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A B S T R A C T

Real-time simulation of bio-heat transfer can improve surgical feedback in thermo-therapeutic treatment,
leading to technical innovations to surgical process and improvements to patient outcomes; however, it is
challenging to achieve real-time computational performance by conventional methods. This paper presents a
cellular neural network (CNN) methodology for fast and real-time modelling of bio-heat transfer with medical
applications in thermo-therapeutic treatment. It formulates nonlinear dynamics of the bio-heat transfer process
and spatially discretised bio-heat transfer equation as the nonlinear neural dynamics and local neural con-
nectivity of CNN, respectively. The proposed CNN methodology considers three-dimensional (3-D) volumetric
bio-heat transfer behaviour in tissue and applies the concept of control volumes for discretisation of the Pennes
bio-heat transfer equation on 3-D irregular grids, leading to novel neural network models embedded with bio-
heat transfer mechanism for computation of tissue temperature and associated thermal dose. Simulations and
comparative analyses demonstrate that the proposed CNN models can achieve good agreement with the com-
mercial finite element analysis package, ABAQUS/CAE, in numerical accuracy and reduce computation time by
304 and 772.86 times compared to those of with and without ABAQUS parallel execution, far exceeding the
computational performance of the commercial finite element codes. The medical application is demonstrated
using a high-intensity focused ultrasound (HIFU)-based thermal ablation of hepatic cancer for prediction of
tissue temperature and estimation of thermal dose.

1. Introduction

Real-time simulation of bio-heat transfer is increasingly valuable in
the applications of tissue temperature prediction and thermal dose
evaluation in thermo-therapeutic treatment [1,2]. It can facilitate sur-
gical feedback in the thermo-therapeutic process by providing predic-
tions and analyses of tissue temperature and associated thermal damage
in a fast or near real-time regime, leading to not only technical in-
novations to surgical process but also practical improvements to clinical
outcomes [3,4]. It was reported that real-time prediction and control of
thermal dose could help avoid thermally hot-spots in healthy tissue [3],
allowing precise control of thermal energy to induce a desired thermal
injury to selective tissue without exposing neighbouring organs/
healthy-tissue due to excessive thermal energy as well as to avoid re-
currence of tumours due to insufficient exposure at target regions.

It is challenging to achieve real-time 3-D computation of bio-heat
transfer by conventional methods. Most of the developed numerical
methods [5–10] are mainly focused on numerical accuracy, con-
vergence, and stability, rather than computation time and hence are

only suitable for pre-treatment predictive analysis. This is mainly owing
to the large computational costs involved in solving the nonlinear bio-
heat transfer equation at each time step during the simulation which
includes nonlinear characteristics due to bio-heat conduction, blood
perfusion, and metabolic heat generation. The nonlinear system of
equations is typically solved by an iterative solution method based on
the Newton–Raphson’s procedure [11] through a sequence of solutions
of a linearised system of equations. The linear system of equations can
either be solved by (i) direct computation of the inverse or the factor-
isation of the system matrix or (ii) iteratively solving a system of al-
gebraic equations based on an initial estimate. However, numerical
solutions of both methods are computationally expensive to obtain
[12]; for instance, it was reported that simulation of a thermal ablation
process using conventional methods led to computation times ranging
from a few minutes to several hours [13].

