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Abstract

The interaction of electromagnetic fields with the human body is quantified

by the dielectric properties of biological tissues. These properties are incor-

porated into complex numerical simulations using parametric models such

as Debye and Cole-Cole, for the computational investigation of electromag-

netic wave propagation within the body. These parameters can be acquired

through a variety of optimisation algorithms to achieve an accurate fit to

measured data sets. A number of different optimisation techniques have

been proposed, but these are often limited by the requirement for initial

value estimations or by the large overall error (often up to several percentage

points). In this work, a novel two-stage genetic algorithm proposed by the

authors is applied to optimise the multi-pole Debye parameters for 54 types

of human tissues. The performance of the two-stage genetic algorithm has

been examined through a comparison with five other existing algorithms.

The experimental results demonstrate that the two-stage genetic algorithm
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produces an accurate fit to a range of experimental data and efficiently out-

performs all other optimisation algorithms under consideration. Accurate

values of the three-pole Debye models for 54 types of human tissues, over

500 MHz to 20 GHz, are also presented for reference.

Keywords: Dielectric properties, Optimisation, Parametric models,

Genetic algorithm.

1. Introduction

Dielectric properties determine the response of a material to an applied

electromagnetic field. These properties, namely, the conductivity (σ) and rel-

ative permittivity (εr), are inherent characteristics of biological tissues and

are determining factors for the dissipation of electromagnetic (EM) energy in

the human body. The dielectric properties of tissues are essential in a wide

variety of applications, including dosimetry and the determination of the

Specific Absorption Rate (SAR) and the design and use of electromagnetic

medical devices. Existing technologies, including magnetic resonance imag-

ing and X-ray, are an essential part of the medical diagnostic process. How-

ever, they have limitations in cost, accuracy, and patient comfort [33, 14, 28],

motivating researchers to explore alternate techniques. Researchers are de-

veloping novel EM-based technologies for both diagnostics and therapeutics.

Several such prototypes have been developed and early pilot studies have

begun [34, 27, 1, 13, 19, 15].

The interaction of biological tissue with EM fields is defined through the

frequency-dependent complex permittivity. Several complex simulation mod-

els have been developed for computational investigation of electromagnetic
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signal propagation through tissues, for example the Finite-Difference Time-

Domain (FDTD) method [35, 18]. The accuracy of simulation models is

dependent upon the dielectric models of the tissues. Extensive studies have

been completed to determine the dielectric properties of different tissues for

a wide range of frequencies [32, 23, 21]. One of the largest and most compre-

hensive studies of the dielectric properties of human tissues was completed

by Gabriel et al. [9, 11, 12].

To integrate measured dispersive dielectric properties with EM numerical

models, parametric models have been developed. The Debye and Cole-Cole

models [4] are two of the most well-known models. The Debye model is widely

used since it can easily be expressed in both time and frequency domains. In

both Cole-Cole and Debye, the model parameters are optimised to find the

best fit to the measured data.

Previously, studies have fitted parametric models to a number of data sets

using different optimisation algorithms. Hurt [16] used an iterative elimina-

tion and substitution technique to fit the multi-pole Debye model for muscle

tissue. Lazebnik et al. [22] investigated one and two-pole Debye models for

healthy and malignant breast tissues. For both methods, the total error was

over 10%. Fujii [7] fitted three-pole Debye for 20 tissues using a Weighted

Least Squares Method (W-LSM). The accuracy of W-LSM depends highly

on the initial value estimation. Kelley et al. [17] used Particle Swarm optimi-

sation to fit the Debye model to the Havriliak-Negami equation (an empirical

modification of the Debye model). Mrozowski and Stuchly [25] expressed the

Cole-Cole equation as a rational polynomial and used a MATLAB c© func-

tion to obtain its coefficients then converted the results into a multi-pole
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Debye formulation. Clegg and Robinson [3] employed a genetic algorithm

(GA) approach to fit the multi-pole Debye model for three tissue types. The

algorithm produced promising results but after a certain point the error could

not be further reduced. This paper seeks to address these problems through

a novel optimisation algorithm.

Genetic algorithms are a powerful optimisation technique inspired by the

natural process of evolution; they are particularly useful when the problem

has a large search space. The general work flow of the GA involves first pro-

ducing a random population of possible solutions. Then, from this random

population, the best solutions are selected as the parents using a selection

method. After the selection of the parents, crossover is performed to produce

the offspring. Crossover is a process of taking more than one parent solution

and producing child solutions from them. Finally, mutation is performed on

the offspring to produce a population of new solutions. Mutation is a di-

vergence operation that introduces new generic information in the offspring.

