large values and large

∗ Corresponding author at: School of Engineering, University of Borås, SE-501 90
orås, Sweden. Tel.: +46 334354414.

E-mail addresses: ruben.buendia@hb.se (R. Buendía),
ernando.seoane@hb.se (F. Seoane).

350-4533/$ – see front matter ©  2012 IPEM. Published by Elsevier Ltd. All rights reserve
ttp://dx.doi.org/10.1016/j.medengphy.2012.05.011
variance at low frequencies and decreasing values for higher fre-
quencies. Such high variability produces impedance mismatches
that can influence remarkably on the BIS measurement as reported
in [4].  The authors define electrode mismatch as a large difference
between the Zep value of at least 2 electrodes.

The core of Body Composition Assessment (BCA) from Total
Right Side (TRS) BIS measurements through Hanai mixture the-
ory [13] is found in the estimation of the Cole parameters R0
and R∞ [12], consequently an accurate estimation of the Cole
parameters is critical in BIS-based BCA applications. BIS data
containing the effects of electrode mismatch might influence on
the fitting process leading to a wrong estimation of the Cole
parameters.

While Bogónez-Franco et al. [4] presented how skin–electrode
smatch on Cole parameter estimation from Total Right Side Electrical
x.doi.org/10.1016/j.medengphy.2012.05.011

mismatch influences on the BIS measurements through a simple
comparative of the impedance plots, in this work the impact of the
skin–electrode impedance mismatch in the estimation of the Cole
parameters, R0 and R∞, from TRS BIS measurements is presented.

d.

dx.doi.org/10.1016/j.medengphy.2012.05.011
dx.doi.org/10.1016/j.medengphy.2012.05.011
http://www.sciencedirect.com/science/journal/13504533
http://www.elsevier.com/locate/medengphy
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mailto:fernando.seoane@hb.se
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ig. 1. TRS measurements set up showing current injection and voltage detection
lectrodes detection (V).

. Materials and methods

.1. Measurements in volunteers with and without electrode
ismatch

Standard TRS tetrapolar EBI measurements, according to the
rist-to-ankle electrode position shown in Fig. 1 were performed

n 3 human volunteers with the SFB7 bioimpedance spectrome-
er manufactured by Impedimed Ltd. in the frequency range from
.096 to 999 kHz. Electrodes labelled with E1 and E2 are current

njecting electrodes while electrodes E3 and E4 are voltage-sensing
lectrodes. The study was done according to the required ethics
tandards and written consent was obtained from the participants.

Without moving and with the subject in decubitus supinus posi-
ion [15], TRS measurements where performed with and without
lectrode mismatch using pre-gelled electrodes Model 9623-003P
anufactured by GE Medical Systems, Germany. The electrode
ismatch was produced by replacing a full electrode by a new elec-

rode cut in half, consequently decreasing the total contact surface.
t was expected that the reduction in contact surface would increase
he impedance of the skin–electrode interface.

.2. Non-Linear Least Squares for Cole parameters estimation

The Cole function (1) was introduced in [10], and is commonly
sed for analysis of spectroscopy and multi-frequency impedance
easurements.

Cole(ω) = R∞ + R0 − R∞
1 + (jω�)˛ (1)

The impedance generated by the Cole equation, in (1),  is com-
lex and non-linear on the frequency domain. ZCole(ω) fits BIS
easurements on a single dispersion frequency range and it gener-

tes a depressed semi-circle when plotted in the impedance plane.
he use of Non-Linear Least Squares (NLLS) to obtain the value for
he Cole parameters, R0, R∞,  ̨ and �, is common [14,2,19,25] and it
ave been the method of choice in this work using as fitting model
he modulus of the impedance as in [6].

.3. Error comparison

Once the Cole parameters have been estimated, see Fig. 2, a
omparison between the values of the Cole parameters obtained
rom the BIS measurements performed with and without electrode

ismatch has been done by obtaining the Mean Average Percent-
Please cite this article in press as: Buendía R, et al. Influence of electrode mi
Bioimpedance Spectroscopy measurements. Med Eng Phys (2012), http://d

ge Error (MAPE) applying (2).

APE =
∑N

n=1|(x − x̄)/x|
N

× 100 (2)
Fig. 2. Work flow implemented in this study. N.B. the experimental work imple-
mented in this study, EBI measurements and electrode mismatch, were already
reported in [4].

where x is the estimated value of the Cole parameter under study
i.e. R0 or R∞, from the measurements without mismatch and x̄ is
value of the Cole parameter estimated from the measurements with
electrode mismatch. N is the total number of subjects.

3. Results

The immitance spectral data and the impedance plot of the
EBI measurements with and without electrode mismatch for
one of the subjects are shown in Fig. 3. The included plots
present measurement results representative for all the three
subjects.

Fig. 3 contains 4 different impedance plots. The resistance
spectrum is plotted in Fig. 3A, where it is possible to see how
the mismatch in the current injection electrodes E1 (star) and
E2 (diamond), produces slight differences in the measurement
with respect to the no mismatch measurement (solid line). In
the same plot of Fig. 3A, it is easy to see that the mismatch in
the voltage sensing electrodes E3 (circle) and E4 (dot over solid
line), causes a significant increase on the resistance value. The
increment is noticeable in all the frequency range but decreases
slightly with frequency. The same deviations can be observed
in the spectral plot showing the modulus of the impedance in
Fig. 3C.

Fig. 3B plots the measured reactance spectrum and it is clearly
seen that deviations occur already from frequencies around the
characteristic frequency, 35 kHz approximately.

On the impedance plot shown in Fig. 3D it is possible to observe
that the electrode impedance mismatch created by cutting in half
the electrodes E3 and E4, voltage sensing electrodes, produces the
larger deviations at low and high frequencies.

In Table 1 the values estimated for the Cole parameters R0
and R∞ respectively are shown, each column contain the respec-
tive Cole parameter for a subject from 1 to 3, the first data row
contains the case of no mismatch and rows from 2 to 5 contain
a mismatch case from electrode E1 to electrode E4 respectively.
This way the difference, for each Cole parameter and subject,
between a determined mismatch case and the case of no mis-
match, as well as between different mismatch cases, can be
observed.

From Table 1, it can be observed how the mismatch in the cur-
rent injection electrodes, E1 and E2 have a negligible effect on the
parameters R0 and R∞, however the mismatch in the voltage sens-
ing electrodes, E3 and E4 causes an increase on the values of both
parameters in approximate 20 �.
smatch on Cole parameter estimation from Total Right Side Electrical
x.doi.org/10.1016/j.medengphy.2012.05.011

Table 2 shows the MAPE values obtained from averaging the
deviation obtained for the three subjects, for each Cole parameter
and each electrode mismatch, respecting the case of absence of
mismatch.

dx.doi.org/10.1016/j.medengphy.2012.05.011
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Fig. 3. TRS measurements with the skin–electrode mismatch produced in each of the four electrodes and without it. In (A) and (B) the resistance and reactance spectrum
are  plotted respectively. In (C) the spectrum of the module use to obtain the Cole parameters are plotted and (D) contains the impedance plotted in the impedance plane.
The  impedance data correspond to a single subject but it represents tendency observed in the other cases.

Table  1
R0 comparison of estimated values for R0 and R∞ .

R0 Units in (�) R∞

Subject 1 Subject 2 Subject 3 Subject 1 Subject 2 Subject 3

705 618 576 No mismatch 488 427 396
703  618 574 Mismatch E1 492 435 401
705  619 578 Mismatch E2 486 428 399
724 644 596 Mismatch E3 509 447 410
733  637 599 Mismatch E4 509 444 413

Table 2
MAPE comparison.

(%) Mismatch E1 Mismatch E2 Mismatch E3 Mismatch E4

Mean SD Mean SD Mean SD Mean SD

R0 0.25 0.1 0.13 0.1 3.46 0.8 3.6 0.5
Please cite this article in press as: Buendía R, et al. Influence of electrode mi
Bioimpedance Spectroscopy measurements. Med Eng Phys (2012), http://d

R∞ 1.34 0.4 0.44 0.4 
smatch on Cole parameter estimation from Total Right Side Electrical
x.doi.org/10.1016/j.medengphy.2012.05.011

4.16 0.5 4.2 0.3

dx.doi.org/10.1016/j.medengphy.2012.05.011
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. Discussion

.1. Validity of the produced mismatch

Considering the dispersion in values presented in [22] and all
he factors contributing to the skin–electrode interface impedance
t could be argued that just a reduction in the contact surface of the
lectrodes would not necessary create the expected incremented
n the value of Zep. However, the spectroscopy measurements per-
ormed in [4],  where 2R1C circuits simulated an increment of
ep, produced a deviation in the impedance data similar to the
ne observed when cutting the electrodes is half, not only on the
easurements performed with the SFB7 but also with the Hydra

000B.

.2. Electrode mismatch on voltage sensing electrodes

The spectral data presented in Fig. 3A exhibit noticeable differ-
nces in the real part when producing a mismatch on the electrodes
sed for detecting the voltage, i.e. electrodes E3 and E4. In Fig. 3B it

s possible to observe that electrode mismatch also causes a notice-
ble deviation on the reactance values at high frequencies, left side
f the impedance plot.

These deviations produce a difference on the estimation of R0
nd R∞, of around 4% in the case of R∞ and 3.5% in the case of
0 as observed at Table 2. This difference in the estimation of the
arameters R0 and R∞ will lead to a wrong estimation of the BCA

ndicators for fluid distribution on the body compartments as well
s the Fat-Free Mass.

The observed overestimation of the impedance can be due to
he increase in Zep caused when cutting the electrodes in half to

imic  effect of the mismatch. If any current would flow through
uch electrode it would cause a voltage that would be sensed
y the differential or instrumentation amplifiers. In an ideal case
ith infinite impedance at the inputs, Zin, of differential and

nstrumentation amplifiers and the absence of parasitic capaci-
ance there would not be any pathway for such current to flow
hrough the sensing electrodes. But in a real scenario with finite
alues for Zin and inter-electrode parasitic capacitances [16,23],
uch pathways do in fact exist and as presented by Lu et al. [16],
n augmented Zep in presence of parasitic capacitances would
ause an impedance overestimation and spectral deviations like
he one presented in Fig. 3C. In any case the origin of the observed
eviation in presence of electrode mismatch must be object of a
edicated study including a large dataset of BIS measurements
nd focusing on the characteristics of the different measurement
nstrumentation.

.3. Electrode mismatch and fitting to the Cole function

The influence of the electrode mismatch on the estimation of
he Cole parameters depends to a large extend on the robust-
ess to the deviation observed in the BIS data of the curve fitting
ethod used to obtain the Cole parameters from the experimen-

al BIS measurements. In this study the method of choice has been
LLS curve fitting on the modulus of the impedance [6],  therefore

t is expected that the difference observed on the estimation of the
ole parameters R0 and R∞ agree with the deviations observed on
he impedance spectrum plotted in Fig. 3C. That is, only the mis-

atch on voltage electrodes produce a noticeable difference on the
stimation of R0 and R∞ larger values in all cases.

Similar results would be expected if the resistance had been
Please cite this article in press as: Buendía R, et al. Influence of electrode mi
Bioimpedance Spectroscopy measurements. Med Eng Phys (2012), http://d

sed as curve fitting model instead than the modulus of the
mpedance [8].  Due to the large deviations observed in the reac-
ance spectra, we foresee that using the reactance as model on

 NLLS curve fitting or circular fitting on the impedance plane
 PRESS
 & Physics xxx (2012) xxx– xxx

for obtaining the Cole parameters [11,28] would have produced
remarkable deviations on the value of the Cole parameters. Pre-
liminary results about this issue are available on an initial study
[9].

4.4. Expected mismatch when using textrodes

In recent years the use of EBI technology using textile elec-
trodes (textrodes) has been investigated extensively [3,26,27] and
as a result applications of BIS using textrodes and measurement
garments have proliferated for both segmental [21,24] and TRS
measurements [17,18]. Dry textrodes most often produce a poor
conductive electrical skin–electrode interface due to the lack of
electrolyte to help the charge transfer which leads to very large val-
ues of Zep, therefore when using textrodes it will be likely to obtain
BIS measurement containing artefacts produced by electrode mis-
match. If a method for detecting and correcting the deviation
caused by electrode mismatch on BIS measurements is not devel-
oped promptly, electrode mismatch might hinder the proliferation
of textile-enabled applications for personalized healthcare moni-
toring.