In general, most of the existing methods for fast simulation of bio-
heat transfer are based on conventional numerical methods such as the
finite difference method (FDM), finite volume method, finite element
method, and meshless methods, forming a global nonlinear system of
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equations for temperature solution. Based on FDM, Schwenke et al.
[14] studied a Graphics Processing Unit (GPU)-accelerated approach,
utilising parallel execution of GPU for fast simulation of focused ul-
trasound thermal treatment. Kalantzis et al. [15] also studied a GPU-
accelerated technique for fast simulation of focused ultrasound thermal
ablation. Chen et al. [16] presented a GPU-accelerated microwave
imaging method to monitor temperature during thermal therapy. Zhang
et al. [17] presented a GPU-accelerated technique for fast simulation of
bio-heat conduction in thermal ablation. He and Liu [18] developed a
parallel alternating direction explicit scheme to solve the bio-heat
transfer equation. Carluccio et al. [19] devised a spatial filter method
based on Fast Fourier Transform to reduce computation time. Dillen-
seger and Esneault [20] also studied a Fast Fourier Transform-based
FDM method. Johnson and Saidel [21] studied a FDM-based metho-
dology for fast simulation of radiofrequency tumour ablation. Kowalski
and Jin [22] studied a model order reduction method for electro-
magnetic phased-array hyperthermia. Based on finite volume method,
Indik et al. [23,24] employed a multi-grid method by applying multi-
scales of grid resolution for fast solution of the bio-heat transfer equa-
tion. Based on finite element method, Mariappan et al. [25] developed a
GPU-accelerated methodology for fast simulation of bio-heat transfer
for hepatic cancer treatment. Based on meshless point collocation
method, Bourantas et al. [26] presented a dynamic mode decomposi-
tion method for fast numerical solution of bio-heat transfer. Despite the
improved numerical efficiency by the mode decomposition/order re-
duction, the numerical accuracy and efficiency of the algorithms are
dependent on the number of reduced-basis chosen, and there is an in-
evitable loss of system energy due to projection from the full system
space to the smaller subspace [27].

Cellular neural network (CNN) has recently received attention for
application in the biomedical area [28–31] owing to their fast com-
putation due to the collective and simultaneous computing activity of
cells, which would be able to satisfy the real-time computation re-
quirement. CNN was first introduced by Chua [32] in 1988, which was
primarily intended for image processing and pattern recognition (see
CNN review paper [33] and book [34]). CNN is a dynamic system, and
it has been evident that its solution represents excellent approximations
to many nonlinear partial differential equations [35], and hence it has
been applied to efficiently and effectively simulate various nonlinear
dynamic systems such as the mechanical vibrating systems [36], pat-
tern formation and active wave propagation [37], differential equations
[38], and deformable object modelling [39,40]. CNN has also been
applied to heat transfer problems, but its studies are limited [32,34,41].
Given its asynchronous parallel processing, time-continuous dynamics,
and local neural interaction, which would be able to satisfy the real-
time computation of bio-heat transfer, Niu et al. [42] reported a two-
dimensional (2-D) CNN model based on regular grids for fast estimation
of tissue temperature field. However, the reported CNN can only per-
form computations on a 2-D regular uniform grid but not on the 3-D
irregular grids for volumetric behaviour of bio-heat transfer for tissue
temperature prediction.

This paper presents a novel CNN methodology for real-time com-
putation and analysis of bio-heat transfer in soft tissue during thermo-
therapeutic treatments such as hyperthermia and tumour/cancer abla-
tion. The novel contributions of this paper are: (i) it considers the vo-
lumetric bio-heat transfer behaviour in tissue by formulating the neural
dynamics and cell connectivity of CNN in 3-D according to the tem-
porally and spatially discretised 3-D nonlinear Pennes bio-heat transfer
model; (ii) not restricted to regular grids, it further considers the es-
tablishment of 3-D CNN on irregular grids by applying the concept of
control volumes to discretise the Pennes bio-heat transfer equation on
3-D spatial domains for mapping CNN on 3-D irregular grids; and (iii) it
applies the proposed CNN models to a clinically relevant senario of
thermo-therapeutic treatment of hepatic cancer for real-time tissue
temperature prediction and thermal dose estimation, leading to novel
neural network models for real-time bio-heat transfer analysis.

The remainder of this paper is organised as follows: Section 2 in-
troduces the Pennes bio-heat transfer model and thermal dose equa-
tions, followed by the proposed CNN models in Section 3, including
CNN and its formulations on 3-D regular and irregular grids. Section 4
presents verifications of the proposed methodology, evaluations of the
computational performance, and applications to the hepatic cancer
treatment. Finally, this paper concludes in Section 5 with future im-
provements to the work.

