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ABSTRACT 

Efforts to improve hyperthermia treatments of cancer have motivated this re

search. Three fundamental goals that have have been defined are the identification 

of tissue parameter values, the prediction of tissue temperature behavior, and the 

control of tissue temperature behavior during hyperthermia treatments. 

This dissertation consists of three independent studies applying neural net

works to hyperthermia. These studies examine neural network based systems and 

how these systems apply to the identification, prediction, and control of tissue 

temperature behavior during a hyperthermia treatment. 

The first study examines the ability of neural networks to estimate the tissue 

perfusion values and the minimum temperature associated with numerically calcu

lated steady state hyperthermia temperature fields. This study utilizes a limited 

number of measured temperatures within this field. We show that a hierarchical 

system of neural networks consisting of a first layer of pattern recognizing neural 

networks and a second layer of hypersurface reconstructing neural networks is ca

pable of estimating these variables within a selected error tolerance. Additional 

results indicate that if the locations of the measured temperatures within the tem

perature field are selected effectively, the hierarchical system of neural networks 

can tolerate a moderate level of model mismatch. 

The second study examines the feasibility of using a system of neural networks 

to estimate the Laplacian values at the sensor locations in a tissue sample by using 

the measured temperature data. By combining these neural network Laplacian 

estimates with the measured data, numerical values for three different components 

(conduction, advection, and external power) can be obtained at the sensor loca

tions. These thermal terms can then be used in a model of the tissue to predict 

future temperatures. Using only measured data collected early in the treatment, 

we show that recursive application of this estimation process can provide accurate 
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predictions of the temperature behavior at the sensor locations of a tissue sample 

for the duration of a treatment. This system was also found to be robust with 

respect to the addition of white noise to both the sensor measurements and the 

amount of power delivered to the sensor locations. 

The final study explores the ability of a neural network based predictive system 

to formulate a predictive control strategy. We show that with certain restrictions 

on the power deposition patterns, desired temperature trajectories within the tissue 

model can be achieved with a neural network based predictive control system. 
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Chapter 1 Introduction 

The research in this dissertation presents a new method for reducing the dimen

sionality of systems governed by partial differential equations to locations where 

measured data is available. While the particular problem presented in this re

search relates to hyperthermia treatment of cancer, we feel that the methodology 

by which we solve this problem is quite general and warrants attention in and of 

itself. Correspondingly, we hope that this material will be taken as both a response 

to a particular problem and a general method. 

Hyperthermia treatment of cancer is defined as the elevation of temperatures 

within a tissue sample to cytotoxic levels adequate for the destruction of cancerous 

cells. Several basic questions associated with hyperthermia have motivated the 

studies presented in this dissertation. 

One fundamental problem associated with hyperthermia is a means of gauging 

treatment success. There are a number of suggested criteria for quantifying the 

success of a hyperthermia treatment. Among these criteria are the minimum tem

perature inside the tumor [1] and Tgo , the temperature above which 90 percent of 

the tumor is maintained during a treatment [2]. Neither of these values can be 

measured and, correspondingly, an effective means of estimating these values from 

known data could help determine treatment effectiveness. 

As well as temperature related parameters, there are unknown variables asso

ciated with the dynamical behavior of the temperature inside the tissue sample. 

Most often these variables are associated with the partial differential equation that 

is assumed to govern tissue temperature behavior. The estimation of these val

ues is necessary for applications involving this partial differential equation and, 

correspondingly, would help in modeling the dynamical behavior of the tissue tem

peratures. 
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These problems have given rise to the three aspects of the hyperthermia prob

lem that this dissertation addresses. These aspects are the identification of un

known parameters, the prediction of tissue temperature behavior, and the control 

of tissue temperature behavior. 

The first of these three problems is the identification of unmeasurable parame

ters associated with a hyperthermia treatment. These parameters may be associ

ated with treatment success, e.g., minimum tumor temperature. These parameters 

may also be associated with the partial differential equation that is assumed to 

govern tissue temperature behavior, e.g., the Laplacian value associated with con

ductivity at a specific location in the tissue sample. 

The second problem we examine is the prediction of tissue temperature behav

ior during hyperthermia treatments. In approaching this problem, we assume that 

we have available (i) temperature measurement data from sensors within the tissue, 

(ii) a given partial differential equation that is assumed to govern the tissue tem

perature behavior, and (iii) a given treatment strategy. Using these assumptions, 

we hope to predict future temperature behavior. 

The final problem approached in this dissertation is the control of tissue tem

perature behavior during a hyperthermia treatment. In approaching this problem, 

we hope to use predictive capabilities to design and implement a PI (Proportional 

plus Integral) controller based strategy that will quickly achieve and maintain a 

therapeutic temperature distribution. 

While this dissertation was initiated using the information and the partial dif

ferential equation associated with a hyperthermia treatment, the fundamental goal 

for the studies in this dissertation is to assess the abilities of neural networks to aid 

in applications of partial differential equations. We hope that the methods that we 

have applied will be applicable for other systems with limited information that are 

governed by partial differential equations. There are three major applications that 
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we seek to address. These are (i) the identification of parameters in systems that 

are governed by partial differential equations, (ii) the prediction of the behavior of 

systems that are governed by partial differential equations, and (iii) the control of 

the behavior of systems that are governed by partial differential equations. 

The studies presented in this dissertation have shown the ability of a neural net

work based system to use limited measurements from a partial differential equation 

(PDE) based system to (i) identify parameters of the PDE at these measurement 

locations, (ii) to predict future behavior of variables associated with the PDE at 

the measurement locations and (iii) to control the future behavior of variables as

sociated with the PDE at these measurement locations. Hence, while a particular 

partial differential equation and a particular application gave rise to the methods 

developed in this dissertation, we expect that these methods can be generalized to 

other applications that are associated with partial differential equations. 

1.1 The Hyperthermia Problem 

A hyperthermia treatment relies on externally applied power to raise and main

tain the temperature of cancerous tissue above a threshold temperature for a time 

interval sufficient for the destruction of the cancerous tissue. While the thera

peutic properties of hyperthermia in treating tumors have been recognized since 

ancient times [3], therapeutic temperature elevation of cancerous tissue can now 

be achieved with a wide diversity of heating modalities. Ultrasound was first 

proposed as a tool for treating animal tumors in 1932 [4]. Since then, modern 

applications have used scanned focused ultrasound [5, 6, 7, 8], incoherent exter

nal microwave arrays [9], multielement planar ultrasound arrays [10], electrically 

focussed ultrasound arrays [11], multiple RF electrodes [12], multiple interstitial 

microwave antennae [13], and phased arrays [14] amongst others. The power and 

the flexibility of these tools has created both the opportunity and the need for 
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advanced modeling and control strategies. 

A control strategy requires a target temperature distribution. Correspondingly, 

a means of determining desirable and undesirable temperature distributions is 

necessary. The hyperthermia community is still trying to develop a good single 

criterion for the effectiveness of treatment. One suggested criterion is the minimum 

temperature inside the tumor [1, 15, 16, 17] . Another criterion may eventually be 

Tgo , the temperature above which 90 percent of the tumor is maintained during 

treatment [2]. Regardless of which criterion is used, since healthy tissue is harmed 

by prolonged temperature elevation, it is necessary to maintain normal tissue below 

harmful levels [18, 19, 20, 21]. 

Since the only clinically measured information of the temperature field comes 

from invasive temperature probes, a control strategy to achieve a therapeutic tem

perature distribution can only rely on these measured values. Patient tolerance 

and other patient considerations restrict the number and the locations of these 

temperature sensors so temperature measurements from the treatment region are 

limited. The problem we address is the development of methods that use only this 

information to achieve treatment goals. 

1.2 Outline of Dissertation 

This dissertation uses neural network based techniques to address the three 

problems: (i) the identification of tissue parameters associated with a hyperthermia 

treatment; (ii) the prediction of the temperature behavior of tissue during the 

course of a treatment; and (iii) the control of tissue temperature behavior during 

the course of a treatment. 

Chapters 2 and 3 provide background material on the modeling and the es

timation tools that we use for our studies. In Chapter 2, we review the bioheat 

transfer equation and the finite dimensional model that we use to approximate it. 



17 

The numerical stability of our finite dimensional model is examined and shortcuts 

associated with steady state modeling are presented. In Chapter 3, we show how 

backpropagating feedforward neural networks are used as estimation and inter

polation tools in our studies. The structure and the training methods of these 

neural networks are explained and some training ideas, that we believe are new, 

are introduced. 