4.5. Influence on single frequency bioimpedance analysis

The use of BIS methods for BCA has been spreading among clin-
ics for last decade but most probably single frequency methods
still are most spread around the world. Since the electrode mis-
match on the voltage sensing electrodes caused an increase on
the modulus of the measured impedance in the whole frequency
range, it is expected that EBI methods based in the analysis of EBI
measurements, typically 50 kHz, might produce tainted results. The
influence of electrode mismatch on 50 kHz single frequency meth-
ods e.g. Bioimpedance Vector Analysis (BIVA) [20] deserves to be
investigated further.

5. Conclusion

In Total Right Side Electrical Bioimpedance Spectroscopy
measurements, electrode mismatch can produce remarkable dif-
ferences on the obtained spectral data that might produce wrong
estimations of the Cole parameters estimated R0 and R∞. The devi-
ations are especially noticeable when the mismatch occurs on the
voltage sensing electrodes. Such deviations on both, R0 and R∞
parameters most certain will lead to wrong estimation of Body
Composition Assessment parameters.

Since electrode mismatch as source of error in BIS measure-
ments is relatively a new concept [4],  the mechanism of how the
measurement artefacts are formed and its influence on different
measurement instrumentation approaches like the use of symmet-
ric current sources or analysis approaches different than Cole-based
modelling is completely unknown.

Since there are no methods available for avoidance, correction
or compensation, while the necessary and complete study about
the key elements and dependencies of the measurement artefacts
is performed, efforts in developing pre-processing techniques for
identifying the presence of such artefact on BIS measurements
should be executed to remove them immediately from the analysis
flow.
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smatch on Cole parameter estimation from Total Right Side Electrical
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Abstract 
The estimation of body fluids is a useful and common practice for the status assessment of disease 
mechanisms and treatments. Patients receiving growth hormone replacement therapy (GHRT) 
experience significant changes in body fluids, which generates clinically relevant estimation. 
Electrical bioimpedance spectroscopy (EBIS) methods are noninvasive, inexpensive, and efficient 
alternatives for body fluid determination. The main sources of errors in EBIS measurements in the 
estimation of body fluids are the effects derived from capacitive coupling. In this paper, an analysis of 
capacitive coupling in EBIS measurements was performed, and the elements that cause different 
parasitic effects in EBIS were modelled and studied. The study results indicate that the conductance 
(G) spectrum in the frequency range of 10–500 kHz was the most robust part of the immittance 
against capacitive coupling. The accuracy of body fluid estimations from the resulting Cole 
parameters that utilised G between these frequencies were tested on clinical measurements of GHRT 
patients against estimations performed with dilution methods, which were employed as a reference. 
An analogous test was conducted using the entire recorded spectrum (5 kHz–1 MHz) and the Cole 
parameters provided by the Body Scout software (Body Scout instrument, Fresenius Medical Care, 
Germany). The majority of available commercial bioimpedance spectrometers and the Body Scout 
employ the extended Cole model (ECM) for correcting measurement artefacts. The results indicate 
that the agreement in the estimations, using G in the frequency ranges of 10–500 kHz and 5 kHz–1 
MHz against the reference methods, were virtually identical between them and compared with the 
parameter results from the Body Scout software. These values were within the expected range of 
values from experiments reported in the literature. The feasibility of G in the frequency range of 10–
500 kHz as an alternative to the ECM was proven with important advantages. 
 

List of abbreviations 
B susceptance 
EBIS electrical bioimpedance spectroscopy 
ECF extracellular fluid 
ECM extended Cole model 
G conductance 
ICF intracellular fluid 
R resistance 
SG signal ground 
TUS tissue under study 
X reactance  



1. Introduction 

The measurement of body composition is intended to facilitate the diagnosis, treatment, and 
enhanced understanding of hydration and nutrition status and disease mechanisms (R. J. 
Pierson, 2003). Body fluid volumes, i.e., extracellular fluid (ECF), intracellular fluid (ICF), 
and their sum, total body fluid (TBF), produce a relevant estimation because they are 
proportional to the majority of body composition parameters. 

Isotopic dilution methods are considered reference methods in body fluid estimation. TBF 
can be estimated using tritium dilution (Schloerb et al., 1950), ECF can be estimated using 
bromide dilution (M. Miller et al., 1989), and ICF can be estimated using the radioactive 
potassium isotope 40K, which is found in body potassium (R. Pierson et al., 1982). Although 
these methods are accurate, they are invasive, expensive, and require a collection of blood 
samples for mass spectrometry. Therefore, they cannot be used to measure volume variations 
over a short period. Electrical bioimpedance spectroscopy (EBIS) methods are indirect, 
noninvasive, inexpensive, simple, and efficient alternatives to body fluid estimation. Their 
accuracy is dependent on the validity of the electrical model of tissues (Jaffrin et al., 2008); 
however, the possibility of monitoring body fluids in an inexpensive and efficient manner is 
appealing for status assessment. 

The validation tests in this article were performed on adult patients with well-defined growth 
hormone (GH) deficiency during GH replacement therapy (GHRT). GHRT patients 
experience significant changes in body fluids with reduced ECF in the untreated state, which 
rapidly increases during therapy and enables continuous assessment of hydration status 
(Johansson 2002). The feasibility of body fluid estimation with the application of EBIS 
methods to GHRT patients has been examined (Tengvall et al., 2010). 

When recording EBIS for body composition assessment (BCA), stray capacitances are a 
common source of artefacts that influence the assessment (Bolton et al., 1998; Buendia et al., 
2010; Scharfetter et al., 1998). Large values of electrode polarisation impedances (Zeps) 
emphasise the influence of capacitive coupling significantly. Although methods to reduce the 
effect of capacitive coupling in the measurement set-up are available in the literature, e.g., 
(Scharfetter et al., 1998), no method has diminished their influence on body fluid estimation 
after measurements are obtained.  

The only post-recording approach to correcting tainted EBIS measurements is the extended 
Cole model (ECM) (De Lorenzo et al., 1997). Although the ECM effectively minimises the 
effect of capacitive coupling in most measurements, it lacks a theoretical basis (Bolton et al., 
1998; Buendia et al., 2010; Scharfetter et al., 1998). The ECM remains unpublished; thus, 
additional analysis and alternatives are needed.  

The estimation of body fluids from EBIS measurements is performed by fitting the Cole 
model (Cole, 1940) to the measurements and relating the Cole parameters R0 and R∞ to body 
fluid volumes. The fitting is often performed in the impedance domain, but other domains 
have also been employed, e.g., modulus (R.  Buendia et al., 2011) or conductance (Seoane et 
al., 2010). 

Because the artefacts affect the immittance spectra differently, the choice of spectrum will 
likely influence the robustness of the BCA against capacitive coupling effects. This influence 
of the spectrum choice is one of the issues examined in this paper. A tetrapolar EBIS 



measurement set-up, which included the stray capacitances reported in the literature and the 
elements contributing to capacitive coupling, was modelled and analysed. 

The aim of this paper is to identify the most robust part of the immittance against capacitive 
coupling and to test the feasibility of estimating body fluids by this method. 

In this paper, an analysis of the influence of capacitive coupling on the performance of EBIS 
measurements was performed. The model used for the analysis contains proven elements that 
contribute to capacitive coupling effects. The immittance spectrum that appeared most robust 
against stray capacitances was identified, and an accurate approach to calculating the Cole 
parameters in the presence of capacitive coupling effects was proposed. To test the feasibility 
of the proposed method, body fluid volumes were calculated from clinical EBIS 
measurements, and the results were compared with a clinical EBIS-based reference method 
and dilution techniques. 

2. Background: Capacitive coupling on EBIS measurements 

A complete electrical model for tetrapolar EBIS measurements that considers elements that 
cause capacitive coupling is shown in Figure 1. The following parameters were considered in 
this model: the load or tissue under study (TUS) with an impedance (ZTUS) that was modelled 
according to the Cole function (Cole, 1940), the skin-electrode polarisation impedances 
(Zeps), the capacitive coupling of body to Earth (Cbe), stray capacitance from Earth to signal 
ground (Ceg), capacitive coupling of the cables (Cc), interelectrode capacitances between 
injection and detection wires (Cie), and the common and differential input impedances of the 
differential amplifiers (Zic and Zid, respectively). The same types of parameters in real 
measurements do not yield equivalent values. 

Stray capacitances affect measurements by enabling three different pathways for current to 
leak (Scharfetter et al., 1998). These pathways are explained in the following list with a 
numeration similar to Figure 1. 

1. The leads are often shielded; however, they typically present a significant stray 
capacitance at high frequencies, i.e., Cc enables a pathway to leak current from 
the TUS to signal ground (SG). Maximum values of 50 pF can be expected. 

2. Cie; a maximum of 15 pF can be expected. 
3. Cbe, which enables a pathway to leak current from the TUS to Earth, can also be 

expected. The leakage current is small unless the measurement device introduces a 
significant Ceg. Maximum values of 100 pF for Cbe and 200 pF for Ceg can be 
expected; however, the Ceg value can be significantly reduced with devices 
powered by a battery. In contrast with the Cc case, the amount of current is not 
dependent on Zep values. 

The following parasitic effects on EBIS measurements are derived from capacitive coupling: 
• Capacitive leakage 
• Crosstalking  
• Zep mismatch  

These three effects are caused by the previously listed circuit elements; all three are included 
in the model depicted in Figure 1. Each effect is explained in the following sections. 



2.1  Capacitive leakage 
Capacitive leakage is one of the main sources of error in EBIS measurements. Considering 
current leakage pathways 1 and 3 from the model in Figure 1 and without any current flowing 
through the sensing leads or the output impedance of the current source, the model can be 
simplified to the circuit depicted in Figure 2A, which considers the following elements that 
produce a capacitive effect:  

• Caeq is the equivalent capacitance that represents the cable capacitance of the 
current-injecting electrode leads. 

• Cbeq is the equivalent capacitance that simulates current leakage pathway 3, 
which is clarified in Appendix C. 

• Zep is the electrode polarisation impedance of the injecting leads. 
Figure 2B presents a clinical measurement from the dataset used in this paper, which exhibits 
a strong capacitive effect. 

2.2  Crosstalking 
Crosstalking is caused by the lack of current flowing through an injecting electrode. Due to 
the large value of Zep, current flows through a crosstalk capacitance, which is called Cie in 
this paper, to the sensing lead and uses the corresponding sensing electrode to enter the TUS. 

 

Figure 11 Complete model of EBIS tetrapolar total body measurements 

 

A) B)
Figure 2 Capacitive effect: A) model for tetrapolar measurements and B) clinical measurements that exhibit the 

capacitive effect 
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This condition creates a voltage drop that is sensed by the differential amplifier, which 
produces an error in the estimated impedance value. 

This type of measurement artefact was initially studied (Lu et al., 1996) using the circuit 
model presented in Figure 3A and by modelling Zep as a pure resistor. In that study, 
crosstalking affected the resistance spectrum at frequencies above 500 kHz and the reactance 
spectrum at frequencies above 100 kHz when impedance measurements were performed over 
RC circuits. The modelling of Zeps as resistors when they are frequency dependent is an 
important drawback that most likely affected the value of the reported frequencies. Figure 3B 
presents a clinical measurement from the dataset used in this paper, which exhibits significant 
crosstalking and/or Zep mismatch effects. Because the influence of both effects on the 
impedance is similar, it is difficult to determine which effect influenced the measurement. 

2.3  Impedance mismatch 
If input impedances of positive and negative voltage-sensing leads differ, the load effect due 
to electrode impedances may convert common mode signals into differential signals, which 
produces a measurement error (Bogónez-Franco et al., 2009). This occurrence causes 
measurement artefacts in the impedance spectrum that are dependent on not only the Zep’s 
mismatch of sensing electrodes but also the value of a Zep of an injecting electrode and 
common-mode input impedance of the sensing amplifiers, as indicated in (1), (2), and (3). 
The circuit and parasitic elements contributing to the effect are shown in Figure 4. 