The whole process is repeated until the desired accuracy level is achieved.

This accuracy is determined by minimizing a cost function that represents

the relationships between the different parameters to be optimised. The GA

terminates once the desired minimum value of the cost function is achieved

or the maximum number of iterations is exceeded.

In this work, a Two-Stage Genetic Algorithm, presented in Krewer et al.

[20], is applied to fit Debye models of biological tissues and compared with

five other techniques. Typically, GAs have a tendency to converge towards

local optima, or even arbitrary points, instead of the global optima, if the

relationship between the parameters is not well-defined. Furthermore, the
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difference between the relative permittivity and the conductivity is large.

This can cause the GA to over-fit the permittivity and neglect equal fitting

for the conductivity. To address these limitations, the authors proposed a

novel two-stage GA. The “two-stage” refers to the fact that the GA uses

two distinct cost functions, one linear and one logarithmic, at two different

stages of the evolution process. Using the two-stage GA, the multi-pole De-

bye model is fitted to all of the tissue types measured by Gabriel et al. [11]

over a wide frequency range, as well as to liver and muscle measurements

that we performed at the National University of Ireland (NUI) Galway. The

performance of two-stage GA is analysed and compared with previously im-

plemented optimisation algorithms. To ensure a fair comparison, the same

error metrics are used and applied to each of the algorithms. The most ac-

curate values of multi-pole Debye model parameters up to three poles are

presented for reference purposes. To the best of authors’ knowledge, this

work is the first of its kind to compute multi-pole Debye parameters for such

a large data set using five different techniques over such a broad frequency

range.

2. Parametric Models of Dielectric Properties

In this section, the two most commonly used parametric models for the

dielectric properties of tissues are described.

The complex permittivity ε̂(ω) of a material is defined as:

ε̂(ω) = ε′(ω)− jε′′(ω) (1)

where ω is the angular frequency, ε′(ω) is the relative permittivity and ε′′(ω)

is the dielectric loss factor. The dielectric loss can be converted into effective
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conductivity using:

σ(ω) = ωε0ε
′′(ω) (2)

where ε0 is the permittivity of free space.

Dielectric properties are highly dependent on frequency. Gabriel et al.

[12] performed measurements of the tissue dielectric properties at different

frequencies and fitted parametric Cole-Cole models Cole and Cole [4] to those

measurements. The Cole-Cole model is defined as:

ε̂(ω) = ε∞ +
∆εc

(1 + jωτc)(1−α)
+

σs
jωε0

(3)

where ε∞ is the highest frequency permittivity, ∆εc is the change in the

permittivity, σs is the static ionic conductivity, τc is the relaxation constant

and α is the empirical parameter to broaden the dispersion.

The Cole-Cole model is computationally expensive and cannot be easily

expressed in the time domain. Therefore, the multi-pole Debye model is often

used in simulations. The model is defined as:

ε̂(ω) = ε∞ +
n∑
p=1

∆εp
1 + jωτp

+
σs
jωε0

(4)

where n is the total number of Debye poles, ∆εp is the change in the permit-

tivity and τp is the relaxation constant at pth dispersion. These parameters

are optimised using optimisation algorithms that are described in detail in

the next section.

3. Optimisation Algorithms

In this study, the following optimisation algorithms for the parametric

models are used:
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1. Least Squares Method (LSM)

2. Particle Swarm Optimisation (PSO)

3. Weighted Least Squares Algorithm (W-LSM)

4. Hybrid Particle Swarm-Least Squares Algorithm (PS-LSM)

5. One-Stage Genetic Algorithm (one-stage GA)

6. Two-Stage Genetic Algorithm (two-stage GA)

The first two algorithms (LSM and PSO) are well-known thus not de-

scribed in this paper. This section describes the remaining four algorithms.