2. Pennes bio-heat transfer model

Soft tissue temperature field is determined by solving the Pennes
bio-heat transfer equation in 3-D [43], which mathematically describes
heat transfer in tissue accounting for the bio-heating and cooling effects
of heat conduction, blood perfusion, metabolic heat generation, and
regional heat sources [44]. The Pennes bio-heat equation can provide
suitable temperature prediction for whole body, organ, and tumour
analyses [45], and therefore it has been widely used in the modelling of
cancer treatment by hyperthermia and ablative methods [15,25,46,47]
and other biomedical research areas [9,48,49]. The Pennes bio-heat
transfer equation is given by [43]:

= + +C T
t

k T w C T T Q H( ) ( )b b a (1)

where is the tissue density, C the tissue specific heat capacity, T the
tissue temperature, t the time, k the tissue thermal conductivity, wb the
blood perfusion rate, Cb the blood specific heat, Ta the arterial blood
temperature, Q the metabolic heat generation rate, H the regional heat
source, the divergence operator, and the gradient operator.

When a certain temperature is attained in tissue for a sufficient
duration of time, the irreversible tissue coagulation necrosis occurs. The
prediction of coagulation necrosis can be achieved based on the em-
pirical observation that the effect of thermal therapy can be measured
by the relationship between the exposure time and temperature of the
target tissue [50]. To quantitatively determine the extent of a coagu-
lation necrosis zone, an empirical measure of thermal dose, CEM43, is
studied in literature in which the temperature-time history of a parti-
cular tissue volume is integrated and reduced to a cumulative equiva-
lent exposure time at the reference temperature of 43 [46]. It is
considered that thermal damage of tissue occurs for 240 cumulative
equivalent minutes of CEM43 (a typical threshold for thermal ablation)
[51]. CEM43 is mathematically given by [46]

=
=

=

CEM t R dt( )
t t

t t
T t

43
(43 ( ))

end

0 (2)

where t0 and tend denote the starting and ending time of sonication, and
the iso-dose constant R is given by

= <R T t
T t

0.25 ( ) 43
0.5 ( ) 43 (3)

3. Methodology

As mentioned previously, conventional methods are challenging to
achieve real-time computational performance for the Pennes bio-heat
transfer equation which needs to be solved at each time step during the
thermo-therapeutic treatment for prediction of tissue temperature field.
Given the characteristics of local cell interaction and the advantage of
collective and simultaneous activity of cells of CNN, which would be
able to solve the nonlinear bio-heat transfer problem while achieving
real-time computation, CNN is employed in this work for fast compu-
tation of the Pennes bio-heat transfer equation.
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3.1. Cellular neural network

The Pennes bio-heat transfer equation is continuous in spatial do-
main of media, and it needs to be discretised to obtain continuous
numerical values at discrete computation points since the analytical
solution does not exist for tissues that have irregular and complex
geometries. Physically assembling individual equations for the discrete
points leads to a global system of equations that is typically solved
using conventional numerical approaches, such as directly computing
the inverse or factorisation of the system matrix or iteratively solving a
system of algebraic equations based on an initial estimate, both of
which lead to expensive computations, especially for 3-D volumetric
objects consisted of a large number of discrete points.

Compared to conventional numerical solving algorithms, CNN offers
an incomparable computational advantage in temporal domain due to
the collective and simultaneous computing activity of cells. In the
context of CNN, a cell is defined as the basic unit which is a time-
continuous nonlinear dynamic processing unit made of linear capaci-
tors, linear resistors, and linear or nonlinear current sources [52]. CNN
is formed by an array of cells that are locally connected and interact
only with their adjacent cells [53]. Cells that are not locally connected
influence each other implicitly via the propagation effect of local cell
interactions [54]. The computational advantage, nonlinear cell dy-
namics, spatial local interaction, and global propagation behaviour
make CNN well suited for fast computation of the Pennes bio-heat
transfer equation. The gradient operator in the Pennes equation (Eq.
(1)) encodes local connectivity of discrete points and determines the
behaviour of bio-heat transfer for a given heat source input. On the
other hand, the dynamics of CNN is determined by the local con-
nectivity of cells under the given current source. Given the analogy
between these two dynamic processes, a straightforward way would be
to formulate the local connectivity of cells in CNN as the local con-
nectivity of discrete points to characterise the bio-heat transfer in tissue
described by the Pennes bio-heat transfer equation.