1.2.1 Identifying Parameters Associated with Partial Dif
ferential Equations 

The first problem associated with hyperthermia that we study is the identi

fication of tissue parameters associated with a given tissue region. Current esti

mation methods generally rely on finite difference or finite element methods [22]. 

These finite difference and finite element methods form a finite approximation to 

the partial differential equation that is assumed to govern tissue behavior. The 

temperature field associated with the tissue sample is then approximated with a 

spatially discretized grid of temperature nodes. Before introducing thermal energy, 

the entire tissue region is assumed to be at 370 C. With the initial value of each 

temperature grid location set to 370 C., the finite dimensional approximation to the 

partial differential equation can simulate temperature behavior under particular 

blood perfusion patterns and power deposition strategies. 

In order to estimate parameters associated with the partial differential equation, 

we can make an initial guess at these parameters and numerically compute the 

temperatures that will result from these guesses. By comparing the actual system 

temperatures to the temperatures that will result from our guesses, we can update 

our guesses for the parameters associated with the partial differential equation. In 

this manner, we can use inverse methods in conjunction with finite difference or 

finite element methods to identify unmeasurable parameters associated with the 

temperature field of a tissue sample [23, 24]. However, it is important to note 
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that these parameter estimation schemes rely on a large grid of temperatures and 

only a few of these temperatures can be known or verified by temperature sensor 

measurements. 

The ability to identify tissue parameters associated with a hyperthermia treat

ment without modeling the tissue sample in its entirety is studied in Chapter 4. 

Our study examines the ability of neural networks to predict blood perfusion values 

and the minimum tumor temperature. Our results indicate that neural networks 

will provide estimates for these values that are not only accurate but can tolerate a 

moderate level of model mismatch. This model mismatch can come from modeling 

errors associated with the tumor boundaries, the sensor locations, or the magni

tude of the power deposition. The estimated perfusion values and the minimum 

tumor temperature were also found to be robust with respect to the addition of 

white noise to the sensor measurements. While perfusion values and minimum 

tumor temperatures are the parameters that we studied, there is no reason why 

the methods used to predict these parameters cannot be extended to predict other 

parameters associated with partial differential equations either related or unrelated 

to hyperthermia. 

1.2.2 Predicting the Behavior of Systems Governed by Par
tial Differential Equations 

The second problem associated with hyperthermia that we study is the pre

diction of tissue temperature behavior during treatment. Generally, tissue tem

perature prediction techniques also rely on finite difference and finite element ap

proximations to the partial differential equation [22, 23, 24]. These methods rely 

on finite approximations of both the partial differential equation and of the tissue 

sample. A finite approximation to the temperature field associated with the tissue 

sample is constructed using a spatially discretized grid of temperature nodes. Be

fore applying power the entire tissue region is assumed to be at the normal body 
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temperature, 37° C. Correspondingly, the initial value of each temperature node 

on the finite grid is initially at 37° C. From this initial condition, the finite approx

imation to the partial differential equation can simulate the temperature behavior 

of this grid of temperature nodes from its initial state to its steady state [22]. Once 

again, because the majority of the temperature nodes used in these methods have 

no measured data associated with them, there is some uncertainty in this process. 

In Chapter 5, we study the ability of a neural network based system to predict 

tissue temperature behavior during treatment and we further study the ability of 

neural networks to predict perfusion values. 

Rather than dealing with the entire temperature field, our study concentrated 

solely on the temperatures at the sensor locations. The results of Chapter 4 indicate 

that if these sensors are well placed, this limited number of measured temperatures 

may be adequate for clinical needs. Using a system of neural networks, only the 

measured temperature information at the sensor locations is used to predict the 

perfusion values and the transient temperature behavior at the same temperature 

sensor locations. 

Incorporating a system of neural networks into a temperature prediction sys

tem, we were able to accurately predict, at least 50 minutes into the future, the 

transient temperature behavior at the sensor locations. This prediction technique 

was not only accurate but was also robust to the addition of white noise to the 

sensor measurements and to the addition of white noise to the externally applied 

power. 

1.2.3 Controlling the Behavior of Systems Governed by 
Partial Differential Equations 

The third problem we study is the control of the tissue temperature behav

ior during hyperthermia treatment. The vascular structure of human tissue and 

the variegated absorption rates of thermal energy from the external heating de-
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vice introduce a great deal of complexity to this control application. The type, 

size, shape, stage of growth, and location of the tumor tend to make each treat

ment unique. Furthermore, the fact that the patient must be able to tolerate the 

treatment and that this tolerance for pain cannot be predicted adds a completely 

undeterminable variable to the application. 

Despite the challenging nature of the problem, some success has been obtained 

in this application. PID (proportional, integral, and derivative) plus bang-bang 

controllers [25, 26], Smith controllers [27], and adaptive controllers [28, 29] have 

all been applied to the problem. However, predictive control strategies have not 

yet been studied. 

With the ability to predict tissue temperature behavior, the next step is to 

control the temperature distribution of a tissue sample during treatment. Using 

the neural network based temperature prediction system described in Chapter 5, 

the ability of a control scheme utilizing predictive control methods is studied in 

Chapter 6. 

Our efforts to control the tissue temperature behavior were, once again, re

stricted to controlling the temperatures at the sensor locations. If the tissue sensor 

locations are well chosen, control of these temperatures should provide control of 

treatment efficacy. With five scanning patterns at our disposal and a PI controller 

to determine the magnitude of the externally applied power introduced, we were 

able to design a controller which quickly reached and maintained a therapeutic 

temperature distribution at the sensor locations. 

Chapter 7 summarizes the studies presented in this dissertation and suggests 

some research directions where these studies might be taken. 
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The impetus for the research presented in this dissertation was the improvement 

of hyperthermia treatment of cancer. In particular, do the estimation abilities 

of neural networks offer any improvement upon existing methods? Due to the 

preliminary nature of our work, the studies in this thesis have not been clinically 

tested. The success and/or failure of the research is judged solely from numerical 

simulations. 

To numerically model the temperature behavior of a tissue sample, the forces 

governing the temperature behavior of the tissue sample must be expressed math

ematically. This chapter deals with (i) a review of an equation that has been used 

to govern tissue temperature behavior [30], (ii) how this equation can be numeri

cally modeled, (iii) how the stability of this numerical model can be guaranteed, 

and (iv) how steady state models for temperature fields can be generated quickly. 

2.1 The Governing Equation for a System 

2.1.1 The Components of a Governing Equation 

An appropriate equation to capture the temperature behavior inside living tis

sue during the course of a hyperthermia treatment must balance the rate at which 

energy is increasing or decreasing in the tissue with three fundamental components 

altering the amount of thermal energy in a system. 

The first of these three components is the generated thermal energy, the energy 

which is absorbed from a power source and not transmitted by the internal flow of 

thermal energy. This generated thermal energy can come from power sources that 

are either inside or outside the tissue. The thermal energy generated from within 

the tissue is the basal metabolic contribution and represents the thermal energy 
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the tissue itself is generating. The most common sources for externally introduced 

thermal energy in hyperthermia treatments are micro-wave applicators [9, 13] or 

ultra-sound transducers [5,6, 7,8,10]. These devices introduce electro-magnetic or 

ultrasonic energy into the tissue. The absorption of some of the electro-magnetic 

or ultrasonic energy in the tissue provides the thermal contribution from these 

sources. The sum of these two energy sources, metabolic and external energy, 

represent the generated energy introduced into the system. 

The second energy component affecting the amount of energy in the tissue is 

due to advective cooling drawing thermal energy out of the system. During a 

hyperthermia treatment, blood flows from cool regions outside of the area being 

heated. This cool blood flow helps remove thermal energy from the tissue area 

being treated. 

The third and final contribution of thermal energy during hyperthermia is the 

conductive flow of thermal energy through tissue. 

These three elements represent the changes to the energy content in a tissue 

sample. If they are accurately represented in a partial differential equation, this 

equation should represent the change in thermal energy for the system. 

