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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.
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(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
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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)

3



Meas. Sci. Technol. 21 (2010) 115802 R Buendia et al

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
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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.

5



Meas. Sci. Technol. 21 (2010) 115802 R Buendia et al

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).

6



Meas. Sci. Technol. 21 (2010) 115802 R Buendia et al

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,
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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 
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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 
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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% 
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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. 
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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 



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

77

 

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. 
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