3.1. Weighted Least Squares Algorithm

Fujii proposed the weighted least squares method (W-LSM) for numerical

fitting [7]. Due to the frequency dependence of permittivity, a complex weight

factor ẇi was introduced to facilitate control and enhance accuracy of the

fit. The error was chosen to be dependent on the permittivity itself as ėi ≈

{ε̂(ωi)}ξ with ξ = 0.75. The value of the power factor ξ was chosen to

be 0.75 in order to place more weight on the lower frequency data (with

larger permittivity values). A factor ξ = 1 would lead to equal weight on all

permittivity values and ξ > 1 would place more weight on higher frequency

values. The non-linear LSM was then used with the Newton iterative method

to minimize the total weighted and the squared error as:

E2 =

Nf∑
i=1

[
{cr(ωi)− dr(ωi)}2

{er(ωi)}2
+
{ci(ωi)− di(ωi)}2

{ei(ωi)}2

]
(5)

where cr(ωi) and ci(ωi) are the real and imaginary parts of the calculated

complex permittivity respectively, dr(ωi) and di(ωi) are the real and imag-

inary parts of the measured data respectively, er(ωi) and ei(ωi) denote the
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real and imaginary parts of the allowable error ėi, respectively. The results of

the W-LSM are highly dependent on the estimated initial values. Therefore,

a successful least squares solution is only possible with careful selection of

these values.

3.2. Hybrid Particle Swarm-Least Squares Algorithm

Kelley et al. [17] proposed an approach to approximate the complex per-

mittivity using the Debye function expansion of the form:

ε̂(ω) ≈ ε∞ + (εs − ε∞)
n∑
p=1

ap
1 + jωτp

= ε∞ + (εs − ε∞)
n∑
p=1

ap
1 + j ω

ωp

(6)

where ap is a dimensionless weight and ωp = 1/τp is the relaxation frequency.

Since the real and imaginary parts of the complex permittivity ε̂(ω) are re-

lated via the Kramers-Kronig relation, the imaginary part of the permittivity

can be approximated by a sum of the imaginary parts of the Debye function

and the real part of the permittivity can be approximated by the correspond-

ing real part of the Debye function. Thus, the real-valued expansion given

in Eq. (7) was optimised as:

ε′′(ω) = (εs − ε∞)
n∑
p=1

ap

ω
ωp

1 + ( ω
ωp

)2
(7)

where ε′′(ω) is the negative of the imaginary part in the usual decomposition

of the complex permittivity given in Eq. (1). A good real part approximation

can be obtained using the same parameters of Eq. (7). In their work, LSM

was used to determine the weights and PSO to determine the relaxation
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frequencies. Each sample of ε′′(ω) was normalised by the value (εs−ε∞) and

was set equal to the weighted sum of the Debye function imaginary part:

ε′′(ωi)

(εs − ε∞)
=

n∑
p=1

ap

ωi

ωp

1 + ( ωi

ωp
)2

i = 1, 2, ....., Nf (8)

where Nf is the number of frequency samples. The matrix representation of

equations in Eq. (8) is of form c = Da, where Nf × 1 vector c and NF × n

matrix D are defined as:

ci =
ε′′(ωi)

(εs − ε∞)
and Dip =

ωi

ωp

1 + ( ωi

ωp
)2

(9)

The vector a contains the LSM solution of the weights for n poles:

a = (DTD)−1DT c (10)

The weights obtained from the LS are then used in PSO to determine the

corresponding relaxation frequencies. The fitness function used in PSO is

the negative of the sum of the squared errors between the imaginary part of

the actual (ε′′a(ωi)) and the calculated (ε′′c (ωi)) permittivity Kelley et al. [17]

as:

E =

Nf∑
i=1

(ε′′a(ωi))− ε′′c (ωi)
2

(11)

3.3. One-Stage Genetic Algorithm

Clegg and Robinson [3] implemented a one-stage GA to optimise the

multi-pole Debye parameters to fit the Cole-Cole model over a wide frequency

range. In their design, the values of the parameters ∆εi, σs, ε∞ and τi were

allowed to vary within the GA. The values of these parameters typically differ

by many orders of magnitude. To overcome this problem, logarithmic values
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of parameters were used rather than their linear values. The cost function

CGA to be minimised by the algorithm is:

CGA =
N∑
i=1

[log10(cr(ωi)− dr(ωi)]2 + [log10(ci(ωi)− di(ωi))]2 (12)

The function is the sum of the squared differences between the measured

data (Gabriel multi-dispersion Cole-Cole model) and the multi-pole Debye

model. cr(ωi) and ci(ωi) are the real and the imaginary parts of the Cole-

Cole function respectively, dr(ωi) and di(ωi) are the real and the imaginary

parts of the Debye function respectively.