Multiplication by a constant will convert a temperature change into a change 

in the thermal energy content of a system. Correspondingly, a partial differential 

equation that balances the above components should be able to model the tran

sient temperature behavior of tissue during a hyperthermia treatment. Such an 

equation is given below: 
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Rate of Storage Rate of con- Net rate of Net rate of 
of thermal version of conduction of transfer of 
energy in the energy from thermal energy thermal energy 
tissue sample other sources into the tissue by blood flow 
at location x at location x at location x at location x 

8T(x) 
= Qm+Qp + Q cond,in +Q cond,out + Q conv,in +Q conv,out PCp fit 

(2.1) 

Equation 2.1 expresses mathematically the elements needed to formulate a gov

erning partial differential equation that can be used for hyperthermia. The different 

terms in equation 2.1 are now discussed. a~~x) is the change in temperature with 

respect to time and PCp are the appropriate constants (described later) to convert 

a temperature change into a thermal energy change. 

The energy produced internally by the tissue sample is described as the basal 

metabolic rate. The basal metabolic rate, Qm, is on the order of 1000:a. Relative 

to the other thermal energy sources contributing to the tissue thermal energy 

during a hyperthermia treatment, this energy is negligible and is ignored. 

Electro-magnetic or ultrasonic energy comes from external heating devices. 

Frequently, these devices are ultrasound transducers or microwave applicators. 

The power is transmitted from these devices into the tissue where local absorption 

of some of the electro-magnetic or ultrasonic energy provides the power deposition 

term Qp. While the magnitude of this power can be controlled at the source, 

generally the power must also be estimated at its destination. The need to estimate 

Qp at the destination is due to the uncertainty of absorption rates both at and 

going to the destination. Henceforth, the term Qp is simply labeled Q and Qm is 

ignored. 

The conduction of thermal energy,Qcond,in + Qcond,OU/l represents the thermal 
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energy transferred by conduction through the tissue volume. Full details on its 

derivation can be found in any text on heat transfer, for example [31]. However, a 

brief outline of its derivation follows. 

Fourier's law states that the conduction of thermal energy at a given point x 

in a given direction r can be expressed as 

Qr= -kDr(x) (2.2) 

where Dr(x) is the change in the conductive flow of thermal energy at a point x 

in the direction that the vector r is pointing and k is the thermal conductivity at 

the point x. 

In order to determine the total thermal energy flow through a point, the total 

thermal energy flow in all directions must be measured and the net change as

sessed. One approach to this task is to place a small surface volume around the 

point x and to consider the sum of the thermal energy flow passing through this 

surface. When this amount of thermal energy is divided by the volume enclosed 

by the surface, this quotient approximates the total thermal energy flow through 

x, as thermal energy per unit volume. As the associated volume surrounding x 

shrinks, the approximation becomes precise. A mathematical formulation of this 

approach yields 

Q. d' + Q' d - lim con ,m con ,out - vo/(G)-+O 
1 r ... 

vol(G) JaG kVT(x)· -ndS. (2.3) 

In equation 2.3, k is the thermal conductivity coefficient at a given point, G is 
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a volume containing the point x, aG is the surface of the volume G that encloses 

x, 'VT{x) is the temperature gradient at the point x, and - ri is the inward normal 

to the surface aGo 

The integral evaluates the thermal energy passing in and out of the surface 

aGo Since the internal transfer of energy will not effect the overall energy within 

G, the amount of thermal energy passing through aG will represent the change 

in the quantity of thermal energy within the volume G. By taking the limit as 

the volume goes to zero, the volume G effectively becomes the point x and the 

thermal energy flow (per unit volume) passing through G is the thermal energy 

flow passing through x. 

Using the divergence theorem, equation (2.3) reduces to 

lim l~G) J f k'VT(x). -ridS = lim l~G) J J f k'V
2
TdV. (2.4) 

vo/(G)-+O vo JaG vo/(G)-+O vo JG 

As the volume of G approaches a small value dV, a good approximation to equa

tion 2.4 is 

. . 1 2 
Qcond,in + Qcond,out ~ dV . k'V T(x)· dV. (2.5) 

As G goes to zero, this approximation becomes precise, and 

• • 2 
Qcond,in + Qcond,out = k'V T(x). (2.6) 
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Expression 2.6 is a familiar expression for the thermal energy transfer due 

to conductivity passing through a point and is, henceforth, how we will express 

Qcond,in + Qcond,out. 

The overwhelming majority of the advective cooling inside living tissue is from 

the flow of blood. With advances in scanning techniques, it may become possible 

to map the location of blood vessels and the rate of blood flow within these vessels. 

With this advancement, a formula using the dot product of blood flow and thermal 

energy flow may become possible. This formula would use the direction and the 

magnitude of the blood flow and the direction and the magnitude of the thermal 

energy flow at every point in a tissue sample to determine how much of the thermal 

energy is being transported out of the system by the advective flow of blood at a 

given location in the tissue. 

The purpose of this study is to explore the potential of neural networks as es

timators in the identification, prediction, and control of systems. Hence, our main 

goal is to select a system with a governing partial differential equation and deter

mine with what success neural networks can function as estimators for this system 

described by partial differential equations. The systems in our studies use an engi

neering approximation to advection proposed by Pennes [30]. Pennes proposed to 

approximate advection by attaching a blood perfusion constant to different types 

of tissue. With this blood perfusion value, W, Pennes used a simple application of 

Newton's law of cooling to approximate advection by 

(2.7) 

In this equation, Cb is the blood specific heat, (4000 kg~G)' Tar is the arterial 
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temperature (37°0), W is the blood perfusion value, C::t) and T is the tempera

ture, (°0), for a given point in the tissue volume. The effect of this approximation 

is to attach an advection constant to different tissue regions and assume that over 

this region, this single value forms a good overall approximation for advection in 

the region. It has been shown that, in certain experiments, this overall approxi

mation can accurately model tissue temperature behavior despite the fact that the 

blood flow at different points may be quite different [32, 33, 34, 35, 36, 37]. 

2.1.2 The Bioheat Transfer Equation 

Incorporating all of the components described in Section 2.1.1 into an equation 

provides an effective approximation of the tissue temperature behavior. Substi

tuting the approximations in Section 2.1.1 for each component into equation 2.1 

yields the bioheat transfer equation [30]. 

(2.8) 

In equation 2.8, p is the tissue density, (1000~), Cp is the tissue specific heat, 

(4000 kg~ G)' k is the tissue thermal conductivity, (0.5 m~G ), Cb is the blood specific 

heat, (4000 kg~G), Tar is the arterial temperature, (37°0), and Q is the deposited 

power density from the external heating device, (~). Wand T are the blood 

perfusion value, C:t), and the temperature, (°0), respectively, for each point in 

the tissue volume. Except for Wand Q, we assume all of the parameter values to 

be uniform throughout the tissue region. The values for Wand Q depend on the 

location inside the tissue region. For example, the blood perfusion may be such 

that W(4,2)=0.5 and W(2,2)=1.0, where W(4,2) represents the blood perfusion 
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value at x=4 cm and y=2 cm. 

Despite the fact that the perfusion term, W, is a very general engineering 

approximation, the bioheat transfer equation has had considerable success in pre

dicting certain tissue temperature behavior [30, 33, 34, 35]. Pennes showed that it 

successfully predicts the one dimensional temperature profiles in the resting fore

arm [30]. It has been used to predict transient two dimensional temperatures at 

one location during microwave heating of a thigh [34, 35]. Whole body tempera

ture models [33] based on equation 2.8 have been successfully used to predict both 

multiple surface and core temperatures [33]. 

Despite its successes, the general nature of the perfusion approximation in the 

bioheat transfer equation brings limitations. The most fundamental of these are 

(i) an inability to accommodate the presence of nearby large blood vessels, (ii) an 

inability to predict the variation of the arterial blood temperature, and (iii) the 

directionality of blood perfusion is not accounted for [38]. 

While all of the studies presented in this work use the bioheat transfer equation, 

it is not our intent to support a given partial differential equation as the model for 

temperature behavior inside living tissue. We deal with each component of heat 

transfer in the bioheat transfer equation independently. As improved methods for 

estimating a given component arise, these improved methods can be used for that 

term leaving the remaining terms unaffected. Correspondingly, while the bioheat 

transfer equation is the governing equation used to test our system, the methods 

in this dissertation are not restricted to this equation. 

The fundamental intent of this study is to use limited data and a governing par

tial differential equation for the prediction and the control of a dynamical system. 

The data available in this study is measured temperature data and the governing 

partial differential equation is the bioheat transfer equation. The underlying prin

ciples outlined in this dissertation, however, should be applicable to other problems 
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with different available data and different governing partial differential equations. 