If the measured impedance given by Zmeas(w) is (1) (Pallas 1991; Padma 2012)  

A) B)
Figure 3 Crosstalk capacitance effect: A) model for tetrapolar measurements, B) clinical 

measurements that exhibit crosstalking and/or the Zep mismatch effect 
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Figure 4 Zep mismatch effect model for tetrapolar measurements 
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and considering the CMRR and the common mode impedance insignificants Zic mismatch in 
(2), (3) is subsequently obtained as 

𝑍𝑚𝑒𝑎𝑠(𝜔) = 𝑍𝑇𝑈𝑆 + 𝑍𝑒𝑝2𝛥𝑍𝑒𝑝
𝑍𝑖𝑐

     (3) 

where Zic is the input common mode impedance of the voltage amplifier, whose typical 
expected value is approximately several MΩ with a parallel capacitance Ca of less than 10 
pF. Because Cc is in parallel with Zic, the total value for Zic may be dominated by Cc when 
it yields high values. Therefore, the Zep mismatch creates a significant effect. 

3. Materials and methods 

The research presented in this paper represents two separate studies. The first study 
encompasses a model-based analysis and simulations of the effect derived from capacitive 
coupling in EBIS measurements, which were performed to identify the most robust 
immittance spectrum against capacitive coupling artefacts and also the most suitable 
frequency range to perform an accurate Cole parameter estimation. The second study entails a 
performance of the identified spectrum and frequency range for the estimation of body fluids.  

3.1 Model-based analysis and simulation study  
Each of the three capacitive coupling effects introduced in the background have been 
analysed according to the corresponding models. The impedance expression for each model 
has been obtained and analysed for the most unfavourable case expected in a measurement 
scenario. The analysis considers each effect individually. 

3.1.1 Capacitive leakage effect 

The impedance of the model in Figure 2 is 

𝑍𝑚𝑒𝑎𝑠(𝜔) = 𝑍𝑇𝑈𝑆//𝐶𝑏𝑒𝑞
1+𝑗𝑤𝐶𝑎𝑒𝑞(𝑍𝑇𝑈𝑆//𝐶𝑏𝑒𝑞+2𝑍𝑒𝑝)

    (4) 

In the most unfavourable case, Caeq and Cbeq would attain values of 50 and 70 pF, 
respectively, and Zep would be modelled as in Figure 5 with both considered equal. Figure 5 
presents the equivalent model of the Zep proposed in (Riu et al., 1995) for gelled electrodes 
without skin preparation and its modulus spectrum. A larger Zep would be produced if the 
electrodes make insufficient contact or if the electrodes are poorly designed textrodes. In this 
paper, its double value has been considered for the most unfavourable case. In real 
measurements, larger values produce measurements that would be considered outliers. 

3.1.2 Crosstalk capacitance effect 

The impedance of the model in Figure 3 is 



𝑍𝑚𝑒𝑎𝑠(𝜔) = 𝑍𝑇𝑈𝑆 + 𝑍𝑒𝑝3∗𝑍𝑒𝑝1
𝑍𝑒𝑝3+𝑍𝑒𝑝1−𝑗 𝑤𝐶𝑖𝑒1⁄ + 𝑍𝑒𝑝2∗𝑍𝑒𝑝4

𝑍𝑒𝑝2+𝑍𝑒𝑝4−𝑗 𝑤𝐶𝑖𝑒2⁄   (5) 

where Zep1 and Zep2 are the current-injecting electrodes polarisation impedances and Zep3 
and Zep4 are the voltage-sensing electrodes polarisation impedances. Considering all four 
Zeps and both Cie values as equivalent yields a more compact equation for Zmeas: 

𝑍𝑚𝑒𝑎𝑠(𝜔) = 𝑍𝑇𝑈𝑆 + 2𝑍𝑒𝑝
2−𝑗 𝑤𝐶𝑖𝑒𝑍𝑒𝑝⁄ .     (6) 

In the most unfavourable case, Cie would possess a value of 15 pF and Zep would be 
modelled as the duplicate of the model in Figure 5. 

3.1.3 Impedance mismatch effect 

By applying (3) as the measurement impedance from the mismatch effect in the most 
unfavourable case, Zep2 can be modelled as the duplicate of the model in Figure 5. Thus, the 
resulting impedance mismatch would be 100%. For the simulation, Zic can be considered 5 
MΩΙΙ100 pF. 

3.1.4 Immittance spectrum selection 

The estimation of body fluids from EBIS measurements is performed by relating the Cole 
parameters R0 and R∞ to body fluid volumes. Thus, the most robust spectrum should be 
selected based on which spectrum produces the most accurate estimations for R0 and R∞ in 
the most unfavourable conditions for each case. 

Estimating the value for R0 and R∞, immittance spectroscopy data were fitted to the Cole 
function in the respective spectral domains using the nonlinear least squares method provided 
by the toolbox fitoptions in the MatLab software. The estimation for the values R0 and R∞ 
from the impedance domain were obtained by fitting the data to a circle in the impedance 
plane as in (Ayllón, Seoane et al., 2009). 

3.1.5 Selection of frequency limits  

A frequency reduction was proposed because the effect of capacitive coupling primarily 
affects the Cole estimation at high and low frequencies. The mean absolute percentage error 

A) B)  

Figure 5 Electrode polarisation impedance for gelled electrodes without skin preparation (Riu et al., 

1995): A) model and B) modulus spectrum 

10
1

10
2

10
3

10
4

10
5

10
6

0

1000

2000

3000

4000

5000

6000

7000

8000

9000

10000

F (Hz)

IZ
I (
Ω

)



(MAPE) for the impedance estimated for the entire frequency range for each of the capacitive 
coupling derived effects was calculated. The MAPE is the difference between Zmeas for the 
most unfavourable case and the Zmeas for the load. Both low MAPE values and error 
stability across the selected frequency range were considered when selecting lower and upper 
bounds for the frequency range. 

3.2  Validation of the approach 
3.2.1 Validation database 

Electrical bioimpedance spectroscopy and bromide and tritium dilution were simultaneously 
measured at Salhgrenska University Hospital in Gothenburg, Sweden. Examinations were 
conducted between 2005 and 2011. Tritium dilution was considered the reference method for 
TBF, and bromide dilution was considered the reference method for ECF; ICF was obtained 
as TBFTr−ECFBr. Appendix II includes a description of the isotope dilution estimates used as 
references. All subjects provided informed consent, and the study was approved by the local 
ethics committee. 

Table I Number of patients and average values for the anthropometric variables and 
fluid volume estimation by dilution methods (mean±S.D.) 

Nr patients 
Age 

(Years) 

Height 
(cm) 

Weight 
(Kg) 

BMI 
(Kg/m2) 

TBW 
(l) 

ECW 
(l) 

Male  Female 
56.88±14.17 171.36±9.91 83.8±18.4 28.43±5.33 42.57±9.52 18.27±4.04 

200 141 

The database described in Table I contains 703 EBIS measurements performed on 341 adult 
patients during stable GHRT. The measurements were performed with a bioimpedance 
spectrometer (Body Scout instrument, Fresenius Medical Care, Germany) according to a 
right-side wrist-to-ankle (RS-WA) tetrapolar configuration (Nyboer et al., 1950). All 
measurements were performed in the morning after an overnight fast. The lower frequency is 
5 kHz, and the upper frequency is 1 MHz. A total of 563 measurements contain 50 
exponentially distributed frequencies, and a total of 140 measurements contain 26 
exponentially distributed frequencies. Some of the measurements were significantly affected 
by capacitive coupling, whereas other measurements were only slightly affected by capacitive 
coupling. The software of the bioimpedance spectrometer fits the measurements to the ECM 
and provides the value for the corresponding parameter Td. 

3.2.2 Validation: Performance of body fluid estimation 

To test the ability of the most robust spectrum and frequency range used to estimate body 
fluids, three different sets of the extracellular resistances and intracellular resistances, Re and 
Ri, respectively, were employed. Re is equivalent to R0 and represents extracellular resistance. 
R∞ is the parallel of Ri and R0, and Ri represents intracellular resistance. The first set is 
provided by the software for the Body Scout spectrometer, and the second and third sets are 
obtained by Cole fitting in the conductance spectrum in the reduced frequency range [10–500 
kHz] and the entire recorded range [5 kHz–1 MHz]. The ECF and ICF volumes were 
calculated according to the method introduced by Moissl (Moissl et al., 2006). The constants 
obtained at Sahlgrenska Hospital and proposed in the same paper were used to minimise 



calibration bias due to equipment and the environment. The accuracy of the ECF and ICF 
estimations from all three sets of Cole parameters were obtained using the volume values 
from the dilution examinations in the database. 

4. Results 

4.1 Errors in the estimation of R0 and R∞ caused by capacitive coupling 

Figure 6 presents the errors in the estimation of R0 and R∞ caused by capacitive coupling. 
Capacitive leakage, crosstalking, and Zep mismatch effects, as well as fittings performed in 
the different spectra of the immittance, were considered. 

Regarding the capacitive effect, the accuracy when using the modulus and G, i.e., 
conductance, to estimate R0 is much higher than when using other spectra, such as X 
(reactance) or B (susceptance). The same scenario occurs in the estimation of R∞; however, 
unlike in the case of R0, G exhibits higher accuracy than modulus and R exhibits an 
inaccurate performance.  

Regarding crosstalking and the Zep mismatch effects, R0 and R∞ are accurately estimated in 
the domain of the X and B spectra. This finding is surprising because both spectra are 

A)  

B)  

Figure 6 Values of absolute error regarding the estimation of A) R0 and B) R∞ estimated by Cole fitting in the 

different domains. The phase was not considered because the fitting of the worst case for the capacitive effect 

was fixed at bound. The abbreviations in Figure 6 are as follows: IZI—modulus, R—resistance, X—

reactance, G—conductance, and B—susceptance 
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significantly influenced by both effects, which may be attributed to the fitting process, as 
illustrated in Figure 7.  

Regarding crosstalking and Zep mismatch effects, R∞ is accurately estimated when using G, 
the modulus, and R. Estimating R0 using these spectra results in a lower accuracy than when 
estimating R∞ as the error in these spectra is concentrated at lower frequencies and the lower 
frequency limit was set to 1 kHz.  

 4.2 Selecting the most robust spectrum of the immittance  
Based on the error caused by the different effects in the estimation of R0 and R∞, as shown in 
Figures 6A and 6B and the rankings in Tables II and III, the conductance spectrum is the 
most robust spectrum of the immittance against the influence of capacitive coupling. The G 
spectrum introduces the smallest values of absolute error for the estimation of R∞ against all 
three effects and nearly the smallest deviation for the estimation of R0 against the capacitive 
effect. Thus, the conductance was proposed as the most robust spectrum of the immittance. 

Table II Ranking of method robustness for the estimation of R0 for the three sources of capacitive 
coupling. The order was set according to the estimation errors presented in Figure 6a, whose 
values in Ω are shown in parentheses. 

 

 

 

R0 1 2 3 4 5 6 

Capacitive Modulus 
(6)  G (8) R (36) Circle (47) X(157) B (363) 

Crosstalking X (9) B (11) Circle (37) G (48) Modulus (65) R (68) 

Impedance 
mismatch B (5) X (13) Circle (35) G (41) Modulus (52) R (53) 

 
Figure 7 Result of fitting the crosstalking effect model for the worst case to the Cole model using A) the 

X spectrum and B) the B spectrum 

 



Table III Ranking of method robustness for the estimation of R∞ for the three sources of capacitive 
coupling. The order was set according to the estimation errors presented in Figure 6b 

 

4.3 Selecting the frequency range 
Because the effect of capacitive coupling is primarily evident at low and high frequencies, a 
frequency reduction was proposed in 3.1.5. Based on the MAPE in the G spectrum in Figure 
8, crosstalk and mismatch effects introduce a remarkable error at very low frequencies, which 
decreases with frequencies less than 1.5% at 10 kHz. The same sources of error also produce 
a distinct error at high frequencies. Regarding the capacitive effect, the error is small at low 
and medium frequencies and sharply increases at frequencies above approximately 500 kHz. 
The MAPEs of all three effects remain under 1.5% between 10 and 600 kHz. The frequency 
range of 10 and 500 kHz is sufficient to accurately estimate R0 and R∞ (Scharfetter et al., 
1998). Thus, that frequency range was proposed. 

4.4  Validation results: Body fluid estimation from clinical measurements 
The obtained values were compared with the volumes obtained from the reference dilution 
methods. The comparison of the estimation performance was performed using Bland-Altman 
and regression plots. 