3.4. Two-Stage Genetic Algorithm

The two-stage genetic algorithm, presented in Krewer et al. [20], deter-

mines the best Debye parameters for a highly accurate fit with a minimum

number of poles. This method is to first to apply a limitation on the Debye

pole time-constants for more precise and efficient ADE-2 (Auxiliary Differ-

ential Equation method 2) FD2DT simulations [26]. The parameters to be

evolved by the two-stage GA include log10(ε∞), log10(∆εi), log10(σs) and

log10(τi), which are the same as those used by Clegg and Robinson [3]. The

logarithmic values are used to reduce the search space. Significantly, two

distinct cost functions are used here, a logarithmic followed by a linear cost

function. The logarithm function puts the real and the imaginary values

on a similar scale which enables the cost function to reflect the accuracy of

the Debye model equally in terms of both the conductivity and the relative

permittivity. A logarithmic cost function, which is the same as described

in Eq. (12), is used until the GA fails to reduce the cost function value by
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more than a set threshold over a given number of generations. Once the GA

fails to further reduce the error, a linear function is used which considers the

linear values of the real and imaginary parts of the permittivity as described

in Eq. (13). The linear cost function further reduces the error of the relative

permittivity and the conductivity equally as both values are now on a similar

scale. As the relative permittivity value is often much higher than the value

of the conductivity over the first 10 decades, the linear function cannot be

used as the initial cost function since it would cause the GA to fit the relative

permittivity while neglecting equal fitting of the conductivity.

CGA =
N∑
i=1

{∣∣∣∣cr(ωi)− dr(ωi)cr(ωi)

∣∣∣∣+

∣∣∣∣ci(ωi)− di(ωi)ci(ωi)

∣∣∣∣} (13)

4. Experimental Design

In this section, the experimental parameters are defined and the data set

is described. Then the performance metrics used to calculate the error in the

fit of each algorithm are presented. These metrics will be used in Section 5

to compare the functionality of all algorithms under consideration.

4.1. Experiment Data

In this study, the multi-pole Debye model is fitted to a wide range of

tissue models, 54 in total, from Gabriel et al. [12] and to experimentally

measured data, using the following algorithms:

1. LSM

2. PSO

3. W-LSM
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4. One-stage GA

5. Two-stage GA

all with the same number of parameters.

4.1.1. Gabriel’s Data

Gabriel et al. [8, 9, 11, 12] compiled and formulated the dielectric prop-

erties of biological tissues in 4-pole Cole-Cole dispersion functions over the

range of 10 Hz to 20 GHz. The Gabriel data in particular is selected as

the basis for this investigation due to the large number of measured tissues

and its widespread usage in the literature. Further, the known optimisation

algorithms have used this data to validate their performance. The frequency

range used in this study covers almost all microwave medical applications

[13, 5, 22, 23, 19, 24, 27, 29].

4.1.2. NUI Galway Measured Data

The performance of two-stage GA is also validated against the other

four algorithms using experimental data. Dielectric measurements on ovine

liver and bovine muscle were performed at NUI Galway, over the frequency

range of 500 MHz to 8.5 GHz. The measurements were made using the

slim form probe (Agilent Technologies 85070E) connected to a network anal-

yser (VNA; Keysight E5063A). The VNA was calibrated using the standard

open/short/load technique. The Smith chart was visually inspected to en-

sure short quality. Deionised water was used as the load, while saline was

used to validate the calibration. The tissue samples were obtained from an

abattoir. Standard handling procedures, which were maintained across sam-

ples, were followed to minimise sample contamination. One sample of each
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tissue type was used with five measurements averaged per each sample. All

measurements were performed within 15 minutes of obtaining the sample to

avoid dehydration. To examine the measurement uncertainty, 15 measure-

ments were performed on known material 0.1 M NaCl (saline) at 22oC over

three calibrations of the VNA. Using these measurements, the total combined

uncertainty, calculated as in Gabriel and Peyman [10], was found to be 2.1

for relative permittivity and 3.4 for conductivity.

4.1.3. Havriliak-Negami Model

Lastly, the two-stage GA is compared directly with the PS-LSM using the

Havriliak-Negami (HN) model. For a fair comparison, the same parameters

as those reported by Kelley et al. [17] are used. The parameters are presented

in Table 1.