2.2 A Finite Difference Model 

We have selected the bioheat transfer equation as the partial differential equa

tion that we will assume to govern the temperature behavior of tissue. Our next 

step is to select a finite dimensional approximation to the tissue and a finite dimen

sional approximation to the partial differential equation and with them to model 

the temperature behavior of a tissue sample. 

Generally, tissue temperature modeling techniques rely on an approximation 

of a partial differential equation to estimate the temperature behavior of a tissue 

sample [22]. Observed data can help determine some of the unknown parame

ters/variables associated with the partial differential equation. To solve for un

known and unmeasurable parameters, an initial guess for these parameter values 

can be made. Using finite difference or finite element methods, the temperature 

distribution that results from these initial guesses can be modeled. By comparing 

the measured temperatures with the temperatures that result from these initial 

guesses, inverse methods can be used to solve for the missing parameters [23, 24]. 

With knowledge of the unknown parameters associated with the partial dif

ferential equation, finite difference and/or finite element methods can provide an 

approximation of the partial differential equation. This approximate model can 

then be used to estimate the temperature behavior of the tissue. 

The approximation to the partial differential equation models the temperature 

field associated with the tissue sample using a spatially discretized grid of temper

ature nodes. Before introducing thermal energy, the entire tissue region is assumed 

to be at 37° C. With the initial value of each temperature grid location set to 37° 

C, the finite dimensional approximation to the partial differential equation can 

simulate the temperature behavior of this tissue region from its initial state to its 



30 

steady state [22]. 

2.2.1 A Finite Dimensional Approximation to the BHTE 

Our study took a term by term approach to approximating the bioheat transfer 

equation in two dimensions. To accomplish this, we used the following finite dif

ference approximations to estimate various terms of the bioheat transfer equation: 

aT(x, y, t) T(x, y, t + h1 ) - T(x, y, t) 
at ~ hl ; (2.9) 

a2T(x, y, t) T(x + h2' y, t) - 2 . T(x, y, t) + T(x - h2, y, t) 
ax2 ~ h~ ; (2.10) 

and 

a2T(x, y, t) T(x, y + h2, t) - 2· T(x, y, t) + T(x, y - h2' t) (2.11) 
ay2 ~ h~ 

We use a finite grid to approximate a two dimensional tissue sample. This 

grid contains n-1 evenly spaced divisions in the x direction and n-1 evenly spaced 

divisions in the y direction. Using h2 as the distance between divisions, our tissue 

sample is a grid of temperature nodes with a spacing of h2 between nodes in both 

the x and the y directions. This approach yields an nxn grid of temperature values 

which will approximate a two dimensional tissue sample. This grid of temperature 
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Tn 
TI2 
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where Tab represents the temperature at x node a and y node b. As time progresses, 

the temperature distribution of the tissue will change. However, at a given time, 

t, the tissue temperature will be at some temperature distribution and this vector, 

T, will contain a finite approximation of the entire temperature distribution for 

the tissue sample. 

The resting temperature of tissue for this study is set to 37°. Substituting 

T + 37°C for TO C will not affect the theoretical justification for any of the terms 

in the bioheat transfer equation. This simple change of variables, however, will 

shift the resting temperature value from 37° to 0°. There are two benefits to this 

shift. First, it will cause the boundary values along the two dimensional tissue 

sample to be 0° instead of 37° and zero boundary conditions are simpler to work 

with. Second, it will change W cb(T - TAr) to W CbT in the bioheat transfer equation 

which slightly simplifies the modeling process. For these reasons, we implemented 

this change of variables and T represents the tissue temperature minus 37°. 

Our numerical model uses a finite dimensional approximation of the bioheat 

transfer equation applied to this nxn system. Substituting equations 2.9 through 

2.11 into the bioheat transfer equation provides this approximation. When this 

finite approximation is applied to T, equation 2.12 results. 

T(x, y, t + hd - T(x, y, t) _ k AT-+( ) WT-+( ) Q 
pCp hI - h~ x, y, t - Cb x, y, t + (2.12) 
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A is the matrix incorporating the finite difference equations 2.10 and 2.11. The 

main structure of A is indicated below. This description of A does not indicate 

all of the off-diagonal terms that are actually present in the matrix A. These off 

diagonal terms are equal to 1.0 and their locations in the A matrix depend on the 

ordering of the components in the vector T and the associated coupling. 

-4 1 0 
1 -4 1 0 
0 1 -4 1 0 

A= 

0 1 -4 1 
0 1 -4 

The elements for a2~~;y,t) contribute -2 to the diagonal elements, however as 

just mentioned, because the y elements are not in order, the coefficients of T(x, y + 
h2' t) and T(x, y- h2' t) are scattered throughout A and are not represented above. 

The matrix W is a diagonal matrix with the perfusion values for all of the n2 

temperature nodes along the diagonal. 

w= 

O. Wn,n-l 0 
O. Wnn 
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The matrix Q is a diagonal matrix with the amount of thermal energy intro

duced at the n2 temperature nodes along the diagonal. 

Q11 0 
0 Q12 0 

Q= 

0 Qn,n-l 0 
0 Qnn 

With this finite approximation to the bioheat transfer equation expressed in 

matrix form, the value for the temperatures for the system at t+hl can be obtained 

from the values for the temperatures at t by equation 2.13. 

... ... hI (k ... ... ) T(x, y, t + hI) = T(x, y, t) + PCp' h~ AT(x, y, t) - cb WT(x, y, t) + Q (2.13) 

With the formulation of equation 2.13, we have the ability to model tissue 

temperature behavior over time. Assuming that all of the temperature nodes in 

our nxn grid of temperature nodes are initially at 37° C, we can determine from 

equation 2.13, what the temperatures will be in this nxn grid of temperature nodes 

hI seconds after treatment is begun. Recursively continuing this process, we can 

determine the temperature every hI units of time for whatever time period we 

wish. 

The spatial distance h2 is tissue dependent and must be small enough that large 

changes in the nature of the tissue cannot happen in between two temperature 

nodes. The Nyquist sampling criterion is the best means of guaranteeing that a 
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spatial grid adequately represents its associated tissue [39]. In our studies, we have 

not yet undertaken clinical trials and assume that the spatial discretization of our 

numerical grids is adequate to represent our tissue sample. With a given value for 

h2' the criterion for hl and the stability of the system is provided in the following 

section. 

2.2.2 Stability of the Finite Dimensional Model 

Equation 2.13 contains two user defined variables. These variables are hl and 

h2 • Depending on how these variables are selected, the system can become nu

merically unstable. In order to guarantee that these variables will not make the 

system unstable, relationships between these variables and the stability of the sys

tem should be determined. 

Before addressing stability and how hl and h2 will affect stability, two prelim

inary theorems are needed . 

• Theorem 2.1: The stability of the difference equation 

is guaranteed if all of the eigenvalues of the linear operator L have a mag

nitude less than one. The theoretical background for this theorem can be 

found in Strang [40] . 

• Theorem 2.2 (Gershgorin Disks): All of the eigenvalues of a linear operator 

will lie within a set of disks satisfying the following: 

- Every diagonal element of the operator L, Ldd is the center of a disk. 

- The radius of a disk with center Ldd is the sum of all the elements in 

the row for which Ldd is the diagonal. 
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The theoretical background for this theorem can be found in Isaacson [41]. 

The finite approximation to the bioheat transfer equation in equation 2.13 can 

be rewritten as 

Correspondingly, if we express the linear operator L as 

L = I + ~ (~A - Cb W) , 
PCp h~ 

then equation 2.14 takes on the form of the difference equation 

(2.14) 

(2.15) 

In Equation 2.15, L is the linear operator acting on T and .fu..Q is the forcing 
pCp 

function for the system. In order to guarantee numerical stability, the homogeneous 

solution to this difference equation must be stable. By Theorem 2.1, if we can show 

that the magnitude of the eigenvalues of L are all less than one, then the stability 

of the homogeneous solution to equation 2.15 is guaranteed. In order to guarantee 

that these eigenvalues are less than one, our intent is to construct disks as described 

in Theorem 2.2 and to demonstrate that all of the elements inside of these disks 

are less than one. Thereby, we will show that all of the eigenvalues are less than 

one and correspondingly the homogeneous solution is stable. 