R∞ 1 2 3 4 5 6 

Capacitive G (8) Circle (30) Modulus (35) X (82) B (115) R (168) 

Crosstalking G (1) Modulus (6) R (6) X (9) B (15) Circle (17) 

Impedance 
mismatch G (3) X (7) Modulus (8) R (8) B (15) Circle (14) 

 

Figure 8 MAPE of the G spectrum for each effect in the worst case 
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4.4.1 Estimation of ECF 
Figure 9 illustrates that the correlations between the ECF volumes obtained with all three 
EBIS methods and the ECF volume obtained with the NaBr dilution method were identical. 
Also the estimations presented almost identical values for the mean and standard deviation of 
the error. All volumes introduce larger errors in patients with high quantities of ECF. 
The regression and Bland Altman plots presented in Figure 9 indicated that the volume 
estimations for the produced ECF, which utilised R0 values obtained by Cole fitting in the G 
spectrum with frequency ranges of 10–500 kHz and 5–1,000 kHz, were similar and were also 
similar to the volumes obtained with R0 values provided by the Body Scout spectrometer.  

A)       

              

B)  

C)         

Figure 9 Regression and Bland-Altman plots of ECF using bromide dilution method as a reference: A) G [10–500 kHz], B) 

G [5–1,000 kHz], and C) Body Scout 
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4.4.2 Estimation of ICF 

Figure 10 illustrates that the correlations amongst the ICF volumes obtained with all three 
EBIS methods and the ICF volume obtained with the tritium dilution method were similar, 
and the estimations presented nearly identical values for the mean and standard deviation of 
the error. 

The regression and Bland-Altman plots presented in Figure 10 indicate that the volume 
estimations for the produced ICF, which utilised R∞ values obtained by Cole fitting in the G 
spectrum with frequency ranges of 10–500 kHz and 5–1000 kHz, were similar and were also 
similar to the volumes obtained with R∞ values provided by the Body Scout spectrometer.  

A)      

B)   

C)      

Figure 10 Regression and Bland-Altman plots of ICF using dilution methods as a reference: A) G [10–500 kHz], B) G [5–1000 
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5. Discussion 

5.1 Worst-case scenario 
Based on a complete circuit of EBIS measurement modelling of several mechanisms 
producing capacitive coupling, three specific models that consider the elements that cause 
capacitive leakage, crosstalking, and Zep mismatch effects were investigated. The worst-case 
scenario for each of the studied effects was established by assigning the maximum expected 
values to the circuit elements in the respective models. Subsequently, the spectra of EBI 
measurements obtained in each of the scenarios were calculated and compared with the actual 
spectrum of ZTUS. 

The worst-case scenarios considered in the specific models may have been too restrictive 
because the value set for the Zeps may have been too large, particularly at low frequencies. 
Large values of the Zeps were considered to account for the use of poorly designed textrodes 
or gelled electrodes with dried gel. Although measurement scenarios with old or bad 
electrodes are uncommon in a clinical environment, they may be more realistic in home-
based applications. Because bioimpedance measurements have the potential to become a part 
of home monitoring applications, in which patients may be required to perform 
measurements, large values of Zeps were assumed in the analysis.  

Higher values of Zeps primarily influence crosstalking and Zep mismatch at low frequencies 
and the estimation of R0 in the presence of those effects.  

A larger error in the estimation of R0 and R∞ may occur in a combined most unfavourable 
case, in which all three sources of errors are combined. However, the values considered for 
the capacitances were the largest values expected; all sources of error are very unlikely to 
appear in a realistic scenario. The capacitive leakage effect is primarily evident at high 
frequencies, where it produces a modulus drop and an accentuated phase drop. Crosstalking 
and Zep mismatch effects are approximately additive and produce an increase in modulus at 
low frequencies and an increase in phase at high frequencies. These two effects partially 
cancel out the capacitive leakage effect.  

It is very unlikely to obtain EBIS measurements that are more affected by capacitive coupling 
artefacts than in the cases considered in this paper. Such measurements should be discarded 
as outliers.  

5.2 Conductance spectrum and other alternatives 
The study demonstrates that the conductance, or G spectrum, is the most robust alternative. If 
the EBIS measurements are performed with proper skin preparation, Zep values are expected 
to be in the range of the values reported in (J. C. Marquez, 2013), i.e., below 1,300 Ω at 3 
kHz. Under these conditions, the conductance spectrum would be largely free from artefacts 
caused by capacitive coupling over the entire frequency spectrum, thus rendering the G 
spectrum more suitable for Cole model fitting. 

Although the modulus spectrum is more influenced than G for all effects, it is relatively 
robust, very robust at frequencies of 10–500 kHz. The alternative of using the modulus of the 
EBIS measurement is of special interest because it would enable the implementation of 
simpler and more affordable EBI spectrometers for Cole-model-based applications. 



5.3 Limitations of frequency 
Because capacitive coupling is influential at both low and high frequencies, modification of 
the lower and upper limits to reduce the frequency range, as proposed between 10 and 500 
kHz, would eliminate the parts of the EBI spectrum affected by capacitive artefacts. An 
accurate estimation of the Cole parameters should be easily achieved from total right-side 
EBIS measurements obtained within this frequency range (Buendía et al., 2011). The 
elimination of measurements at frequencies below 10 kHz helps to minimise α-dispersion 
overlapping, and the elimination of measurements at frequencies above 500 kHz helps to 
minimise blood dispersion overlapping (Scharfetter et al., 1998). 

It is important to minimise the effects of dispersion overlapping because the Cole model loses 
its applicability when EBIS measurements contain two dominant dispersions. The human 
body impedance is dominated by muscle tissue and blood inside the β-dispersion; however, 
the characteristic frequency of blood is greater than one order of magnitude higher than that 
of muscle tissue (Kanai et al. 1987) and is extremely weak below 500 kHz.  

5.4 Estimation of body fluids 
Cole parameters that were extracted from the EBIS measurements in the clinical database 
through Cole model fitting to the G spectrum in the frequency range [10-500 kHz] were used 
to estimate body fluids. The obtained results indicated that the obtained estimations were 
nearly identical to the volume values estimated from the EBIS measurements recorded using 
the entire frequency range, i.e., [5 kHz–1 MHz], or the volume values calculated with the 
Cole parameters provided by the Body Scout spectrometer.  

The Body Scout spectrometer software fit EBIS data to the ECM to reduce the deviation 
caused by measurements artefacts. The ECM cannot be justified from a theoretical 
perspective because it treats the measurement deviations as parasitic effects that are linear 
with phase, which is unrealistic because the deviation caused by the effects of stray 
capacitances are not linear with phase. In addition, the mechanism to obtain the value for the 
parameter Td remains unpublished. However, the ECM provides a good fit for EBIS 
measurements in the majority of cases and is implemented in the software of most 
commercial EBI spectrometers, e.g., SFB7 by Impedimed ltd.  

The results indicate that the agreement between the estimations of body fluids using G in 
both frequency ranges and volumes obtained with dilution methods were similar and within 
the expected range compared with experiments reported in the literature (Jaffrin et al., 2008; 
Moissl et al., 2006). That agreements did not significantly differ from the agreement between 
the volume estimation performed with the Body Scout values and the reference dilution 
methods.  

As the tetrapolar total right-side measurements were obtained by trained clinical staff in a 
hospital with standard gel electrodes placed on prepared skin and an acceptable skin-
electrode interface, small Zep values are expected. The database employed in the evaluation 
contains EBIS measurements with high and low levels of capacitive coupling; however, the 
deviations observed in the measurements are significantly smaller than those caused by the 
most unfavourable cases in the simulations. This finding may explain why differences in the 
Cole parameters estimated with the different approaches were minor. In addition, the 



sensitivity to errors in R0 and R∞ in the body fluid estimation is minor (Sanchez 2013). Thus, 
the differences in body fluid estimation were hardly significant. 

6. Conclusion 

The feasibility of estimating body fluids using the conductance in the frequency ranges of 
10–500 kHz and 5 kHz–1 MHz was proven. Although the validation results do not display 
significant improvements compared with the prevalent method, i.e., fitting to the ECM 
implemented in the software of most EBIS spectrometers, the main advantage is the 
elimination of models that lack a theoretical basis and whose parameter estimation algorithms 
remain unpublished. In addition, the simplicity and robustness against strong capacitive 
coupling may increase.  

The use of full conductance spectrum measurements may be advisable in clinical 
measurements performed by professionals with skin preparation. However, for home care 
applications, in which patients perform the measurements, restricting the frequency to the 
range of 10 to 500 kHz may be advisable and requires further examination. 
  



APPENDIX A Influence of capacitive coupling in the different spectra 

The way the different spectra of the immittance are influenced by all three effects, which are 
derived from capacitive coupling, is shown in Figures A1 to A4. 

  

 

Figure A1 Capacitive effect spectra. ZTUS was modelled as a Cole total body impedance with the following parameter 

values: R0=450 Ω, R∞=300, fc=30 kHz, and α=0.7. Caeq and Cbeq were given values of 50 and 70 pF, respectively, which 

represent maximum expected values, and Zep was modelled as in Figure 5. Both values were considered equivalent. 
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Figure A2 Inductive effect spectra. ZTUS was modelled as a Cole total body impedance with the following parameter values: R0=450 

Ω, R∞=300, fc=30 kHz, and α=0.7. Cie was given a value of 15 pF, which represents the maximum expected value, and Zep was 

modelled as in Figure 5. All four values were considered equivalent. 
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Figure A3 Crosstalking effect spectra with double Zep. ZTUS was modelled as a Cole total body impedance with the following 

parameter values: R0=450 Ω, R∞=300, fc=30 kHz, and α=0.7. Cie was given a maximum value of 15 pF, which represents the maximum 

expected value, and Zep was modelled as the duplicate of the model in Figure 5. All four values were considered equal. 
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Figure A4 Electrode polarisation impedance mismatch effect: Zep of the model in Figure 5 

Zep2=2*Zep, ΔZep=Zep, and Zic=5 MΩ//100 pF 
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APPENDIX B Dilution method estimates 
Tritium dilution  

TBF was determined by isotope dilution of tritiated water (THO) (Bruce et al., 1980). On the 
morning of the investigation, the subjects were orally administered 100 uCi (3.7 MBq) of 
THO, which was added to 100 ml of tap water, and the vial was rinsed with another 100 ml 
of tap water and ingested by the subject. Prior to the administration of THO, the subjects 
delivered a urine specimen of a minimum of 10 ml. After an equilibration period of 3 h, a 
blood sample of approximately 10 ml was taken from a cubital vein, and the activity of 
plasma water, which was obtained by sublimation, was counted in a liquid scintillation 
counter. The coefficient of variation of a single TBF determination was 3.2%. The tritium 
dilution volume may have overestimated TBF for migration of tritium into nonwater 
compartments; as a result, the tritium dilution volume was adjusted to TBWdil(l)=0.96 × 
tritium dilution volume (Schoeller et al., 1996). 

Bromide dilution  

ECF was determined by sodium bromide (NaBr) dilution as described in (J. Miller et al., 
1989). Subjects ingested 45 ml of 5% NaBr solution; samples were assayed after precipitation 
of serum proteins with methanol using an ion exchange HPLC device (Dionex Corp., 
Sunnyvale, CA, USA). The CV in duplicate samples was 0.7% (within run) and 3.3% 
(between runs). 

APPENDIX C Clarification of the equivalent capacitance Cbeq in the capacitive 
leakage model 
Considering only pathway 3 in the model of Figure 1 

𝑍𝑚𝑒𝑎𝑠 = 𝑉𝑚𝑒𝑎𝑠
𝐼0

     C1 

𝑉𝑚𝑒𝑎𝑠 = 𝐼𝑇𝑈𝑆 ∗ 𝑍𝑇𝑈𝑆     C2 

𝐼𝑇𝑈𝑆 = 𝐼0 − 𝐼𝑙𝑒𝑎𝑘    C3 

𝑍𝑚𝑒𝑎𝑠 = (𝐼0−𝐼𝑙𝑒𝑎𝑘)
𝐼0

∗ 𝑍𝑇𝑈𝑆    C4 

Ileak is a fraction of I0 determined by the values ZTUS, Cbe, and Ceg. 