Table 1: Havriliak-Negami model parameters

Parameter εs ε∞ τ α β

Value 8.6 2.7 0.94 ns 0.09 0.45

4.2. Parameters

For this investigation, the logarithmic cost function is used until the GA

fails to reduce the cost function by more than 0.1% in the previous 100

generations. Then, the linear cost function is applied. The population size is

1000 individuals. A tournament selection method is used, with the parameter

value of 20. The mutation probability and crossover fraction are set to 0.1 and

0.9, respectively. The MATLAB c© implementation of LSM and PSO have

also been used in this work for a comprehensive performance comparison. For
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PSO, the number of particles is set to 1000. The velocity clamping factor

and cognitive constant are both set to 1.5. The maximum and minimum

inertia weights are set to 0.9 and 0.4, respectively. The maximum number

of function evaluations is set to 1000 for non-linear LSM. The maximum

number of iterations for all of the above mentioned algorithms is selected

to be 1000. Significantly, this work considers a wide range of tissue types,

advancing it over prior studies that had limited frequency ranges or tissue

types [16, 7, 25].

4.3. Selection of Debye Poles

The dielectric properties of biological tissue have been widely examined.

They have three major dispersion regions: alpha, beta and gamma [31, 6].

Biological tissues also exhibit a small dispersion region known as the delta

dispersion [2].

In the Cole-Cole model, one pole is required for each dispersion. Cole-Cole

poles are more flexible than Debye poles because of an additional parame-

ter, α. For a two-pole Cole-Cole model, the total number of parameters to

be optimised is 8, whereas with two-pole Debye model, the total number of

parameters is 6. Thus, a three pole Debye model is selected for this investi-

gation to cover the two dispersion regions (gamma and delta) present in the

frequency range covered in this work.

4.4. Performance Metrics

In this work, the results from all algorithms are compared using the same

performance metrics, thus, ensuring a fair performance comparison. The

average fractional error of each algorithm has been calculated separately for
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both relative permittivity Eq. (14) and conductivity Eq. (15).

Errorεavg =
N∑
i=1

∣∣∣ cr(ωi)−dr(ωi)
cr(ωi)

∣∣∣× 100

N
(14)

Errorσavg =
N∑
i=1

∣∣∣ ci(ωi)−di(ωi)
ci(ωi)

∣∣∣× 100

N
(15)

5. Results

In this section, the results of the two-stage GA are presented and com-

pared with the results obtained from other algorithms.

Altogether, the five algorithms have been used to fit the multi-pole Debye

model to 54 tissues given by Gabriel et al.[12], along with measured muscle

and liver tissues.

5.1. Comparison with LSM, PSO, W-LSM and W-LSM

Fig. 1 shows a box plot of the average fractional error of the relative

permittivity and the conductivity over all tissue models for two-stage GA,

one-stage GA and W-LSM. The results produced by MATLAB c© PSO and

LSM are poor compared to the other algorithms with an average fractional

error greater than 10% for nearly all tissue types; therefore, these methods

are not included in the plot. Two extreme outliers of the W-LSM are also not

shown. In this study, points beyond +/- 2.7 standard deviations are defined

as outliers.

The maximum average fractional error of the one-stage GA is 1.32% for

relative permittivity and 2.84% for conductivity. For W-LSM, the relative

permittivity and conductivity maximum error values are 13.25% and 16.36%,
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(a) Relative Permittivity

(b) Conductivity

Figure 1: Box plots of relative permittivity and conductivity average fractional error for

54 tissue models (without extreme outliers).
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respectively. The two-stage GA outperforms all of the other algorithms under

comparison with a maximum average fractional error of 0.67% for relative

permittivity and 1.0% for conductivity.

To provide more insight, Fig. 2 shows the average fractional error distri-

bution, mean and median of the relative permittivity over all 54 tissue types

for the above-mentioned five algorithms.

From Fig. 2.(a), it is clear that for the two-stage GA the average fractional

error of all tissue types is within the range from 0 to 0.64%, with more than

half of the cases resulting in error less than 0.32%. For the one-stage GA

(Fig. 2.(b)), more than half of the tissue types have an error above 0.6%,

a value that is approximately equal to the maximum error in the two-stage

GA. The results produced by the W-LSM are comparable with one-stage

GA, as shown in Fig. 2.(c); however, in two cases the error is more than 12%

and in three cases the error is more than 3%. The cause of the large error

associated with the two tissues is the dependency of the W-LSM on accurate

initial estimations. This increases the difficulty of the problem and even

with carefully estimated values, accuracy is not guaranteed. The two-stage

GA does not require any such initial estimation, as it starts with completely

random values and still produces accurate results. The results produced

by non-linear LSM and PSO are not comparable with the two-stage GA,

as can been seen from Fig. 2.(c) and (d). Tables 2 and 3 summarize the

statistical information for the average fractional error of relative permittivity

and conductivity for all algorithms.