3.2. CNN formulation on regular grids

The formulation of local connectivity of cells in CNN is firstly de-
monstrated on a regular computation grid, and the formulation on the
irregular computation grid is demonstrated in the next section.
Considering CNN on a rectangular computation grid with M rows and
N columns, each grid point is occupied by a cell. The dynamics of the
array of ×M N cells can be described by the following equations and
conditions [32]:

(i) Cell state

= +

+ +

C
dv t

dt R
v t A i j k l v t

B i j k l v t I

( ) 1 ( ) ( , ; , ) ( )

( , ; , ) ( )

x
xij

x
xij

C k l N i j
ykl

C k l N i j
ukl ij

( , ) ( , )

( , ) ( , )

r

r (4)

(i) Cell output

= +v t v t K v t K K( ) 1
2

(| ( ) | | ( ) |), 1yij xij xij (5)

(i) Conditions

v K v K| (0)| ; | |xij uij (6)

(i) r-neighbourhood

=N i j a b a i b j r a M b N i
M j N

( , ) {( , )max{| |, | |} , 1 , 1 } (1
; 1 )

r

(7)

where i j( , ) and k l( , ) refer to cells C i j( , ) and C k l( , ) associated with

respective points under consideration, and =r 1 in our case for con-
sideration of only the direct-connected cells,Cx is the capacitance of cell
capacitor, Rx the resistance of cell resistor, Iij the current of cell current
source, A i j k l( , ; , ) the feedback template defining cell interactions,
B i j k l( , ; , ) the control template characterising the influence of input on
the cell state, v t( )uij , v t( )xij and v t( )yij the input, state, and output of cell
C i j( , ) at time t , v t( )yij is a nonlinear sigmoid function of v t( )xij , and it is
bounded by a constant K which is equal to or greater than one.

The discrete Pennes bio-heat transfer equation for point i j, occupied
by cell C i j( , ) on the rectangular computation grid can be obtained by
using the finite difference scheme, yielding:
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where the subscript i j, denotes the respective quantities at point i j, ,
and =u P Pi i j i j1 1, , , = +u P Pi i j i j, 1, , =v P Pj i j i j1 , 1 , , and

= +v P Pj i j i j, , 1 where Pi j, is the position of point i j, .
Recalling the governing equation of cell state in Eq. (4), without cell

inputs, Eq. (4) becomes an autonomous CNN [37] whose governing
equation can be written as:

= + +C
dv t

dt R
v t A i j k l v t I

( ) 1 ( ) ( , ; , ) ( )x
xij

x
xij

C k l N i j
ykl ij

( , ) ( , )r (9)

The discrete Pennes bio-heat transfer equation is embeded into the
autonomous CNN by associating the state of cell v t( )xij with the tem-
perature T t( )i j, and the parameters of the autonomous CNN with the
Pennes bio-heat transfer parameters, yielding:
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(10)

3.3. CNN formulation on irregular grids

To formulate CNN on irregular grids, the original definition of ‘r-
neighbourhood’ in the rectangular grid [32] is extended to the gen-
eralised grid, in which each point on the computation grid is arbitrarily
positioned and connected to any number of adjacent points. The r-
neighbourhood of cell C i( ) associated with point i is denoted by N i( )r ,
and it is defined by:

=N i C j edge C i C j r( ) { ( )| ( ( ), ( )) }r (11)

After defining the range of local interactions, the state of a cell for
irregular grids can be described by the following equation:

= + + +C dv t
dt R

v t A i j v t B i j v t I( ) 1 ( ) ( ; ) ( ) ( ; ) ( )x
xi

x
xi

C j Nr i
yj

C j Nr i
uj i

( ) ( ) ( ) ( ) (12)

where i and j refer to cells C i( ) and C j( ) associated with respective grid
points under consideration, and =r 1 in our case for consideration of
only the direct-connected cells.