A model with only Cbeq is depicted in Figure A5. Zmeas is depicted in the following equations 
and in C1–C4. Ileak is given by  

 
𝐼𝑙𝑒𝑎𝑘 = 𝐼0

𝑍𝑇𝑈𝑆//𝑋𝐶𝑏𝑒𝑞
𝑋𝐶𝑏𝑒𝑞

      C5  

and is determined by the values of ZTUS and Cbeq. Cbeq represents Cbe and Ceg. 
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Abstract 
Determination of body fluids is an useful common practice in determination of disease mechanisms 
and treatments. Electrical Bioimpedance Spectroscopy (EBIS) methods are non-invasive, inexpensive 
and rapid alternatives to reference methods such as tracer dilution. However they are indirect and their 
robustness and validity are unclear. In this article, all state of the art methods are reviewed; their 
drawbacks identified and new methods are proposed. All methods were tested on a clinical database of 
patients receiving growth hormone replacement therapy. Results indicated: 1) in every case the 
correlation between extracellular fluid (ECF) volume estimated by EBIS and by bromide dilution was 
around 0.93, the coefficient of variation (CV) was around 3 (over a mean estimation around 18 L) and 
the bias was small. Correlations between total body fluid (TBF) estimations by EBIS methods and 
tritium dilution were around 0.97, the CV was between 4.5 and 6 (over a mean estimation around 40 
L) and the bias small. Correlations between the intracellular fluid (ICF) volume estimated by EBIS 
and dilution methods were typically 0.92, the CV was slightly over 4 (over a mean estimation around 
21 L) and the bias small. The sample size was 344 estimations. 2) Those levels of agreement cannot be 
significantly increased by the time being. Thus the method is accurate, however it has robustness 
limits and before applying EBIS to estimate body fluids it must be decided whether these limits are 
good enough. 3) It is hypothesised that the error in ECF estimation is due to anisotropy, in TBF 
estimation to the uncertainty associated with intracellular resistivity, ρi, and in determination of ICF to 
the addition of both. 
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1. Introduction 
Knowledge of body composition parameters aids in the diagnosis, treatment and better understanding 
of hydration and nutrition status as well as disease mechanisms (Pierson, 2003). The measurement of 
body fluid volumes i.e. extracellular fluid (ECF), intracellular fluid (ICF) and their sum total body 
fluid (TBF) is the basis for the derivation of other body composition parameters, such as fat-free mass 
(FFM) which is predicted from the hydration fraction, commonly assumed as 73.2%, of TBF. Another 
example is body cell mass (BCM), which is considered to be directly proportional to ICF. BCM is 
particularly nutritionally important because it encompasses the mass of all the components in the body 
which perform work and thus consume energy and oxygen. Another example is that independent 
measurements of FFM and TBF allow dehydration detection, frequent in elderly people or athletes 
after training. Also an excess of ECF may indicate oedema in cardiac patients (Buendia et al., 2010) or 
lymphedema in breast cancer patients after surgery (Ward et al., 1992). In hemodialysis patients 
excess fluid accumulation, measured as an increase in ECF, is used to determine the amount of fluid 
that should be removed by ultrafiltration (Scanferla et al., 1990). 
Isotopic dilution methods are considered as golden standard in body fluid estimation1. Total body 
water is estimated by deuterium or tritium dilution (Schloerb et al., 1950), extra cellular water by 
bromide dilution (Miller et al., 1989) and intra cellular water can be measured by a radioactive 
potassium isotope, 40K, that occurs naturally at a fixed proportion in body potassium (R. Pierson et al., 
1982). These methods may be very accurate however they are invasive as they require blood samples 
and are expensive due to the costs of the isotopes and methods of analysis e.g. by mass spectrometry. 
In addition, studies cannot be repeated at short intervals owing to retention of residual tracer in the 
body. Therefore, they cannot be used to measure volume variations over a short period of time. On the 
other hand, EBIS methods are non-invasive, inexpensive, simple and fast alternative approaches to 
measurement of body fluid volumes. They are, however, indirect and their accuracy is very much 
dependent upon the validity of the electrical model of tissues on which they are based (Jaffrin et al., 
2008).  
Model validity is the principal underlying problem in EBIS. For example, some authors explain that 
by fitting EBIS measurements, performed inside the β-dispersion window, to the Cole model (Cole, 
1940) and extrapolating them to the real axis, the resistances at DC and ∞ frequency can be 
determined. Also that the resistance at DC is the resistance of the extracellular compartment, the 
resistance at ∞ frequency the one of the total body fluid compartment and their antiparallel, the 
resistance of the intracellular compartment (De Lorenzo et al., 1997). However this is a too broad 
approximation to reality. On the contrary, other authors directly reject EBIS as a way to estimate body 
fluid volumes due to the anisotropy of the human body and the impossibility of measuring 
bioimpedance at DC and ∞ frequency (Grimnes et al., 2008). 
Other problems of estimating body fluid volumes with EBIS are that inaccuracies appear at different 
stages of the approach. EBIS methods can be divided in 3 stages. The first stage is to estimate 
resistances at low and high frequencies inside the β dispersion window by performing model fitting to 
the measurement. Second stage consists of relating those resistances to body volumes. Third stage is 
about accounting for the non-conductive components of the body, by applying Hanai’s mixture theory 
model (Hanai, 1960). 
The aim of this paper is to review critically the methods based on EBIS that are used to estimate fluid 
volumes. The validity of the models as well as errors and inaccuracies in every stage are reviewed and 
new approaches which avoid those errors and inaccuracies are proposed and tested. Finally, the 

1 Strictly methods such as tracer dilution measure the volume of the water spaces only, however some solids 
contribute to the electrical field when estimating volumes by EBIS. Since water represents greater than 95% of 
the total fluid space, the terms fluid spaces and water space are used interchangeably throughout the manuscript. 
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accuracy of existing EBIS approaches and the newly-proposed ones, were experimentally compared 
against isotope dilution methods using a database of measurements of patients receiving growth 
hormone replacement therapy.  

2. Validity of the approach
Body fluid volumes estimated with EBIS measurements are derived data. Therefore, the validity of the 
estimation depends on the validity of the underlying descriptive electrical models of the body. 

2.1 EBIS measurement models 
An early model of the resistances of the extra and intra-cellular compartments of the body and a cell in 
conducting fluid is that of Fricke (1924, 1925) see Figure 1. In this model of a cell, the membrane is 
considered as a capacitance, Ri is the intracellular resistance and Re is the extracellular resistance. 
Moving to a cell suspension in a conductive fluid, the ionic current flowing through biological tissue 
follows different paths at dependent upon applied frequency, Figure 2. Current flowing at very low 
frequencies does not pass through the cells; instead, current flows through the extracellular medium. 
However as frequency increases the cell membrane capacitor charges and discharges the current at the 
frequency rate. Thus, the charge displacement in the cell membrane becomes significant and current 
flows through the cell membrane by displacement. At very high frequencies, i.e. the upper part of the 
β dispersion window, the charge-discharge process is so fast that the cell membrane effect is very 
small and nearly all the current flows through the cell in the same way as outside the cell. The 
representation of the Fricke’s model in the Wessel diagram is a semicircle with the centre in the real 
axis.  
In an ideal case with spherical and uniformly distributed cells, the Fricke model is still valid, but 
accounting for different distributions of cells with different shapes and sizes the Cole model should be 
used instead. The Cole function  

𝒁(𝝎) = 𝑹∞ + 𝑹𝟎−𝑹∞
𝟏+(𝒋𝝎𝝉𝒁)𝒂

(1) 

introduced in 1940 (Cole, 1940) it is compatible with the Fricke’s model when α=1. α is needed to 
account for different distributions of cells and different cell shapes and sizes; it takes values between 0 
and 1 and makes the semicircle of the Cole plot in the Wessel diagram to be depressed, the smaller the 
value of α the more depressed is the semicircle. R0 is the resistance at zero frequency and R∞ the 
resistance at infinite frequency. τ is the time constant associated with the characteristic frequency, i.e. 
the frequency of the apex of the semicircle, τZ = (ωC)−1. Figure 3a shows the Cole plot and Figure 3b 
shows Cole model equivalent circuit. 

Figure 1 Fricke’s electrical model and the circuit representation. The membrane conductance usually is very 
small; thus, it is considered to be negligible 
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Figure 3 Cole a) plot and b) equivalent circuit 

The Cole equation defines one dispersion, the β-dispersion, the one used for estimating body fluids 
volumes. However, in cell suspensions in a conductive fluid as well as in biological tissue are found in 
more than one dispersion (Grimnes et al., 2005) substituting R0-R∞=1/∆G, the Cole equation becomes 

𝒁(𝝎) = 𝑹∞ + 𝟏
∆𝑮+∆𝑮(𝒋𝝎𝝉𝒁)𝒂

 . (2) 

Moving to equation (2) provides a more realistic view of the Cole model. R∞ is the series resistance. 
The constant phase element (CPE) depicted in Figure 3b is the parallel of a conductance and a 
capacitance, both variable with frequency in a way that the phase remains constant with frequency. τZ 
is the time constant and ΔG is an ideal parallel conductance. A complete explanation of the CPE and 
Cole model can be found in (Grimnes et al., 2008).  
From (2), the capacitance CCPE of the CPE is found to be 

𝑪𝑪𝑷𝑬 = ∆𝑮
𝝎

(𝝎𝝉𝒁)𝜶 𝒔𝒊𝒏(𝜶𝝅 𝟐⁄ ) (3) 

In Grimnes et al. (2008), it was pointed out that equation (2) reveals that the Cole model presupposes a 
CPE element in parallel with an ideal conductance ΔG. That conductance is proportional to the CPE 
admittance and thus a parallel conductance is not an independent parameter in the Cole model. 
However in biological systems, parallel processes are often independent. In order to understand this in 
cell suspensions, ΔG together with R∞ represent the electrical behaviour of the cell interior which 
should be independent of the cell membrane represented by the CPE. In the Cole model, τZ is 
independent of ΔG that is a dependent variable. However in biological tissue, the time constant is 

Figure 4 DRT compatible model in impedance a) and admittance forms 
Figure 2 Current flow in tissue at low and high frequencies shown in A and B, respectively 

(Marquez 2013) 

4 

Figure 3 Cole a) plot and b) equivalent circuit



dependent upon the conductance and thus the Cole model does not agree with relaxation theory.  
Briefly clarifying the meaning of relaxation theory, when an electric field is applied to a biomaterial 
there occurs a displacement of charges. This displacement is not instantaneous and different charged 
molecules or proteins need different times. If the measuring frequency is low enough and all charges 
get their required time to change their position i.e. to relax, polarization is maximal. But with 
increasing frequency the polarization and permittivity will decrease. This time dependence may be 
characterized by introducing the concept of relaxation. Relaxation time is dependent on the 
polarization mechanism. Electronic polarization is the fastest mechanism, with relaxation in the higher 
MHz and GHz region. Large organic molecules like proteins may have a particular large permanent 
dipole moment having a long relaxation time. Dispersion is the frequency dependence according to the 
laws of relaxation and the correspondent frequency domain concept of relaxation. Permittivity as a 
function of frequency; clarifying the complex permittivity of a material at a certain frequency depends 
of the components of that material which have time to relax. 
In an EBIS measurement, when electrical current is injected, it appears as an electric field in the 
opposite direction. At very high frequencies, only the mechanisms of the γ dispersion contribute to 
that electric field (only those ones have time to relax). The lower the frequency the more mechanisms 
contribute to that electric field (other dispersions) making it larger. Therefore, the lower the frequency 
the larger the electrical field and the smaller the conductivity since it is proportional to the current, 
which is kept constant, and inversely proportional to the electric field. Further and extensive 
explanation can be found in Grimnes et al. (2008). 
An alternative model with the time constant as a conductance dependent parameter, which agrees 
distribution of relaxation times (DRT) i.e. relaxation theory has been presented (Grimnes et al., 2008). 
The equation of that model is  

𝒁(𝝎) = 𝑹∞ + 𝟏
𝑮𝑽𝒂𝒓+𝑮𝟏(𝒋𝝎𝝉𝒁)𝒂

    (4) 

and its equivalent electrical models are depicted in Figure 4  
In this model, a new parameter G1 has been introduced. This parameter is invariant and is linked to τZ 
which is neither variable. Since Gvar is variable and G1 is not, a variation in Gvar means a variation in 
τZm that is dependent on the conductance as happens in biological tissue. Otherwise in the Cole model, 
∆G is ideal and invariant and τZ is independent in disagreement with relaxation theory.  
For discrete measurements, there is equivalence between both models and thus the Cole fitting 
techniques and the descriptive power of the Cole model as well as its simplicity are still valid and 
useful with this newer model. Alternatively, the DRT-compatible model might be useful for EBIS 
monitoring as well as an explanatory model including discrete measurements, allowing a better 
understanding of biological mechanisms. 