If dd represents the dth row and the dth column of a matrix, the diagonal 

elements of L, Ldd, will be 

Ldd = 1 + ~ ( -h~k - Cb . Wdd) . 

Both Wand Q are diagonal matrices, so the only non-zero off-diagonal elements 

are in the matrix representing the finite dimensional estimate for the Laplacian 

which is given in the matrix A. There are four of these off diagonal elements and, 
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correspondingly, the radius for the Gershgorin disks about the diagonal elements 

will be 4.hl~~. By Theorem 2.2, all of the eigenvalues of L will lie within these 
pCp'''2 

disks. Corresponding, since all elements of L are real and since we will not choose 

imaginary hI or h2' 

1 + - -- - Cb • Wdd - ::; ). ::; 1 + - -- - Cb • Wdd + . hI (-4k ) 4 . hI . k hI (-4k ) 4 . hI . k 
PCp h~ PCp . h~ PCp h~ PCp . h~ 

(2.16) 

Simplifying equation 2.16 yields inequality 2.17. 

(2.17) 

To satisfy the criteria for Theorem 2.1, we need to guarantee the inequalities 

in 2.18. 

hI (-4k ) 4 . hI . k hI (-4k ) 4 . hI . k -1 < 1+- -2- - Cb' Wdd '2 ::; 1+- -2- - Cb' Wdd + 2 < 1. 
PCp h2 PCp . h2 PCp h2 PCp . h2 

(2.18) 

The right hand side of the inequality in equation 2.18 is solely a function of hI. 

To satisfy equation 2.17, we simply need to ensure that 

{ I Cb • hI I} M aXdd 1 - -;;;;; Wdd < 1. (2.19) 
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Given that all of the terms in P.1d!:l. Wdd are positive, the only restriction this 
pCp 

places on hI is that 1 - P.1d!:l. Wdd must be greater than -1. Algebraically solving 
pCp 

this inequality leads to 

hI < M indd { 2w:
Pep 

}. 
Cb dd 

(2.20) 

Since k and h2 are both positive, the left hand side of the inequality in equation 

2.17 is necessarily less than the right hand side. Correspondingly, as long as the 

inequality in equation 2.20 is satisfied, we need only verify that 

-1 < 1 + - -- - Cb • Wdd • hI (-Sk ) 
PCp h~ 

(2.21) 

This inequality simplifies to 

(2.22) 

Generally, the spatial discretization is selected on the basis of the physical 

model and hI is the most easily changed variable. Correspondingly, the inequali

ties in equations 2.17 and 2.22 are expressed with hI as the subject. While these 

relationships must hold, the manner in which they are expressed is generally de

termined by the application. 

When modeling the bioheat transfer equation, equations 2.17 and 2.22 contain 

the governing relations that guarantee the stability of the homogeneous solution to 

our finite dimensional approximation. Correspondingly, before our approximation 

is used, it is best to guarantee that our selection of hI and of h2 will satisfy these 

relationships. 
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2.3 Steady State Modeling 

During the course of this study, some modeling of the steady state temperature 

behavior of tissue is done. One approach to this modeling is to use the transient 

methods covered in this chapter and to follow the temperature behavior until it 

achieves a steady state. However, since ~I = 0 in the steady state, the bioheat 

transfer equation can be rewritten as 

(2.23) 

Using the approximations from the previous section, a finite dimensional ap

proximation of the steady state bioheat transfer equation can be expressed with 

the linear system 

(CbW - kA)T = Q. (2.24) 

This equation is simply a linear system of the form Ax = b and any standard 

method for solving a linear system can be applied to find T. Solving equation 2.24 

will provide T, the steady state temperature field of the given tissue sample. 

Treating equation 2.24 as a linear system is dependent on Wand Q remaining 

constant during the course of a treatment. Correspondingly, we only apply this 

approach in a study for which Wand Q are constant. 



39 

Chapter 3 Neural Networks 

3.1 Introduction 

The only measured information from the tissue sample during a hyperthermia 

treatment comes from temperature measurement sensors. In these studies, we 

would like the neural networks to use this data for parameter estimation and for 

pattern recognition. 

Khanna describes associative memory [42] as "the ability to get from one inter

nal representation to another or to infer a complex representation from a portion 

of it." Effectively our goal in applying neural networks is to create a functional 

mapping from sensor temperature space to either tissue class space or some pa

rameter space. Two approaches to achieving this mapping have been extensively 

studied [43, 44]. 

The first approach relies on a structure with adjustable parameters. On the 

basis of known input/output pairs, these parameters are selected or changed. If 

this approach is successful, the appropriate selection of these parameters will yield 

a mapping device which will always provide the associated output values for a 

given input. 

The second approach uses symbolic logic and has been applied primarily within 

the AI community. The basis for such systems is a precisely defined set of logical 

axioms that operate on symbolic input. These axioms are defined by the individual 

designing the system and are laid out in a hierarchical fashion. To use this system, 

input is first converted into a representative set of symbols. The system then 

performs a sequential set of logical axioms, using the output from the previous as 

the input to the next. If successful, the symbolic output of the final logical axiom 

will be the symbolic representation of the appropriate output. In this manner a 

system can be created which will associate input with its correlated output. The 
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challenge is to make the system complete enough to always associate the correct 

output with a given input. 

The primary difference in these two approaches is that the parameters in the 

first are a priori, i.e., the parameters are settled upon and maintained before data 

is introduced into the system and the parameters in the first are a posteriori, i.e., 

the parameters are formulated on the basis of observed input and output. Among 

the structures that use the first approach are neural networks. Neural networks 

are the tools that we use in this study. The advantage of this approach is that in 

this dissertation, we can obtain or model information for a system, however we do 

not wish to assume a prior knowledge of relationships in human tissue. 

The work presented in this dissertation applies neural networks in two differ

ent ways. The, first application is pattern recognition and the first application is 

parameter estimation or data interpolation. 

3.2 Pattern Recognizing Neural Networks 

Zadeh [45] proposed that pattern recognition should be considered an opaque 

mapping from a pattern space into a class membership space. However, to nu

merically emulate this opaque mapping device, concrete algorithms are needed. 

If neural networks are the pattern recognizing tool, it is their task to assign a 

given input pattern to one of a finite set of classes. Two fundamentally different 

approaches to this assigned process can be taken. 

The first approach is a metric driven method. Some means of establishing 

distance between the input and each membership class is established. For a given 

input, the neural network outputs the membership class whose distance from the 

given input is smallest. One manner of doing this mapping is to associate the 

equilibrium points of a dynamical system with the membership classes. When the 

input is the initial condition of the dynamical system, the system will converge to 
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Goal: To train a neural network to differentiate tumors with high tumor 
perfusion values from tumors with low tumor perfusion values based on 

temperature val use at two sensor locations. 
Let A = Tumors with high perfusion values and 

B = Tumors with low perfusion values. 

Place data points 
in space 

The Training Process 

Place discriminant 
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separate classes 
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Figure 3.1: Method that pattern recognizing neural networks use to place discrim
inating surfaces. 

an equilibrium point. The membership class with which this equilibrium point is 

associated is the membership class assigned to that input [46]. 

The second approach is to partition the domain space with discriminant sur

faces. This mapping approach is accomplished by placing all of the known input 

points in a space. Surfaces are then constructed that partition this space and sep

arate these points into distinct groups. These partitions should be placed in such 

a manner that all the points in a given region correspond to the same membership 

class [43]. This approach is shown in Figure 3.I. 

Using discriminant surfaces was found, experimentally, to be more suitable 

for the pattern recognition tasks in this study. Correspondingly, discriminant 
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surfaces are used in this study. To create these discriminant surfaces, we used 

backpropagating feedforward neural networks. The means by which feedforward 

backpropagating neural networks place surfaces in space will be covered later in 

this chapter. 

3.3 Parameter Estimating Neural Networks 

We estimate parameters by creating a surface to pass through or very close to 

known data points. These known data points have a domain of the input used to 

estimate the parameter and a range of the parameter value associated with this 

input. By careful selection of the known data points and by an effective placement 

of the surface, we hope to estimate parameters throughout the domain. 

Different neural networks with various updating schemes are emerging for pa

rameter estimation [47]. Two common approaches are backpropagating neural 

networks and recurrent dynamical neural networks. Both approaches can place 

surfaces through points. However, the manner in which these methods perform 

this interpolation can be very different. 