The spatial-continuous Pennes bio-heat transfer equation is dis-
cretised on irregular grids by dividing the spatial domain into a number
of non-overlapping control volumes [55,56] with computation points
located at centres, over which the conservation of energy is enforced in
a discrete manner. The control volume is formed by employing a dual
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mesh connecting the edge-midpoints, face-centroids, and centroid of a
geometric enclosure around a computation point. The geometric en-
closure can be of any shape such as triangles or quadrilaterals in 2-D
and tetrahedrons, hexahedrons, prisms or pyramids in 3-D. The discrete
Pennes bio-heat transfer equation for point i enclosed by its control
volume i can be written as:

+

=

C T t
t

w C T t T Q H d

k T t d

( ( ) ( ( ) ) )

( ( ))

i i
i

b i b i i a i i

i i

, ,
i

i (13)

Applying Gauss’s divergence theorem leads to

+ =

=

C T t
t

w C T t T Q H d k T t dS
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n

n

( ( ) ( ( ) ) ) ( )

( )

i i
i

b i b i i a i i S i i

S i
i

, ,
i i

i (14)

where n is the outward unit normal vector at boundary surface Si.
Rearranging Eq. (14) yields

=T t
t C

k T t dS
w C T t T Q H

Cn
( ) 1 ( ) ( ( ( ) ) )i

i i i S i
i

b i b i i a i i

i i

, ,

i

(15)

where i is the control-volume.
A straightforward approximation of Eq. (15) may be written as:

= +…+T t
t C

k T t k T t
l

S S

w C T t T Q H
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( ) 1 ( ) ( )
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i i

( )
,1 ,

, ,

(16)

where + …+S S( )ij ij n,1 , is the sum of quadrilateral surfaces that are at-
tached to the edge of points i and j, and the number of quadrilateral
surfaces depends on the number of tetrahedrons or hexahedrons sharing
the edge, and lij the spatial distance between points i and j.

Recalling the governing equation of cell state in Eq. (12); without
cell inputs, Eq. (12) becomes an autonomous CNN [37], and the gov-
erning equation can be written as:

= + +C dv t
dt R

v t A i j v t I( ) 1 ( ) ( ; ) ( )x
xi

x
xi

C j N i
yj i

( ) ( )r (17)

Rearranging the discrete Pennes bio-heat transfer equation leads to
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It can be seen that Eqs. (17) and (18) are remarkably similar. Hence,
the discrete Pennes bio-heat transfer equation is embeded into CNN by
associating the parameters of the autonomous CNN with the parameters
of the Pennes equation, leading to:

= = = =
+ +

C v t T t v t T t I
w C T Q H

C
1; ( ) ( ); ( ) ( );x xi i yj j i

b i b i a i i

i i

, ,

=
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b i b i
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,1 , , ,

=
+…+

A i j
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i i i ij

,1 ,

(19)

To fully describe the proposed CNN models, the initial and
boundary conditions must be specified. The initial condition is enforced
by associating the initial temperature with the initial state of the cell as:

=v T(0) (0); regular gridsxij i

=v T(0) (0); irregular gridsxi i (20)

The Dirichlet boundary condition is enforced by using fixed-state
cells which apply a prescribed temperature to the related cells on the
boundary of the problem domain at all times, yielding

=v t T( )x b, (21)

where v t( )x b, denotes the state of the cell at the boundary of the problem
domain at time t .

The time evolution of the CNN array directly provides the solution
to the Pennes bio-heat transfer equation, leading to the distribution of
temperature in soft tissue.

4. Results

Simulations and comparison analyses are conducted to verify the
proposed CNN formulations (Section 3) for the Pennes bio-heat transfer
equation, followed by the evaluations of computational performance.
The clinical application is demonstrated using a thermo-therapeutic
treatment of hepatic cancer, and its performance is also discussed.