 
Figure 4 DRT compatible model in impedance a) and admittance forms 
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2.2 Problems relating bioimpedance to body composition: current 
flow through the human body 
When using EBIS to estimate body fluid volumes, resistances at high and low frequencies inside the β-
dispersion window are regarded as the resistances of ECF and TBF respectively. Applying the DRT-
compatible model (S Grimnes et al., 2005) in admittance form might be the more preferable model for 
explanatory purposes. In this view, whole body impedance G0 can be regarded as the ECF 
conductance and G0+1/Rvar as the TBF conductance which would be independent of the cell membrane 
represented by the CPE. Since it does not make practical difference in using R0 and R∞ of the Cole 
model, these are used in this article because they are provided by the EBIS spectrometer used in the 
experimental work that provided the measurements in the database. 
R∞ is the resistance in the upper extreme of the β-dispersion window which can be directly related to 
the conductivity in the upper extreme of the β-dispersion window. This conductivity is much smaller 
than the conductivity at infinite frequency due to the relaxation of water containing salt and proteins. 
However, R∞ provides a good approximation to a resistance at a frequency at which the capacitance of 
the tissue under measurements (TUS) is non-significant i.e. the cell membrane does not present a 
significant effect. Hence it is possible to relate it to TBF as the current flows indistinguishably outside 
and inside the cells as shown in Figure 2b. TBF conductivity is estimated by calibration as it depends 
on factors that currently cannot be controlled.  
Whether estimating R0 with data belonging only to the β-Dispersion window the case is similar to the 
case of R∞ although the conductance and conductivity at DC is not so much smaller than in the lower 
extreme of the β-Dispersion window. In any case R0 can be a good approximation to a resistance at 
which the capacitance of the TUS is non-significant and the cell membrane isolate the cell interior 
from applied current, as shown in Figure 2a, being possible relating it to ECF. ECF resistivity should 
also be obtained by calibration.  
The second problem is the anisotropy. In the case of cell suspensions, see Figure 2, where the cells are 
not spherical, the current at low frequencies would follow a longer path in one direction than in 
another. The human body is a very heterogeneous material presenting a much bigger anisotropy than 
cells suspension and interfacial processes are very important. The cells are of uneven size and shape 
with very different functions and electrical behaviour. All this is translated in electrical anisotropy. 
Anisotropy is present at all scales, but for current flowing through the human body, anisotropy means 
that the conductivity is direction-dependent, i.e. a vector in each point, and, consequently, the 
conductivity in one direction might be different than in another. This hinders the simple application of 
Ohm’s Law.  
Considering a EBIS measurement intended to measure the total body impedance, e.g. with the typical 
wrist to ankle electrode configuration, RS-WA in Figure 5a. Figure 5.b shows an approximation to the 
path the current would follow as well as possible values for resistances of the different segments at 
low frequencies. Current at low frequencies would flow through the interstitial fluid of the muscles 
and tendons and also through the blood vessels after penetrating the vessel membranes that would 
represent additional impedance. In the torso, the membranes of the organs, as well as their very 
different compositions and cells types, presents a large anisotropy which, due to the large section of 
the trunk, does not markedly affect the value of the whole body impedance.  
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The presence of anisotropy does not mean ECF cannot be estimated with bioimpedance 
measurements; the average resistivity for a given measurement set-up, e.g. RS-WA, estimated by 
calibration, might be accurate enough for most applications if the sample is big enough. This points to 
anisotropy as a non-critical drawback to EBIS but implies an intrinsic inaccuracy that must be 
assumed and accepted. Supporting this, is the fact that, since ECF is basically interstitial fluids and 
plasma, Van Loan et al in (1993) were able to relate reliably R0 to ECF utilizing fixed resistivities 
close to 40 Ω.cm,  the average ECF resistivity stated in Pitts (1972) with satisfactory results. Relating 
the parallel of R0//RVar or R∞ to TBF, anisotropy would not have a marked effect since, at high 
frequencies, the current easily penetrates the membranes irrespective of cell orientation. 

3. The EBIS method review 
3.1 EBIS measurement and estimation of resistances at low and high 
frequencies 
Resistances at low and high frequencies are estimated by fitting the EBIS measurement to the Cole or 
the DRT-compatible model. Buendia et al. (2013) undertook an analysis of the different ways to 
perform this fitting and concluded that most suitable approach is to fit the conductance of the 
measurements to the conductance of the Cole function. However in the same article, it was found that 
there was no significant difference in predicted volumes of ECF and ICF for experimental data when 
using R0 and R∞ as a result of applying conductance fitting or using the ones provided by the software 
of the spectrometer (Body Scout instrument, Fresenius Medical Care, Germany) used to collect the 
data; the Body Scout fits EBIS data according to the extended Cole model (ECM).  

3.2 Relating resistance to body volume: geometric considerations 
Once the resistances at low and high frequency have been estimated, the 2nd step is to approximate the 
human body as a sum of 5 cylinders (limbs and trunk). This is done through a dimensionless shape 
factor Kb which adapts the resistance of a cylinder to the resistance of 3 cylinders as 

 
Figure 5 Wrist to ankle RS EBI measurements set-up 
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𝑹 = 𝑲𝒃𝝆𝑯𝟐

𝑽𝒃
   (5) 

This is because, in the RS-WA configuration, the current flows through the right arm, the trunk and 
the right leg. Thus a value for Kb in (5) which adapts the resistance of the body to the resistance of 3 
cylinders is required. Kb would be 1 if the body is considered as a single uniform cylinder. Because the 
body is considered as 5 cylinders and the current in wrist to ankle measurements passes through 3 of 
them Kb depends on the length and circumference of the arms and legs. Kb is independent of any 
electrical parameter of the body.  
De Lorenzo et al. in Appendix B of their review of BIS (De Lorenzo et al., 1997) explains how Kb is 
calculated from the length and perimeters of the limbs and trunk such that, when measuring between 
the wrist and the ankle, the measured resistance will be 

𝑹 = 𝝆𝟒𝝅(𝑳𝒂
𝑪𝒂𝟐

+ 𝑳𝒍
𝑪𝒍
𝟐 + 𝑳𝒕

𝑪𝒕𝟐
)  (6) 

Van Loan et al. (1993) used a value of Kb = 4.3 derived from published anthropometric measurements 
in adults. Since different groups of people have very different body shapes and hence anthropometric 
ratios, the assumption of a fixed Kb value could introduce significant error. For example, the Kb value 
appropriate for EBIS measurements in new born babies was found to be 3.8 (Collins et al., 2013).  
Potential inaccuracy produced by assuming a fixed 𝐾𝑏 could be reduced by introducing correction for 
subject-specific length and circumferences of the arm, leg and trunk. However, applying such 
correction in practice would be tedious. Alternatively, correcting the shape factor according to BMI 
can be undertaken (Moissl et al., 2006). Unfortunately, BMI is less than ideal since it simply provides 
an index of body shape based on height and weight and takes no account of the distribution of the 
weight. For example, women have a tendency to accumulate fat in legs and buttocks whereas men 
have a tendency to accumulate fat in the abdomen; arms and legs contribute more to the WA-RS 
bioimpedance than the trunk. Thus, correction for sex may also be required. In addition, correction for 
race may be necessary because different races have longer or shorter limbs.  

3.3 Accounting for non-conducting tissue 
When calculating the body fluid volumes, the next step is to take into account the effect of non-
conducting tissues embedded in conducting tissues, ECF and TBF, which increases their apparent 
resistivity 𝜌a. This is done by using  

𝝆𝒂 = 𝝆

(𝟏−𝒄)
𝟐
𝟑�
   (7) 

from Hanai’s mixture conductivity theory (Hanai, 1960) where c is the volume fraction of non-
conducting tissues embedded in the conductive tissue. 
Hanai’s equations are only applicable at the high and low frequencies found in the human body. This 
is because at low frequency, the ECF is conducting and the rest is not conducting, at least not 
significantly. In the same way at high frequency, the TBF is conducting and the rest is not 
significantly conducting. At intermediate frequencies, the effect of membrane capacitance (Cm) comes 
into play and the current encounters additional impedance before entering the cells. 𝜌a is dependent on 
the concentration of non-conductor present in a mixture, giving rise to an empirical exponent ranging 
from 1.43 for very small spheres to 1.53 for packed cylinders. Hanai’s theory predicts an exponent, 1.5 
for biological tissues; values confirmed in human blood in vitro (De Lorenzo et al., 1997) and hence 
appears to be a good approximation. 
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4. State of The Art of Body Fluid Estimation 
4.1 ECF 
The extracellular apparent resistivity 𝜌𝑎𝑒 can be calculated using (7) with a volume fraction c=1-
ECF/𝑉𝑏 .  𝜌𝑎𝑒 substitutes 𝜌 in (5) in order to obtain the extracellular resistance. At low frequency c is 
equal to 1− ECF/𝑉𝑏 because only the ECF volume is conducting. The above assumptions lead to the 
following equation for ECF apparent resistivity 𝜌𝑎𝑒 

𝝆𝒂𝒆 = 𝝆𝒆 �
𝑽𝒃
𝑬𝑪𝑭

�
𝟑
𝟐�    (8) 

Therefore, substituting 𝜌 in (5) by (8) the ECF resistance Re may be written as 

𝑹𝒆 = 𝑲𝒃𝑯𝟐𝑽𝒃
𝟏
𝟐� 𝝆𝒆𝑬𝑪𝑭

−𝟑
𝟐�   (9) 

After replacing Vb in (9) by W/Db, where W is the body weight and Db its density, the ECF volume may 
be expressed as  

𝑬𝑪𝑭 = 𝑲𝒆 �
𝑯𝟐𝑾

𝟏
𝟐�

𝑹𝒆
�
𝟐
𝟑�

 (10a) 𝑲𝒆 = �𝑲𝒃𝝆𝒆
𝑫𝒃
𝟏
𝟐�
�
𝟐
𝟑�

 (10b) 

Assuming 𝐾𝑏=4.3 and the body density fixed of 1.05 (g/mL), the remaining parameter in Ke is the 
extracellular conductivity. The ionic composition of ECF is mainly plasma and interstitial fluid which 
have a resistivity close to that of saline, about 40 Ωcm. In (Van Loan et al., 1993), empirically derived 
values of ρe=40.3 Ω.cm for men and ρe=42.3 Ω.cm for women were used with satisfactory results. In 
De Lorenzo et al. (1997), ρe=39 Ω.cm was used for women and 40.5 Ω.cm for men; they were also 
used in (Matthie, 2005). Since the ionic composition of extracellular fluids is virtually identical for 
men and women (Lukaski 1986) there should not be any difference between the ECF conductivity of 
men and women. Since resistivities are determined empirically, by calibration of EBIS measurements 
with dilution methods in vivo, the observed difference in apparent conductivity might be caused by 
variability of 𝐾𝑏. 
Even if the mean approximations for the constants contained in 𝐾𝑒  (10b) are relatively accurate, each 
of them inevitably still has associated variability, between individuals or populations, which are large 
enough to produce a significant prediction error. Therefore the ideal option is to obtain 𝐾𝑒 by 
calibration of EBIS measurements against reference methods for the specific population of interest. A 
few such studies have been undertaken. Unfortunately only group mean values are frequently reported 
although even in healthy individuals variation in apparent resistivities of up to 30% in adults (Ward et 
al., 2008) and 29% in babies (Collins et al., 2013) have been reported. Such a wide variation appears 
most likely due to the assumption of a constant Kb. Such errors are likely to be compounded in patients 
with different diseases who may have different shape factors and tissue conductivities. Consequently, 
𝐾𝑒 should always be determined in calibration studies in populations as closely matched as possible to 
those of interest. 
Moissl (Moissl et al., 2006) proposed to obtain 𝐾𝑒 by regression methods corrected as function of BMI 
according to equation (11) following on from the work of (Carter et al 2005) to take into account 
differences in body composition which are reported to introduce systematic errors to the volumes. This 
approach appears to produce EBIS predictions of body fluid volumes closer to those determined using 
reference methods in both healthy people and dialysis patients (Yanna et al., 2011).  