The tissues are sorted by permittivity to analyse the performance of the

two-stage GA on high and low permittivity tissues. It is found that the two-

17



(a) Two-stage GA (b) One-stage GA

(c) W-LSM (d) Non-linear LSM

(e) PSO

Figure 2: Relative permittivity average fractional error distribution for all 54 tissue types.

Note that the scales are different in each sub-plot. The green vertical line represents the

mean (µ) and the red envelope is the distribution curve in each sub-plot.
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Table 2: Statistical summary of error for relative permittivity

Algorithm Mean Standard Deviation Variance Maximum Error

Two-Stage GA 0.26 0.13 0.02 0.67

One-Stage GA 0.65 0.33 0.11 1.32

W-LSM 1.09 2.46 6.07 13.25

Non-linear LSM 6.70 4.42 19.49 22.03

PSO 10.44 6.09 37.16 23.40

Table 3: Statistical summary of error for conductivity

Algorithm Mean Standard Deviation Variance Maximum Error

Two-Stage GA 0.28 0.17 0.03 1.00

One-Stage GA 0.88 0.65 0.42 2.84

W-LSM 0.83 2.74 7.50 16.36

Non-linear LSM 13.88 5.71 32.60 50.66

PSO 14.95 6.09 50.66 29.78
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Figure 3: Average fractional error produced by the two-stage GA for 54 tissues sorted in

ascending order.

stage GA performance is consistent across all tissue permittivities, as shown

in Fig. 3.

The three-pole Debye curves produced by the two-stage GA for example

tissues (breast fat, liver and muscle) are shown in Fig. 4 (a) and (b) to have

a high-quality fit.

5.2. Comparison using Measured Data

The resultant fitting curves produced by the two-stage GA algorithm for

three-pole Debye model using liver and muscle measured data are presented

in Fig. 4 (c) and (d). For liver data, the average fractional error produced

by the two-stage GA for relative permittivity is just 0.40% compared to

1% for one-stage GA and 1.21% for W-LSM. The error for conductivity
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using the two-stage GA is 0.53% compared to 1.72% for one-stage GA and

0.94% for W-LSM. For muscle data, the average fractional errors for relative

permittivity and conductivity produced by the two-stage GA are 0.43% and

0.67% compared to 1.63% and 0.84% for one-stage GA, and 1.36% and 0.94%

for W-LSM, respectively. The non-linear LSM and PSO have produced more

than 5% average fractional error for both cases.

5.3. Comparison with hybrid PS-LSM

Hybrid PS-LSM, presented by Kelley et al. [17], optimises the complex

part of the permittivity only, and was tested with the Havriliak-Negami

model [30]. This model is an empirical modification of the Debye model. In

Kelley et al. [17], an ideal model without a loss factor was considered. This

implies that the PS-LSM cannot be used directly with Gabriel’s data set

without considerable modification. The aim is to compare the performance

of the two-stage GA with the PS-LSM method, therefore, the Havriliak-

Negami model is optimised using the two-stage GA instead of modifying

PS-LSM for Gabriel’s data set. The results underscore that the two-stage

GA performs better than the PS-LSM. Fig. 5 demonstrates the high-quality

fitting of the two-stage GA with both the real and the imaginary parts of the

Havriliak-Negami model. Table 4 presents statistical information about the

average fractional error produced by the two-stage GA and PS-LSM for the

Havriliak-Negami model. The maximum error of the two-stage GA is 3.33%,

whereas the PS-LSM results in a maximum error of 5.53%. The lower mean

value for the two-stage GA indicates that it has performed better than the

PS-LSM. The obtained parameters from the two-stage GA are presented in

Table 5.
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(a) Gabriel’s model data (relative permittivity)

(b) Gabriel’s model data (conductivity)
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(c) Experimental data (relative permittivity)

(d) Experimental data (conductivity)

Figure 4: Two-stage GA fitting resultant curves for Gabriel et al. (breast fat, liver and

muscle) and experimental data (ovine liver and bovine muscle).
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Figure 5: Real and imaginary parts of the permittivity from two-stage GA compared to

the Havriliak-Negami permittivity model. Note that the frequency scale is logarithmic.