4.1. Algorithm verification

The proposed methodology is verified against the commercial finite
element analysis package, ABAQUS/CAE 2018 (License 6.20) for nu-
merical accuracy before evaluating the computational time perfor-
mance. Numerical accuracy of modelling individual terms in the Pennes
bio-heat transfer equation such as the bio-heat conduction, blood per-
fusion, and metabolic heat generation is evaluated individually before
evaluating the combined effect as a whole. Fig. 1 illustrates a virtual
human liver model under investigation, and it is discretised into a linear
tetrahedral mesh consisting of 13170 nodes. Thermal material proper-
ties of liver tissue are the isotropic and homogeneous thermal con-
ductivity =k W m0.518 /( ), density = kg m1060 / 3, and specific heat
capacity =c J kg3700 /( ) [57]. The initial tissue temperature is set to

=T 370 , and the red nodes at the bottom of the liver are prescribed
with a constant temperature =T 37 throughout the simulation (see
Fig. 1 (a)). A constant concentrated heat flux =q W1 is applied to the
red nodes on the surface of the liver (see Fig. 1 (b)).

Fig. 2 presents numerical comparisons between the proposed CNN
methodology and ABAQUS for simulating the bio-heat conduction
subject to external heat sources. It can be seen there is good agreement
with those from the proposed methodology (P,N#) compared to the
ABAQUS solution (A,N#) with the same set of mesh and simulation
parameters.

Fig. 3 presents numerical comparisons between the proposed
methodology and ABAQUS for simulating blood perfusion. A constant
concentrated film condition =h W m0.0293 /( )2 is applied to all
nodes with an associated nodal area of m1 2. The employed h value is
determined based on the blood perfusion rate =w kg m s26.6 /( )b

3 ,
blood specific heat capacity =c J kg3617 /( )b [57], and volume

=V m0.00401 3 of the liver model. The arterial blood temperature is set
to =T 39.5a . It can be seen that there is good agreement with those
from the proposed methodology (P,N#) compared to the ABAQUS so-
lution (A,N#).

Fig. 4 presents numerical comparisons between the proposed
methodology and ABAQUS for simulating metabolic heat generation. A
constant concentrated heat flux =q W0.0103 is applied to all nodes,
where the employed value is determined based on the metabolic heat
generation rate =Q W m33800 /m

3 [58] and liver volume
=V m0.00401 3 for the 13170 nodes. It shows that there is good agree-

ment with those from the proposed methodology (P,N#) compared to
the ABAQUS solution (A,N#).

The combined effect of bio-heat conduction, blood perfusion, and
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metabolic heat generation (the Pennes bio-heat transfer equation) is
verified by applying a two-stage simulation process: (i) a =t s6 thermal
heating process during which the liver is exposed to regional heat
sources, and (ii) a =t s24 relaxation process in which the regional heat
sources are removed. The arterial blood temperature is set to =T 37a .
Fig. 5 presents the temperature-history at five nodes. It can be seen that
there is good agreement with those from the proposed methodology
(P,N#) compared to the ABAQUS solution (A,N#).

At the completion =t s30 , the statistical results of the comparison at
all nodes are presented in Table. 1. It shows that there is only a mar-
ginal difference between the results of the proposed CNN and ABAQUS
solutions. The numerical error is calculated using the following equa-
tion:

= =

=

Error
T T

T
( )

( )
n
N

n
ABAQUS

n
Proposed

n
N

n
Abaqus

1
2

1
2 (22)