𝑲𝒆 = 𝒂
𝑩𝑴𝑰

+ 𝒃   (11) 
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4.2 TBF 
According to Hanai’s mixture theory at very high frequency, ideally ∞ frequency, the total fluid 
apparent resistivity 𝜌𝑎∞ can be calculated using (7) with c=1-TBF/Vb.  𝜌𝑎∞ substitutes 𝜌 in order to 
obtain the TBF resistance. At very high frequency c is equal to 1−TBF/Vb because the cell membrane 
is not acting and the TBF volume is conducting. The above assumptions lead to  

𝝆𝒂∞ = 𝝆∞ �
𝑽𝒃
𝑻𝑩𝑭

�
𝟑
𝟐�   (12) 

for TBF apparent resistivity 𝜌𝑎∞. Therefore substituting 𝜌 in (5) by (12) the TBF resistance R∞ may be 
written as  

𝑹∞ = 𝝆𝒂∞
𝑲𝒃𝑯𝟐

𝑽𝒃
   (13) 

Note that the resistance at very high frequency i.e. R∞ is the resistance of TBF and R∞ is the parallel 
Re//Ri. Now, combining (12) and (13) the TBF is obtained as  

𝑻𝑩𝑭 = 𝑲𝒕 �
𝑯𝟐𝑾

𝟏
𝟐�

𝑹∞
�
𝟐
𝟑�

 (14a) 𝑲𝒕 = �𝑲𝒃𝝆∞
𝑫𝒃
𝟏
𝟐�
�
𝟐
𝟑�

 (14b) 

Assuming fixed values for 𝐾𝑏 and body density, the remaining parameter in derivation of Kt is the 
conductivity at infinite frequency. Unfortunately calculating its value is not straightforward as for 
ECF. 
Assuming that the mean total water resistivity, 𝜌∞, is linearly related to ECF and ICF resistivities in 
proportion to their respective volumes as proposed in (De Lorenzo et al., 1997), it can be shown that 

𝝆∞(𝑬𝑪𝑭 + 𝑰𝑪𝑭) = 𝝆𝒆𝑬𝑪𝑭 + 𝝆𝒊𝑰𝑪𝑭.  (15) 

However Matthie et al. in (2005) found that the effect of a change in the ECF:ICF ratio on ρ∞ is highly 
nonlinear. In the same article an improved equation for ρ∞ was proposed as 

𝝆∞ = 𝝆𝒊 − (𝝆𝒊 − 𝝆𝒆) � 𝑹𝑰
𝑹𝑬+𝑹𝑰

�
𝟐
𝟑� = 𝝆𝒊 − (𝝆𝒊 − 𝝆𝒆) �𝑹∞

𝑹𝟎
� .𝟐 𝟑�  (16) 

This approach include the ratio R∞:Re in the estimation of ρ∞ to account for the ECF:ICF ratio.  
The ionic composition of ICF is not constant but varies depending upon the type of cells. Thus the 
mean ionic composition of the entire ICF is uncertain and its mean resistivity cannot be measured 
directly. This has led to the attribution in the literature of very different values to the intracellular 
resistivity which are difficult to justify with the intracellular ionic composition (Jaffrin et al., 2008). 
The best option for obtaining Kt therefore may be by regression analysis from comparison of EBIS 
measurements with dilution methods. As with Ke, calibration should be undertaken with measurements 
in subjects comparable to those under study. 
Alternatively, Jaffrin et al (2008) used equation (14) to determine TBF. Individual values of  𝜌∞ were 
determined for each subject from comparison with values of TBF determined from fat-free-mass 
(FFM) measured by DXA in a healthy population of 60 subjects a fixed FFM hydration fraction of 
73.2%. It is an interesting approach however to consider 𝐾𝑡 fixed, i.e. a fixed ECF:ICF ratio, and a 
fixed hydration rate can produce a significant inaccuracy. 
It would be interesting to obtain 𝐾𝑡 as function of BMI as for ECF, see (17). Accounting also 𝑅0 and 
𝑅∞ is needed now since the value of 𝜌∞ depend on them. In addition accounting for Age and Sex 
would be more convenient in the case of TBF because the dependence of TBF of 𝑅0 and 𝑅∞ come 
from the dependence of ECF and TBF which ratio vary with age, sex and FFM.  
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𝑲𝑻𝑩𝑾 = 𝒆
𝑩𝑴𝑰

+ 𝒇   (17) 

4.3 ICF 
Since the ICF compartment is represented by Ri and a capacitance representing the electrical behaviour 
of the cell membrane, Ri cannot be considered as the ICF resistance unlike Re for ECF. At high 
frequency c is equal to 1− (ECF+ICF)/Vb, as ECF and ICF are the conducting volume. Substituting c in 
(7)  

𝝆𝒂∞ = 𝝆∞ �
𝑽𝒃

𝑬𝑪𝑭+𝑰𝑪𝑭
�
𝟑
𝟐�   (18) 

is obtained. Note that (18) is (12) with the TBF as the sum of ECF and ICF. Thereafter, according to 
(10) and (14) 

𝑻𝑩𝑾
𝑬𝑪𝑾

= �𝟏 + 𝑰𝑪𝑭
𝑬𝑪𝑭

� = �𝝆∞∗𝑹𝑬
𝝆𝒆∗𝑹∞

�
𝟐
𝟑�   (19) 

can be reached.  
Whether ρ∞ is determined by (15) and afterwards substituted in (19) ICF can be calculated through 

�𝟏 + 𝑰𝑪𝑾
𝑬𝑪𝑾

�
𝟓
𝟐� = �𝑹𝟎

𝑹∞
� �𝟏 + 𝝆𝒊

𝝆𝒆

𝑰𝑪𝑾
𝑬𝑪𝑾

�  = �𝑹𝒆+𝑹𝒊
𝑹𝒊

� �𝟏 + 𝑲𝝆
𝑰𝑪𝑾
𝑬𝑪𝑾

� (20) 

by numeric methods. The problem of using (20) is that it considers that the relationship between ρ∞ 
and ECF:ICF is linear. Otherwise the effect of an ECF:ICF ratio change on ρ∞ is highly nonlinear 
(Matthie, 2005). Using (19) but estimating ρ∞ with (16) and working out the value of ICF as it is 
contained in TBF improves accuracy according to (Matthie, 2005). However it is more straight 
forward to estimate TBF and afterwards ICF as ICF =TBF-ECF. 
Jaffrin pointed in (Jaffrin et al., 2008) that the validity of (20) requires that the mean TBF resistivity is 
given by (15) what contradicts the assumption that ICF and ECF resistances are in parallel since the 
application of (5) and (7-9) leads to  

𝝆∞−𝟏 = 𝝆𝒊−𝟏 − 𝝆𝒆−𝟏 �
𝑻𝑩𝑭
𝑬𝑪𝑭

�
𝟑
𝟐�   (21) 

However the reason of this mismatch is that (21) is erroneous because it comes from the assumption of 
(22)  

𝝆𝒂𝒊 = 𝝆𝒊 �
𝑽𝒃
𝑻𝑩𝑭

�
𝟑
𝟐�  (22a) 𝑹𝒊 = 𝑲𝒃𝑯𝟐𝑽𝒃

𝟏
𝟐� 𝝆𝒊𝑻𝑩𝑭

−𝟑
𝟐� . (22b) 

And (22) is erroneous because the conducting volume includes ECF which has a resistivity different of 
ρi.  
Moissl et al proposed in (2006) to calculate ICF in an analogous way as ECF, see (23), (24) and (25). 

𝑰𝑪𝑭 = 𝑲𝒊 �
𝑯𝟐𝑾

𝟏
𝟐�

𝑹𝒊
�
𝟐
𝟑�

  (23) 

𝑲𝒊 = �𝑲𝒃𝝆𝒊
𝑫𝒃
𝟏
𝟐�
�
𝟐
𝟑�

   (24) 
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𝑲𝑰𝑪𝑾 = 𝒄
𝑩𝑴𝑰

+ 𝒅   (25) 

However (23) is erroneous because as explained before Ri cannot be considered as the ICW resistance 
unlike Re for ECW. That can be clarified with an example, if a voltage is applied in opposite sides of a 
cell, the current flowing through the cell at intermediate frequencies inside the β-Dispersion window 
would be determined by the resistivity and volume of the cell but also by the capacitance of the 
membrane. 

5. Proposed methods 
5.1 ECF 
According to previous sections the best way to estimate ECF would be by using (10a) using individual 
Ke´s dependent on several variables. Those variables should be the sex and the BMI for their influence 
on the geometry constant, α for its regard with anisotropy and DRT and R1 characterizing the cell 
membrane. Since R0 cannot be the resistance at DC the cell membrane could have some effect that 
may be reflected by R1. With all this the individual Ke would be given by  

𝑲𝒆 = � 𝒂
𝑩𝑴𝑰

+ 𝒃
𝜶

+ 𝒄
𝑹𝟏

+ 𝒅� + 𝑺 � 𝒂𝟏
𝑩𝑴𝑰

+ 𝒃𝟏
𝜶

+ 𝒄𝟏
𝑹𝟏

+ 𝒅𝟏�  (26) 

being S=0 for men and 1 for women or vice versa. 

5.2 TBF 
Proposing an improved method for estimating TBF the reasoning is analogous to the ECF case with 
the difference that ρ∞ depend on the ratio ECF:ICF. Thus including the factor (R∞/R 0)^(2/3) and the 
Age can improve the estimation. TBF would be estimated with (14a) and a Kt given by  

𝑲𝒕 = � 𝒂
𝑩𝑴𝑰

+ 𝒃
𝜶

+ 𝒄
𝑹𝟏

+ 𝒅

�𝑹∞𝑹𝟎
�
𝟐
𝟑�

+ 𝒆
𝑨𝒈𝒆

+ 𝒇� + 𝑺� 𝒂𝟏
𝑩𝑴𝑰

+ 𝒃𝟏
𝜶

+ 𝒄𝟏
𝑹𝟏

+ 𝒅𝟏

�𝑹∞𝑹𝟎
�
𝟐
𝟑�

+ 𝒆𝟏
𝑨𝒈𝒆

+ 𝒇𝟏�(27) 

5.3 ICF 
As explained in the previous section Ri unlike Re cannot be regarded as the intracellular resistance. In 
addition Hanai’s mixture theory can only be applied at high and low frequencies. Those facts make 
very complicate to propose valid equations for ICF estimation. Thus  

𝑰𝑪𝑭 = 𝑻𝑩𝑭 − 𝑬𝑪𝑭  (28) 

might be the best option estimating ICF. 

6. Experimental performance results of the different 
methods 
Testing the performance of state of the art and proposed methods explained in sections 4 and 5 was 
done on a database of patients receiving growth hormone replacement therapy. Electrical 
bioimpedance spectroscopy as well as bromide and tritium dilution were measured at the same 
occasion at Salhgrenska University Hospital, Gothenburg, Sweden. Examinations were performed 
between 2005 and 2011. 
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Table I. Number of patients and average values for the anthropometric variables and the fluid 
volume estimation by dilution methods (Mean±S.D). 

Nr patients Age 
(Years) 

Height 
(cm) 

Weight 
(Kg) 

BMI 
(Kg/m2) 

TBF 
(l) 

ECF 
(l) 

Male  Female 
56.88±14.17 171.36±9.91 83.8±18.4 28.43±5.33 42.57±9.52 18.27±4.04 

200 141 

The database is described in Table I and contains 703 EBIS measurements performed on 341 patients. 
The measurements were performed with the bioimpedance spectrometer (Body Scout instrument, 
Fresenius Medical Care, Germany) according to the Right Side Wrist to Ankle (RS-WA) tetrapolar 
configuration (Nyboer et al., 1950). The lower frequency is 5 kHz and the upper frequency 1MHz. 
This database was previously used in (R Buendia et al., 2013) where further description can be found. 
The body scout software provided estimations of body fluids as well. That software is likely making a 
fitting of the measurement to the ECM and thereafter applying the method proposed in (Moissl et al., 
2006) with unknown constants. The agreement between the estimation provided by the Body scout 
software and dilution methods are shown in Figure 6. All the data is presented for the testing patients 
for comparison purposes. Also for comparison purposes, the fluids estimations with fixed K’s as the 
average ones against dilution methods training with half of patients (359 measurements in total) and 
testing in the other half (344 measurements) are shown in Figure 7. 