Table 4: Relative permittivity average fractional error of two-stage GA and PS-LSM for

the Havriliak-Negami model

Two-Stage GA PS-LSM

Mean 0.954 0.979

Standard Deviation 0.795 0.846

Variance 0.631 0.716

Maximum Error 3.329 5.533
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Table 5: Relaxation frequencies and weights of the five term expansions used to approxi-

mate the Havriliak-Negami model.

PS-LSM (Kelley et al. [17]) Two-stage GA

Term

Relaxation

Frequency

(GHz)

Weight

Relaxation

Frequency

(GHz)

Weight

1 0.0751 0.102 0.18 0.032

2 0.271 0.412 1.43 0.538

3 1.15 0.241 8.33 0.206

4 6.32 0.128 11.32 0.091

5 47.8 0.0728 100 0.163

The most accurate multi-pole Debye model parameters for 54 tissues ob-

tained in this work are presented in Table 6.

6. Conclusion

In this work, multi-pole Debye models have been fitted to 54 tissue types

from the literature, and to additional measured data using five different op-

timisation algorithms, including the novel two-stage GA developed by the

authors. The two-stage GA is a robust, fast method that does not require

initial estimations or seed values. The two-stage genetic algorithm has been

proven to be the most effective and efficient method for fitting multi-pole

Debye models to the dielectric properties of different biological tissues over

different frequency ranges. These multi-pole Debye models can easily be

transformed into the time-domain for use in computational EM simulations,
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Table 6: Three-pole Debye model parameters for 54 tissue types

Tissue Type ε∞ σs(Sm
−1) ∆ε1 τ1(s) ∆ε2 τ2(s) ∆ε3 τ3(s)

Aorta 2.293 0.545 3.754 5.885E-11 30.937 9.849E-12 8.000 1.417E-12

Bladder 3.539 0.316 10.735 7.536E-12 1.162 9.332E-11 3.772 1.764E-11

Blood 8.498 0.973 68.844 1.499E-09 7.222 3.429E-11 44.871 8.215E-12

Blood Vessel 5.586 0.546 6.845 3.517E-12 28.811 1.018E-11 3.708 5.740E-11

Body Fluid 3.904 0.999 1.362 5.984E-12 99.999 1.750E-09 63.719 7.251E-12

Bone Cancellous 3.981 0.197 7.871 7.205E-12 3.234 1.466E-10 7.164 2.467E-11

Bone Cortical 2.883 0.005 6.165 4.469E-10 4.871 2.296E-11 4.094 5.876E-12

Bone Marrow 3.019 0.028 0.497 4.613E-11 2.006 8.517E-12 67.246 5.846E-07

Brain Grey Matter 7.0612 0.627 34.036 7.216E-12 7.798 1.999E-10 8.406 2.267E-11

Brain White Matter 5.822 0.392 7.662 1.941E-11 4.614 1.652E-10 22.911 6.722E-12

Breast Fat 2.643 0.0314 2.396 1.906E-11 0.209 1.548E-10 0.296 6.269E-12

Cartilage 5.903 0.563 6.929 6.012E-11 9.668 6.025E-12 20.665 1.506E-11

Cerebellum 6.580 0.881 29.698 7.010E-12 11.251 2.168E-10 8.798 2.167E-11

Cerebro Spinal Fluid 7.962 0.999 99.999 6.748E-10 48.342 7.111E-12 11.219 2.094E-11