4.2. Computational performance

The computational benefits of the proposed methodology are ex-
amined by comparing computation times utilising a different number of
mesh points against those of the ABAQUS under the same operating
conditions. The numerical comparisons are carried out on an Intel(R)
Core(TM) i7-6700 CPU @ 3.40 GHz and 32 GB RAM PC, and the
ABAQUS solution time is measured with and without the ABAQUS
parallel execution settings (8 multiple processors; mode: threads). The
simulation is performed at =t s0.005 for 1000 time steps for a simu-
lation of =t s5 Pennes bio-heat transfer process. Fig. 6 illustrates a
comparison of computation times between the proposed methodology
and ABAQUS. The proposed methodology is able to perform a calcu-
lation at =t ms1.074 per time step at (7872 nodes, 1 degree of freedom

per node) and complete the simulation (1000 time steps) in ms1074 . In
contrast, the paralleled ABAQUS solution takes =t ms326.50 per time
step and completes the simulation in × ms3.265 105 . This results in a
computation time reduction of 304 times using the proposed metho-
dology over the paralleled ABAQUS solution. If no parallelisation is
enabled for the ABAQUS solution procedure, it takes =t ms830.05 per
time step and completes the simulation in × ms8.3005 105 , indicating a
computation time reduction of 772.86 times using the proposed
methodology over the non-paralleled ABAQUS solution, far exceeding
the computational performance of commercial finite element codes. It is
also noticed that the computation time of the proposed methodology is
increased near linearly with the increase of the system’s degrees of
freedom. With the physical time step size = =t s ms0.005 5 , the pro-
posed methodology can achieve real-time computational performance
at 7872 nodes ( =t ms1.074 per step). Using a linear interpolation, it is
estimated that 33690 nodes can be simulated in real-time at =t ms5
per step using the proposed methodology. The computational perfor-
mance can be further improved by CNN hardware implementation
[59,60] and adaptive technique [61].

4.3. Application to thermo-therapeutic treatment

The medical application of the proposed CNN methodology may be
demonstrated using various modalities for thermo-therapeutic treat-
ment. Thermal therapies use energy sources, such as radiofrequency,
microwave, laser, and focused ultrasound, to generate heat to cause
thermal injury to selective target regions such as tumours/cancers.
These therapies require knowledge of tissue temperature for cancer
treatment using sufficient thermal energy to ablate the target sites
while avoiding thermal damage in surrounding healthy tissue due to
overheating/overdosing.

The proposed CNN methodology is applied to a patient-specific

Fig. 1. Virtual human liver model: (a) initial T0 and boundary conditions T , and (b) loading conditions heat flux q applied to the red nodes.

Fig. 2. Numerical comparisons: (a) a comparison of temperature-history between the results of the proposed methodology (P,N#) and ABAQUS (A,N#) for five nodes
(#1-5), and (b) a close-up look of the temperature-history.
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HIFU treatment of hepatic cancer to demonstrate fast prediction of
tissue temperature and associated thermal dose. The patient-specific
anatomical geometries are derived from a Computed Tomography (CT)
dataset which is segmented into skin, fat, bones, muscle, and liver, and
the medium outside the patient is segmented as water in which the
focused transducer is placed. The ultrasound wave propagation in tissue
is modelled by the nonlinear full-wave Westervelt equation [62] on a
uniform meshgrid of 364 x 196 x 196 covering a 3-D spatial domain of

mm mm mm121.3 x 65.3 x 65.3 with a HIFU transducer of diameter
=D mm60 , radius of curvature =R mm75 , power =P W100 , and

frequency =f MHz1 . The obtained acoustic pressure field is employed
to determine the spatial heat sources due to tissue attenuation of ul-
trasound in the form of heat for the bio-heat transfer in the liver. Ty-
pical values for density, sound speed, attenuation, thermal con-
ductivity, specific heat capacity, and blood perfusion
[1,47,51,57,63–67] are used for each type of tissue. The heterogeneity
of tumour region and healthy tissue is modelled by the proposed CNN
by setting material properties of CNN cells to different parameter values
at different regions according to tissue/tumour types.

Since the simulated ultrasound pressure field is nonlinear where
higher harmonic frequencies occurr, the spatial heat source H for the
bio-heat transfer equation is also a nonlinear heat source and is de-
termined from the harmonic components of the acoustic pressure field,
yielding

=
=

H
c

p1

k

K

k k
1

2

(23)

where is the tissue density, c the tissue sound speed, k the frequency-
dependent attenuation coefficient of the k th harmonic with a frequency
power law of the form = y

0 [68] ( =y 1.3 in our case) and the
angular frequency, pk the acoustic pressure of the k th harmonic com-
ponent, and K the number of harmonics ( =K 3 in our case).