Traditional approaches to the problem of data interpolation use linear surfaces 

or splines between known data points. Some later methods use radial basis func

tions [48] to accomplish the same task. Our neural networks, however, use a form 

of the "Hebbian rule" [42]. This rule serves to diminish or augment the neural 

network parameters that correlate a given variable in the input vector with the 

output value. Correspondingly, the neural networks are pursuing two simultaneous 

approaches to surface interpolation. The first is simply placing a surface through 

data points and the second is "learning" associations between the input and the 

output. This twofold approach should make neural networks an effective tool for 

surface interpolation. 
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3.4 Training and Testing the Neural Networks 

Training neural networks requires sample values from a given application. There 

should be enough sample values and they should be thorough enough to provide a 

good overview of the data the neural network will be expected to function for [43]. 

This set of sample values is called a training set. 

Training is the process of adjusting neural network parameters until pattern 

recognizing neural networks can successfully predict the correct pattern for all the 

training points or until the parameter estimating neural networks can successfully 

predict the unknown variables within a selected error tolerance. The error tolerance 

used to train parameter estimating neural networks is a variable which can be 

selected to meet the needs of the user. 

Once the neural networks are trained, they must be tested to determine if the 

training process was adequate. The testing process consists of generating new data 

that is different from the data used in training and determining how effectively the 

neural networks function with this new data. If the neural networks continue to 

perform well with the new test data, we can assume, with confidence, that the 

networks have successfully captured the relationships between the input values 

and the output values and, correspondingly, can be used for the given application. 

3.5 The Feedforward Backpropagating Neural Network 

The basic structure for the feedforward backpropagating neural network is pro

vided in Figure 3.2. 

While researchers are attempting to develop a general approach to achieving the 

optimal interconnection structure for a given feedforward backpropagating neural 

network [49, 50, 51], experimentation is still a primary means for obtaining an 

acceptable structure for a particular study. We experiment with varying numbers 

of (i) hidden layers, (ii) nodes per hidden layer, and (iii) outputs, before selecting 
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Figure 3.2: The structure for the backpropagating neural networks used in the 
experiment. The number of nodes in the input layer, the first hidden layer, and 
the second hidden layer vary from study to study. The output layer has one node 
for all studies. The sigmoid functions, l+!-z' approximate linear functions in our 
study, yet allow the update scheme to propagate backwards through differentiable 
functions. 
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the neural network structure for a given task. 

The first layer of the feedforward backpropagating neural network creates linear 

surfaces in n-space. The second and third layers of the neural network perform 

logical and operations and logical or operations on the regions that the first layer 

created. These subsequent layers effectively dictate which segments of the linear 

surfaces will be part of the final surface that the neural network uses. 

The manner in which input data generates output data for a given neural net

work structure depends on the interconnection weights, wt. These interconnection 

weights should be selected so that the neural network will produce the proper out

put value for a given input. A measure of how well the weights are adjusted can 

be obtained by comparing the output of the neural network with the actual out

put value associated with the given input. In this neural network, the weights are 

adjusted to reduce the error between the neural network outputs and the actual 

output values. The mathematical formulation of this error function is given by 

n 1 
E = ?: 2(Oi,actual - Oi,net)2. 

,=1 
(3.1) 

Oi,actual is the actual output for the itk training point. Oi,net is the estimated value 

from the neural network for the itk training point from the neural network. n is 

the total number of training points obtained by taking known data points for a 

given task. If this error function, E, is small, it indicates that for all of the training 

points, the neural network can receive the input and produce the associated output 

with only a small error. 

The objective is to train the neural network so that the output from the neural 

network minimizes equation 3.1. To train the neural network, we enter the data 

associated with a training point into the input nodes of the neural network, observe 

the error in the neural network's output, update the interconnection weights based 

on this error, and then repeat the process with another training point. The formula 
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for updating the interconnection weights is shown in equation 3.2, with wfj as 

element ij of the weighting matrix, associated with the kth layer of the neural 

network, and q as the iteration number of the training process. 

(3.2) 

The update formula shown in equation 3.2 consists of two terms. A gradient 

descent method to minimize E with respect to wt(q) determines the first term, 

8:f~q)" The second term, ~wt(q), is a "momentum" term to prevent the system 

from converging at slight local minima or plateaus. These two terms are scaled by 

a learning parameter, "I, and a momentum parameter, 0', respectively. "I and 0' are 

selected after experimenting with various values. Once these values are selected, 

the process of updating the weights via equation 3.2 is continued until for all 

training points the neural network error is within the selected error tolerance. For 

more information, this training process is covered in the neural network literature 

[43]. 

3.6 The Recurrent Dynamical Neural Network 

The structure of the recurrent dynamical neural network is different from the 

feedforward neural network. The equations governing the behavior of the recurrent 

dynamical neural network are 

it = -u + Ag(u) + Bz, Uinit = 0, 

u* = Ag(u*) + Bz,and 

(3.3) 

(3.4) 

(3.5) 

In these equations, g(u) is the sigmoidal function t+!-u. The continuous time 

based dynamical system described by equations 3.3 and 3.4 has received consider-
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Figure 3.3: The structure of the recurrent dynamical neural networks used in this 
study. 

able attention in the literature [46, 52, 53J. The addition of equation 3.5 has been 

shown to be effective for parameter estimation [54]. This structure is shown in 

Figure 3.3. 

The goal for the recurrent dynamical neural network, as with the backprop

agating neural network, is to minimize the error function given by equation 3.1. 

This minimization task requires that the neural network possess enough parameter 

freedom to enable each input set to generate an output close to the actual value. 

The adjustable parameters in the recurrent dynamical neural network are found 

in the A, B, and h matrices [54J. 

In this study, the input z of the neural network corresponds to the input data 

associated with a training point. We then apply this input to the system governed 

by equation 3.3. When equation 3.3 reaches an equilibrium value u· for this input, 

we obtain the output of the neural network by taking the dot product of hand u*. 

We then compare this neural network output to the actual output value and use a 
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gradient descent method using a~~j' a~j' and g~ to update the elements of A, B, 

and h. This 'process is continued until for all training points the neural network 

error is within the selected error tolerance. 

3.7 Altering the Scaling of the Neural Network Input 

Most of the training procedures used in our studies are well documented in the 

literature. There is, however, one approach we have used that we have not seen 

elsewhere. 

The output from the sigmoid functions, l+!-u, is a number between 0.0 and 

1.0. Therefore, if the input into a feedforward neural network is not between 0.0 

and 1.0, the input range into the first neural network matrix will be different 

from the input range into the succeeding neural network matrices. Given that 

the same "learning" parameter is used for all matrices, this would result in one 

layer learning at a different rate than the others. Experimentation has determined 

that this differential learning is detrimental to effective training. Correspondingly, 

we also scale the input into the feedforward backpropagating neural network to a 

value between 0.0 and 1.0. 

We have found that scaling the input to have a minimum value of 0.0 and a 

maximum value of 1.0 is not as effective as leaving some margin at the limits. For 

example, letting the input go from 0.1 to 0.9 is a more effective range that a range 

from 0.0 to 1.0. We used a gradient descent method to determine the best scaling 

of these values. 

To find the best scaling range we restricted the training process to ten training 

iterations and started by scaling the range of the input from 0.2 to 0.8. We then 

repeated this training process with ten training iterations using a range of 0.19 to 

0.81. Comparing the errors between the neural network estimates and the actual 

values for parameters, we used a gradient descent method to find the scaling for 
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our input that would minimize the neural network error after ten iterations. This 

scaling was, experimentally, found to best serve our needs when ionger training 

sessions with far more training iterations were used. 
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Chapter 4 Feasibility of U sing Neural Networks 
to Estimate the Minimum Tumor Temperature 

and Perfusion Values 

4.1 Introduction 

This chapter presents the first of three studies conducted in this dissertation. 

These studies pertain to the identification of parameters, the prediction of tissue 

temperature behavior, and the control of tissue temperature behavior. 

A high priority issue in hyperthermia is finding a good single criterion for mea

suring or quantifying treatment success. One suggested criterion is the minimum 

temperature inside the tumor [1]. Another suggested criterion is T90, the temper

ature above which 90 percent of the tumor is maintained during a treatment [2]. 

Based on these suggested criteria, this first study is concerned with estimating the 

minimum tumor temperature inside a tumor. 