Cervix 7.208 0.829 8.976 6.323E-12 6.440 2.971E-11 26.773 8.010E-12

Colon 4.701 0.826 6.637 8.483E-11 33.953 1.018E-11 13.599 3.219E-12

Cornea 8.299 0.794 39.244 8.066E-12 62.120 1.200E-09 6.477 4.011E-11

Duodenum 9.605 0.953 2.465 2.740E-10 6.196 3.810E-11 48.844 8.160E-12

Dura 7.558 0.839 26.725 6.814E-12 8.021 2.863E-11 1.555 1.292E-11

Eye Sclera 7.982 0.937 39.716 7.730E-12 3.967 2.601E-10 6.518 2.949E-11

Fat 2.776 0.013 1.747 5.875E-12 2.715 7.327E-10 0.852 2.292E-11

Gall Bladder 6.007 0.992 3.817 2.647E-11 17.017 1.104E-09 48.986 7.412E-12

Gall Bladder Bile 6.531 0.999 99.999 1.259E-09 57.612 7.362E-12 5.377 2.171E-11

Gland 7.614 0.827 41.584 7.228E-12 9.244 2.253E-11 2.780 1.725E-10

Heart 8.101 0.834 8.165 2.756E-11 39.541 7.632E-12 10.252 2.093E-10

Kidney 8.703 0.900 14.472 2.834E-10 39.147 8.224E-12 7.107 4.204E-11

Lens 6.335 0.629 2.386 1.531E-10 8.838 1.927E-11 30.144 6.822E-12

Liver 5.251 0.660 5.982 6.375E-11 28.575 1.014E-11 6.932 3.255E-12

Lung Deflated 5.254 0.627 27.738 5.732E-12 4.871 1.393E-10 15.432 1.529E-11

Lung Inflated 3.585 0.359 7.521 1.247E-11 8.957 5.850E-12 2.451 9.799E-11

Lymph 6.743 0.863 4.575 4.808E-11 16.610 4.746E-12 31.857 1.000E-11

Mucous Membrance 6.676 0.573 6.868 2.270E-10 6.952 2.449E-11 29.994 7.297E-12

Muscle 8.799 0.673 4.938 4.010E-11 41.019 7.549E-12 11.620 7.691E-10

Nail 2.984 0.076 4.639 2.078E-11 1.467 1.164E-10 3.847 5.985E-12

Nerve 3.555 0.433 3.825 8.299E-11 17.555 1.025E-11 7.989 2.883E-12

Oesophagus 9.788 0.973 5.969 4.286E-11 49.089 8.295E-12 1.256 2.799E-10

Ovary 9.179 0.828 30.226 8.893E-12 8.572 4.682E-11 13.563 3.356E-10

Pancreas 7.812 0.832 2.718 1.463E-10 41.362 7.299E-12 9.048 2.181E-11

Prostate 7.552 0.868 10.746 4.015E-10 42.332 7.271E-12 9.224 2.495E-11

Retina 2.535 0.977 15.780 2.791E-12 4.204 7.109E-11 33.188 1.021E-11

Skin Dry 3.987 0.599 27.229 6.770E-12 6.070 1.066E-11 7.531 1.596E-10

Skin Wet 3.412 0.610 29.053 7.867E-12 7.045 1.459E-10 4.707 3.704E-12

Small Intestine 7.403 0.999 38.417 7.264E-12 9.791 2.521E-11 99.999 7.858E-10

Spinal Cord 6.061 0.414 5.025 1.940E-11 3.790 1.346E-10 19.001 7.301E-12

Spleen 7.579 0.935 8.518 1.529E-10 34.506 7.120E-12 10.293 1.909E-11

Stomach 5.445 0.985 5.314 5.214E-11 44.115 9.172E-12 10.403 2.567E-12

Tendon 6.249 0.543 25.770 9.865E-12 6.412 1.544E-11 7.520 3.532E-11

Testis 9.277 0.974 2.904 3.020E-10 45.117 8.287E-12 5.617 4.355E-11

Thymus 8.688 0.852 6.121 3.151E-11 1.417 1.473E-10 44.153 7.917E-12

Thyroid 8.401 0.858 7.579 1.802E-11 3.257 6.157E-11 40.760 7.483E-12

Tongue 2.512 0.759 4.229 5.774E-11 32.775 1.005E-11 15.761 2.841E-12

Tooth 3.514 0.086 1.773 6.115E-11 2.058 2.412E-11 5.268 9.344E-12

Trachea 4.930 0.597 7.847 1.923E-11 27.360 6.969E-12 3.192 1.409E-10

Uterus 7.355 0.967 7.008 2.010E-10 37.927 6.747E-12 13.188 1.792E-11
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which are vital in dosimetry calculations and the development of EM medical

devices.

Here, the two-stage GA has been demonstrated to have the most accurate

Debye parameters with the lowest error. The performance analysis and com-

prehensive comparison with other methods have shown that the two-stage

GA is able to optimise the fit to both standard tissue property models and

measured data. The resulting parameters for all investigated tissues have

also been presented for future reference. Further, the two-stage GA method

is not limited to the multi-pole Debye model and can similarly be applied to

the Cole-Cole and Lorentz models.
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