6.1 ECF 
The first approach to be tested is the one proposed by (Van Loan et al., 1993) which uses fixed 
resistivities with values of ρe=40.3 for men and ρe=42.3 for women, see Figure 8. 
Afterwards the same approach with the values used by Xitron 4200 spectrometer device from 
Fresenius Medical Care for ρe=40.5 Ωcm in men and ρe=39 Ωcm in women was tested, see Figure 9. 

     
Figure 6 Body scout software provided estimations. P-values according to paired T-Test between dilution and 
EBIS methods were: P=0.004 for ECF, 0.09 for ICF and 0.92 for TBF 
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Figure 7 fluids estimations with fixed constants obtained by regression of BIS data from the training set 
measurements against reference methods. P=0.92 for ECF, and 0.42 for TBF. ICF was not calculated as Ri 
should not be related to ICF 
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Moving estimate ECF with individual resistivities the first approach to be tested was the one proposed 
by Moissl in (Moissl et al., 2006) which propose to use individual resistivities dependent on the BMI 
in the way 𝐾𝑒 = 0.188

𝐵𝑀𝐼� + 0.2883, as shown in Figure 10.

In the same publication Moissl et al. proposed specific constants for the Sahlgrenska Hospital 
(Gothenburg) because one of his measurements sets was obtained in that center. Since the 
measurements of this paper come from the same center the authors considered interesting them to be 
tested. The values of the constants are 𝐾𝑒 = 0.5�𝐵𝑀𝐼 + 0.27. Results are shown in Figure 11.

Figure 8 ECF estimated with method proposed in (Van Loan et al., 1993). P=0.01 
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Figure 9 ECF estimated with method proposed in (Van Loan et al., 1993) with conductivities utilized by Xitron 
4200 spectrometer. P=0.27 
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Figure 10 ECF estimated with method proposed in (Moissl et al., 2006). P=3e-14 
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Figure 11 ECF estimated by method proposed in (Moissl et al., 2006) with proposed specific constants for the 
Sahlgrenska Hospital (Gothenburg). P=3e-32 
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In Figure 12 results obtained with the same methods but using constants estimated with half of the 
patients and testing in the other half are presented.  
As it was proposed in section 5.1, ECF was estimated according to the theoretical analysis of previous 
sections would be using individual resistivities dependent on BMI, α and R1, see Figure 13. 

6.2 TBF 
When estimating TBF directly with (14), and not as the addition of ECF and ICF, ρ∞ need to be 
estimated. Firstly ρ∞ was estimated according to (16). Matthie did not include any numerical 
application of his equation in (Matthie, 2005), but in (Moissl et al., 2006) was mentioned that the 
Xitron 4200 used ρi = 273.9 Ωcm and ρe = 40.5 Ωcm in men and ρi = 264.9 Ωcm and ρe = 39 Ωcm 
respectively in women. Those values were proposed in (De Lorenzo et al., 1997). Figure 14 shows the 
results obtained with this approach. 
The next method uses (14) with the values for ρ∞ estimated by Jaffrin in (Jaffrin et al., 2006) based in 
regression methods against measurements of FFM obtained with DXA (Genton et al., 2002) used as 
reference method, see Figure 15. Assuming a mean hydration rate of 73.2% the values found were ρ∞
=104.3 Ωcm for men and ρ∞ =100.5 Ωcm for women. 

Figure 12 ECF estimated by method proposed in (Moissl et al., 2006) using constants obtained by regression 
of BIS data from the training set measurements against reference methods. P=0.9 
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Figure 13 ECF estimated by proposed method (proposed in section 5.1). P=0.55 
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Figure 14 TBF estimated with method proposed in (Matthie, 2005) with conductivities utilized by Xitron 
4200 spectrometer. P=0.07 
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Following the methods developed by Moissl in (Moissl et al., 2006) which propose to use individual 
resistivities dependent on the BMI, TBF estimations using calibrated Kt’s was tested as shown in 
Figure 16. 

According to the theoretical analysis of section 5.2 the best way to estimate TBF would be using 
individual resistivities dependent on BMI, α, R1, (𝑅∞ 𝑅0⁄ )2 3� and Age. Results are shown in Figure 17. 

6.3 ICF 
Estimating ICF the first method considered is the one proposed by (De Lorenzo et al., 1997) with the 
values proposed by (Van Loan et al., 1993) for Kρ which are 3.82 for men and 3.4 for women, see 
Figure 18.  
Despite the method proposed in (Moissl et al., 2006) can be erroneous as explained in 7.2 it is in use 
and so it was also tested. The individual resistivities dependent on the BMI in the way 𝐾𝐼𝐶𝐹 =
5.8758

𝐵𝑀𝐼� + 0.4194, See Figure 19. 

 
Figure 15 TBF estimated according to the method proposed in (Jaffrin et al., 2006). P=5e-82 
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Figure 16 TBF estimated in an analogous way as proposed in (Moissl et al., 2006) using constants obtained by 

regression of BIS data from the training set measurements against reference method. P=0.18 
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Figure 17 TBF estimated by the method proposed in section 5.2. P=0.47 
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In the same publication Moissl proposed specific constants for the Sahlgrenska Hospital (Gothenburg) 
because one of his measurements sets was obtained in that center. Since the measurements of this 
article come from the same center and department those constants were tested. Their values are 𝐾𝐼𝐶𝐹 = 
3.27⁄𝐵𝑀𝐼 + 0.5, as shown in Figure 20. 

As explained in section 8.3 the best option to estimate ICF might be subtracting ECF to TBF both 
estimated with the method proposed, See Figure 21 

Figure 18 ICF estimated by method proposed in (De Lorenzo A et al., 1997). P=3e-77 
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Figure 19 ICF estimated with method proposed in (Moissl et al., 2006). P=0.006 
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Figure 20 ICF estimated by method proposed in (Moissl et al., 2006) with proposed specific constants for the 
Sahlgrenska Hospital (Gothenburg). P=0.47 
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Figure 21 ICF estimated by proposed method (proposed in section 5.3). P=0.21 
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7. Discussion 
In this section the validity of different EBIS methods estimating body fluids as well as which 
parameters should be included in that relationship is discussed. That is presented in subsections 
splitting in ECF, TBF and ICF. 

7.1 ECF 
The agreement obtained with fixed constants proposed in (Van Loan et al., 1993) and reference 
method i.e. bromide dilution, is very similar to the one provided by the Body scout. The difference 
between their means and the mean of reference method are statistically significant if considering 
P<0.05. However that threshold is an agreement and the means differences are likely not clinically 
significant. The levels of agreement could be in most cases considered acceptable. The same approach 
with different value for women ρe is used by Xitron 4200 spectrometer device from Fresenius Medical 
Care exhibiting a smaller bias that is not statistically significant. Women resistivities proposed in (Van 
Loan et al., 1993) are higher that men resistivities, opposite to the ones used by Xitron 4200 what 
cannot be explained by a difference either in conductivity or geometrical factor, but by differences in 
the population used to estimate resistivities. 
Using the method proposed in (Moissl et al., 2006) results show a very slightly smaller Coefficient of 
Variance (CV) than with fixed resistivities but a bigger bias which is statistically and clinically 
significant. This way including the BMI does not prove any improvement in accuracy either 
robustness when estimating ECF. Results slightly worse using constants proposed for Sahlgrenska 
hospital what is surprising since the database used in this article was obtained at Sahlgrenska hospital.  
ECF estimations with fixed constants as the average ones against dilution methods training with half 
of patients did not improve robustness either. That point that the use of population specific Ke’s are not 
crucial when estimating ECF. However they remove the bias providing a very high accuracy. 
There is no improvement in the agreement with reference methods including BMI, α, R1 and Sex than 
considering only a fixed constant i.e. the mean value obtained by regression over the training 
measurement. Otherwise the P-value decreased what could point to a problem of over fitting. 
In every case the correlation between the EBIS methods and Bromide dilution is 0.93 or 0.92, the CV 
is around 3 (over a mean estimation around 18 l) and the bias is small unless using the method 
proposed in (Moissl et al., 2006).  
Results cannot prove than ECF estimation depend on the geometrical factor i.e. neither sex or BMI 
correction improve accuracy or robustness. Neither that α or R1 can correct for anisotropy or 
heterogeneity (even partially). Thus the main error on the estimation of ECF can be attributed to 
anisotropy, heterogeneity and model applicability. Those levels of agreement cannot be significantly 
increased by the time being. Thus before applying EBIS to estimate body fluids it must be decided 
whether limitations in robustness and accuracy can be assumed. This statement must be taken with 
caution because the test is done over 344 measurements of 170 patients under GHRT what although it 
is a significant sample more trials are needed. 

7.2 TBF 
Results applying equation (14) with ρ∞ obtained by (16) i.e. as it is implemented in Xytron 4200 
spectrometer where ρi and ρe are fixed but ρ∞ is individual depending on the ratio R0:R∞, show an 
agreement with reference method i.e. tritium dilution, that exhibit a small bias and a slightly bigger 
CV than estimations provided by Body Scout spectrometer. Both of them showed good accuracy with 
means that are not statistically different from the mean of the reference method; however the P-value 
obtained by the Body Scout estimations was much bigger. 
Utilizing the fixed value for ρ∞ proposed in (Jaffrin et al., 2006) the CV is slightly better than with ρ∞ 
obtained by (16) but the bias is very big. It is statistically and clinically significant. What again point 
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at ρ∞ should depend on the ratio R0:R∞ as a correction for the ratio ECF:ICF which cannot be 
considered fixed and that method is not suitable. 
Results regarding the estimation of TBF were best when considering population specific constants 
obtained by regression methods over the sets of measurement considered. The robustness significantly 
improved and the correlation also very slightly increased. When Kt was a function of BMI or when it 
depended also on R∞:R0, sex, age, α and R1 results do not improve from using a fixed averaged Kt. 
However it was proven that the need to correct for the ICF:ECF ratio at least when not using 
population specific constants.  
In every case the correlation between the EBIS methods and tritium dilution is 0.96 or 0.97, the CV is 
between 4.5 and 6 (over a mean estimation around 40 l) and the bias small except for the method 
proposed by Jaffrin et al. The agreement regarding reference methods is in general higher than in the 
ECF case likely due to the fact that anisotropy is very small at high frequencies. Results point at the 
possibility of correcting the error caused by the fluid balance but not by the uncertainty of ρi. 

7.3 ICF 
The agreement of the method proposed in (De Lorenzo A et al., 1997) with the reference one is very 
poor. Agreement improve using the method proposed by (Moissl et al., 2006) although it disagree with 
Hanai’s mixture theory as explained before. Utilizing the same method with the constants obtained in 
Sahlgrenska hospital accuracy and robustness improve further as could be expected since bias due to 
equipment and environment was partially removed. Robustness and accuracy results were highest 
when obtaining ICF as TBF-ECF, both estimated with the methods proposed in section 5.4.1 what 
points at the suitability of that method. 
Apart from that, attending to the constants proposed in (Moissl et al., 2006) obtained by regression 
over healthy people and dialysis patients the dependence of ICF on the BMI is much higher than in the 
case of the ECF what indicates than the BMI correction regard to the ρi and the body fluids ratio more 
than to the geometry factor. 
In every case the correlation between the EBIS methods and dilution methods is around 0.93, the CV 
is slightly over 4 (over a mean estimation around 21 l) and the bias small except for the method 
proposed by (De Lorenzo A et al., 1997). The agreement regarding reference methods is in general 
slightly lower than in the ECF case likely because it adds the errors of both ECF and TBF. 

8. General conclusions 
The error in ECF might be mainly due to anisotropy and heterogeneity. The error in TBF might be 
mainly due to the uncertainty of ρ∞ which is due to the uncertainty in the ratio ECF:ICF and ρi. Finally 
the error in ICF is due to the addition of errors in ECF and TBF. The uncertainty in the ratio ICF:ECF 
can be minimized what is much more difficult in the cases of ρi or anisotropy and heterogeneity. 
Results cannot prove an error produced by the variability in the geometrical factor and hence the 
convenience of correcting for sex or BMI. Whether the parameters R1 and α can partially correct for 
error due to anisotropy and heterogeneity results could not prove it. 
EBIS is an accurate method to estimate body fluid volumes, however anisotropy, heterogeneity and 
uncertainty of ρi might put limits to the robustness of the method. 
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