The second set of parameters we try to estimate are those associated with a 

partial differential equation. Accurate estimation of these parameters will permit 

us to apply the partial differential equations associated with tissue temperature 

behavior in prediction and control studies in forthcoming chapters. In this chapter, 

the feasibility of using neural networks to estimate critical tissue parameters is 

investigated. 

In estimating these parameters, we assume the data are physically available. 

The only clinically measured information on a temperature field comes from in

vasive probes with temperature measurement sensors attached. Since patient tol

erance and other patient considerations restrict the number and the locations of 

these temperature sensors, temperature measurements from the treatment region 

are limited. As was outlined in Chapter 1, finite difference and finite element 

methods in conjunction with inverse methods are often used for estimating param-
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eters associated with hyperthermia treatments, e.g., blood perfusion [23, 24]. The 

problem with these parameter estimation schemes is that they rely on a large grid 

of temperatures, with only a few of these temperatures obtained from measure

ments. Studies to reduce the order of the underlying models seem promising [55], 

however, alternative techniques for estimating treatment parameters and blood 

perfusion values seem worth investigating. 

As an alternative to the above finite difference or finite element schemes, the 

present chapter investigates the feasibility of using neural network techniques. Neu

ral networks have emerged as a potent tool for pattern recognition [43] and system 

emulation [56]. In addition, neural networks have been used to estimate parame

ters [47], i.e., to reconstruct missing regions of surfaces. Traditional schemes for 

surface reconstruction place data points and select functions with desirable proper

ties to reconstruct the regions between the given data points. For example, lines or 

splines are sometimes used in two dimensions to fill in the regions between known 

data points. Many neural networks, however, have the advantage of using some 

form of the Hebbian rule to "learn" associations between the input data and the 

output data to determine unknown values [42]. This learning ability could improve 

the accuracy and the robustness of the estimation process. 

The present chapter is a numerical modeling study which investigates the fea

sibility of utilizing neural networks to estimate the perfusion values present in the 

tissue and the minimum tumor temperature value within a hyperthermia temper

ature field. It will be shown that a hierarchical system of neural networks with 

two layers can successfully estimate the unknown blood perfusion values and the 

minimum tumor temperature within a selected error tolerance. In addition to the 

minimum tumor temperature, it will also be shown that this same neural network 

structure can be used to estimate other treatment criteria, like Tgo . 
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4.2 Methodology 

4.2.1 Thermal Simulation Model 

Figure 4.1 contains the model that is used to represent a two dimensional 

example of normal tissue surrounding a tumor. The generation of the simulated 

temperature fields has been accomplished using the steady state bio-heat transfer 

equation [30] 

(4.1) 

where k is the tissue thermal conductivity, (.5m~c)' W is the blood perfusion value, 

(m~~J, Cb is the blood specific heat, (4000 kg: oC )' Tar is the arterial temperature, 

(37°C), Q is the deposited power density from the external heating device, C~), 

and T represents the steady-state temperature (0) in the region. 

All of the above parameter values are assumed to be uniform throughout the 

tissue region except Q and W which vary with position. The model assumes 

that there are two perfusion regions, an inner region and an outer region. While 

there is no specificity to using this system, this chapter labeled the inner perfusion 

region "tumor" and the outer perfusion region "normal tissue." Hence, for each 

temperature field there are two fixed values for W. The magnitude of the power 

density Q(x,y) that is used in this study has been selected to approximate a circular 

scan of an ultrasound transducer. The power decreases quadratically with distance 

from the circular scanning pattern shown in Figure 4.1 according to the following 

equations: 

a(x,y) = 1 V(x - 5)2 + (y - 5)2 - 2.51 (4.2a) 

Q ( ) _ { 80000 - 4000 . a2 , if 80000 2:: 4000 . a2 , 
x,y - 0, otherwise 

(4.2b) 
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Figure 4.1: The model of the tumor surrounded by normal tissue. Indicated on 
the figure are the nominal locations of the ten sensors used to provide the input 
temperature data to the neural networks and the central position of the circular 
power deposition scanning pattern used to generate the tissue heating. Also shown 
are the robust sensor locations used to generate Figure 4.9. These robust sensor 
locations are located primarily in the normal tissue and are placed further away 
from the tumor boundaries and from the scanning pattern. 
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o $ x $ 10 em, 0 $ y $ 10 em 

This power distribution is the same for all temperature fields presented in this 

chapter. The boundaries of the tissue region are assumed to be held at 37° and 

the Gauss-Seidel method [57] is used to calculate the temperature fields associated 

with equations 4.1 and 4.2. 

4.2.2 I-Iierarchical System of Neural Networks 

The goal for the hierarchical system of neural networks is to take as input the 

temperatures at the 10 selected sensor locations (see Figure 4.1) for any given 

steady state temperature field, and to output the unmeasured minimum tumor 

temperature and the two unknown perfusion values associated with this tissue 

volume. The different steady state temperature fields are generated by pairing 

up different normal and tumor perfusion values, Wn and Wt , respectively. In the 

present study, these values have been restricted to range from 0.0 to 10.0. 

Figure 4.2 illustrates the nonlinear relationship between the perfusion value 

and the temperatures present in this two dimensional model. 

In generating Figure 4.2, the normal perfusion and the tumor perfusion have 

been assumed equal. In the low perfusion range, large temperature variations occur 

with slight perfusion changes and in the high perfusion range, slight temperature 

variations occur with large perfusion changes. To lessen the sensitivity required of 

each neural network, different neural networks are used for estimation of the high 

and low perfusion ranges. The hierarchy of neural networks shown in Figure 4.3 

has been designed based on this principle. 
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The first layer of this hierarchical system consists of two identically structured 

pattern recognizing neural networks. The steady state temperatures at the 10 

sensor locations (see Figure 4.1) are input into these two neural networks. One 

neural network decides whether the tumor perfusion value is high or low and the 

other neural network decides whether the normal tissue perfusion value is high 

or low when compared to a preselected separation value, Wsep. Depending on the 

perfusion pattern decision at this first layer, the input (the ten sensor temperatures) 

is then sent to one of the four sets of neural networks in the second layer associated 

with the four possible outcomes: Wt low, Wn low; Wt low, Wn high; Wt high, Wn 

low; Wt high, Wn high. A perfusion value of two was selected for the separation 

value, i.e., Wsep = 2, between high and low perfusion regions based on the data 

shown in Figure 4.2. 

The sets of neural networks in the second layer consist of surface reconstructing 

neural networks. In this layer, the 10 sensor temperatures are the input and the 

outputs are estimates of Wt, Wn , and the minimum tumor temperature, with a 

separate neural network used to estimate each of these three unknown variables. 

While efforts are being made to gain a priori knowledge regarding the optimal 

neural network structure for a given system [49, 50, 51], experimentation is still 

a primary means of obtaining an acceptable structure. Thus, after experimenting 

with varying numbers of hidden layers, nodes per hidden layer, and outputs, a 

feedforward neural network with 2 hidden layers, 10 nodes per hidden layer and 

1 output per neural network was selected. An exemplary structure of feedforward 

backpropagating neural networks is shown in figure 3.2. 

4.2.3 Training and Testing 

4.2.3.1 The Procedure for Training and Testing 
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Figure 4.3: The hierarchical neural network structure utilized in the simulations. 
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The training procedure is divided into two separate training tasks corresponding 

to the two different layers in the hierarchical system of neural networks. The 

purpose of the first training procedure is to train the pattern recognizing neural 

networks to identify to which class (Wt low, Wn low; Wt low, Wn high; Wt high, 

Wn low; Wt high, Wn high) a tissue sample belongs. The purpose of the second 

training procedure is to train the parameter estimating neural networks to estimate 

the desired tissue parameter. 

Training consists of adjusting a neural network until it can successfully estimate 

its output parameter for all of the training temperature fields. Ideally, the train

ing temperature fields should be selected in such a manner that when the neural 

network successfully estimates its given parameter for these training temperature 

fields, the neural network will then be able to successfully interpolate and predict 

its given parameter for other temperature fields not included in the training set. 

The details of the training process are thoroughly covered in Chapter 3. For 

this particular study we selected, after experimenting with various values, a learn

ing parameter of TJ = 0.4 and a momentum parameter of a = 0.7. The same neural 

network structure and the same scaling values are used for all fourteen neural net

works in the hierarchical system. Two of these networks are pattern recognizing 

neural networks in the first layer and twelve of these networks are surface recon

structing neural networks in the second layer. Each of these neural networks must 

be trained from a set of training temperature fields. 