Based on the geometry and material properties of the patient-specific
anatomical model, the temperature field of the liver is calculated through
the proposed CNN modelling of the Pennes bio-heat transfer equation.
Fig. 7 illustrates the placement of the focused transducerproposed
methodology provides a fast and real-time means for modelling of the
Pennes bio-heat transfer equation based on the collective and simulta-
neous activity of cells of CNN. The nonlinear bio-heat transfer process is
accommodated by the nonlinear cell dynamics of CNN to evolve the heat
transfer process in the manner of local interaction and global propaga-
tion of cells, leading to CNN models embedded with bio-heat transfer
mechanism for computing tissue temperature and for medical applica-
tions of thermo-therapeutic cancer treatment. Compared to 2-D CNN on
regular grids, the proposed methodology extends the CNN formulation
by considering 3-D volumetric bio-heat transfer on irregular grids via the
concept of control volumes for spatial discretisation, allowing bio-heat
transfer in irregular objects of complex geometries to be modelled by the
proposed method. Furthermore, it presents quantitative assessments on
the numerical accuracy and computational performance compared to the
ABAQUS solutions, demonstrating an efficient and effective means for
Pennes bio-heat transfer modelling. Compared to the methods based on
pre-computation [69,70] for better computational performance, the
proposed method does not require the pre-computation process.

Fig. 3. Numerical comparisons: (a) a comparison of temperature-history between the results of the proposed methodology (P,N#) and ABAQUS (A,N#) for five nodes
(#1-5), and (b) a close-up look of the temperature-history.

Fig. 4. Numerical comparisons: (a) a comparison of temperature-history between the results of the proposed methodology (P,N#) and ABAQUS (A,N#) for five nodes
(#1-5), and (b) a close-up look of the temperature-history.
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5. Conclusion

This paper presents a new cellular neural network methodology for
real-time prediction and analysis of tissue temperature and thermal
dose for thermo-therapeutic applications. The proposed CNN models
avoids complex and expensive numerical nonlinear solution procedures

by formulating the nonlinear Pennes bio-heat transfer equation as the
nonlinear collective and simultaneous neural activities of CNN through
the formulation of local connectivity of cells as the local interaction of
the discrete Pennes bio-heat transfer equation, leading to novel neural
network models embedded with bio-heat transfer to address the com-
putational performance for real-time thermo-therapeutic applications.
3-D mapping of the Pennes bio-heat transfer equation on CNN is con-
ducted on both regular and irregular grids. Simulations and comparison
results demonstrate that the proposed method can achieve comparable
numerical accuracy compared to the commercial finite element analysis
package and achieve significant computation time reductions. The
clinical application has been demonstrated via real-time computation of
tissue temperature and thermal dose calculations for HIFU treatment of
hepatic cancer. Future research work will focus on consideration of
mechanical deformation (global and local) for improvement of the
proposed method for thermo-therapeutic treatment.

Fig. 5. Numerical comparisons: (a) a comparison of temperature-history between the results of the proposed methodology (P,N#) and ABAQUS (A,N#) for five nodes
(#1-5), and (b) a close-up look of the temperature-history of nodes #1-3.

Table 1
Statistical results for all nodes at the completion =t s30 .

Min ( ) Max ( ) Median ( ) RMS ( ) Q1 ( ) Q3 ( )

ABAQUS 37 39.7464 37.1962 37.1827 37.0665 37.2846
Proposed 37 39.7333 37.1977 37.1835 37.0664 37.2867
Difference −0.0141 0.0832 −0.0010 0.0033 −0.0020 0
Error 8.8807e-05

Fig. 6. Computation times of the proposed
methodology and comparisons to the ABAQUS
solution times utilising different mesh sizes (1
degree of freedom per node): (a) computation
times per time step, (b) total computation times
of the proposed methodology, (c) comparison
of computation times per time step, and (d)
ratios of computation time reduction.
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