To ascertain how well a neural network is able to predict tumor classes or 

parameter values for tissue temperature fields not included in the training set, a 

set of testing temperature fields, different from the training temperature fields, is 

used. If the neural network can successfully predict parameters for these testing 

temperature fields, it is reasonable to consider using the neural network for more 

clinically realistic applications. 
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In summary, training the hierarchical system consists of training each of the 

neural networks in the system with a sufficient number of steady state temperature 

fields to adequately capture the associations between the 10 sensor temperatures 

and the variables to be estimated. The first training procedure is continued until 

the pattern recognizing neural networks can successfully predict whether the per

fusion values are high or low for every temperature distribution in the training set. 

The second training procedure is continued until the surface reconstructing neural 

networks can successfully predict the three unknown variables (minimum tumor 

temperature, Wt , and Wn ) within a selected maximum error tolerance for every 

temperature field in their respective training sets. For this experiment, 3% was 

used as the maximum error tolerance. This maximum error tolerance indicated 

that the second training procedure would continue until for every temperature 

distribution in the training set, the neural network prediction for its assigned pa

rameter was within 3% of the maximum possible value for the parameter minus 

the minimum possible value for the parameter. (The significance of the maximum 

error tolerance is further explained in Section 4.3.1.2.) This error tolerance is a 

variable which can be selected to meet the needs of the user. 

The testing process consists of generating a set of temperature fields that are 

different from those used in training and inputting the 10 sensor temperatures 

from these testing fields into the hierarchical system. The ability of the pattern 

recognizing neural networks to predict whether perfusion values are high or low 

is then assessed. For the surface reconstructing neural networks, the ability to 

predict the three unknown variables is assessed. 

4.2.3.2 The Data Sets 

To successfully determine to which of the four possible subsets (Wt low, Wn 
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low; Wt low, Wn high; Wt high, Wn low; Wt high, Wn high) a temperature field be

longs, the pattern recognizing neural networks require training temperature fields 

near the separation values Wt = 2.0 and Wn = 2.0. Each of the four sets of sur

face reconstructing neural networks require training sets sufficiently complete to 

allow the neural networks to be trained well enough to provide accurate estimates 

throughout their respective regions of the surface. Hence, the hierarchical system 

in Figure 4.3 requires five sets of training temperature fields. One training set is 

used for the pattern recognizing neural networks and the remaining four sets are 

used for the four subgroups of surface reconstructing neural networks. 

Due to the simplicity of the task for training the pattern recognizing neural 

networks, a small training set obtained from the 9 temperature fields resulting from 

all of the pairwise combinations of W t = (1.8, 2.0,2.2) and Wn = (1.8, 2.0,2.2) was 

used. On the other hand, it is important to determine how large a training set is 

required to achieve the desired level of accuracy in the surface reconstructing neural 

networks of the second layer. To address this question, the surface reconstructing 

neural networks were trained with four different sizes of training sets. The perfusion 

values used to generate the temperature fields used for training are shown in Table 

4.1. Once again, the temperature fields for each training set are formed from all 

of the possible pairwise combinations of the listed Wt and Wn values. 

For consistent comparison of performance among the neural networks trained 

with differently sized training sets, a single testing set was used. This testing set 

consisted of the temperature fields formed from the pairwise combinations of Wt 

= (.2, .6, 1.0, 1.4, 1.8,2.8,4.4,6.0,7.6,9.2) and Wn = (.2, .6, 1.0, 1.4,1.8,2.8,4.4, 

6.0, 7.6, 9.2). While the pattern recognizing neural networks should accurately 

deal with all of the testing temperature fields, each surface reconstructing neural 

network is trained to deal with only the appropriate subset of these fields. 
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Training Sets of Size 4 
Perfusion Range I Perfusion Values 

W, Wn W, I Wn 
Low Low (0.0, 2.0) (0.0,2.0) 
Low High (0.0, 2.0) (2.0,10.0) 
High Low (2.0, 10.0) (0.0,2.0) 
High High (2.0, 10.0) (2.0, 10.0) 

Training Sets of Size 9 
Perfusion Range I Perfusion Values 

w; I Wn W, I Wn 
Low Low (0.0, 1.0, 2.0) (0.0, 1.0, 2.0) 
Low High (0.0, 1.0, 2.0) (2.0, 6.0, 10.0) 
High Low (2.0, G.o, 10.0) (0.0, 1.0, 2.0) 
High High (2.0, 6.0, 10.0) (2.0, 6.0, 10.0) 

Training Sets of Size 16 
Pe:fusion Range Perfusion Values 

W~ Wn W, Wn 
Low Low (0.0, O.i, 1.4; 2.0) (0.0, 0.7, 1.4, 2.0) 
Low High (0.0, 0.7, 1.4, 2.0) (2.0, 4.6, 7.3, 10.0) 
High Low (2.0,4.6, 7.3, 10.0) (0.0, 0.7, 1.4, 2.0) 

High High (2.0,4.6,7.3, ]0.0) (2.0, 4.6, 7.3, 10.0) 

Training Sets of Size 25 
Perfusion Range Pl"rfusion Values 
·W, Wn W, Wn 
Low Low (0.0, 0.5, 1.0, 1.5, 2.0) .(0.0, 0.5, 1.0, 1.5, 2.0) 
Low High (0.0, 0.5, 1.0, 1.5. 2.0) (2.0, 4.0, 6.0, 8.0, 10.0) 
!!igh Low • (2.0, 4.0, 6.0, S.O, 10.0) . (0.0, 0.5, 1.0, 1.5, 2.0) 
High High (2.0,4.0, 6.0, S.O, 10.0) (2.0, 4.0, 6.0, 8.0, 10.0) 

Training Sets of Size 36 . 
Perfusion Range P('rfusion Values 

W, Wn W, Wn 
Low Low (0.0, 0.4, O.S, 1.2, La, 2.0) (0.0, 0.4, 0.8, 1.2, 1.6, 2.0) 
Low High (0.0, 0.4, O.S, 1.2, 1.6, 2.0) (2.0, 3.6, 5.2, 6.8, 8.4, 10.0) 

High Low (2.0, 3.6, 5.2, 6.S, S . .!, 10.0) (0.0, 0.4, 0.8, 1.2, 1.6, 2.0) 
High High (2.0,3.6,5.2, G.S. ~.·I. 1n.0) (2.0, 3.6. 5.2, 6.8, 8.4, 10.0) 

Table 4.1: Training Sets for the Surface Reconstructing Neural Networks 
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4.3 Results 

4.3.1 Accuracy Tests 

4.3.1.1 Pattern Recognition Test Results 

The design of the hierarchical system of neural networks is such that an error 

by a pattern recognizing neural network will cause the data from the ten sensors to 

be input into a neural network in the surface reconstructing layer which has been 

trained to estimate for a completely different range of variables. Routing the data 

into an incorrect surface reconstructing neural network, needless to say, would be 

incorrect and useless. Hence, the effectiveness of the neural networks at the pattern 

recognizing layer is paramount to the success of the surface reconstructing layer. 

The testing showed that the two pattern recognizing neural networks in the first 

layer were 100 percent accurate when trained with the 9 temperature fields and 

tested with the 100 temperature fields generated from the testing perfusion values 

as described in Section 4.2.3.2. 

4.3.1.2 Surface Estimation Test Results 

Having established the ability of the pattern recognizing neural networks to 

properly direct the input data to the appropriate subset of neural networks in the 

second layer, the effectiveness of the surface reconstructing neural networks of the 

second layer was tested. The primary criterion for assessing the performance of the 

surface reconstructing neural networks is whether the selected training tolerance ( 

3 percent) can be achieved when testing. It is, therefore, percent errors that are 

displayed. 

Since all the input and the output data for the neural networks are normalized, 
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the percent error for a parameter needs only to be scaled to obtain the absolute 

error. The scaling factor is determined from the range of the data that is input into 

the neural network. For the Wt low, Wn low temperature fields, the range of the 

perfusion values went from 0.0 to 2.2 and the range of the minimum temperatures 

went from 37 0 C to 48 0 C. Hence, to obtain the absolute error in the perfusion 

estimates, multiply the percent error by 2.2. To obtain the absolute error in the 

temperature for results from these fields, multiply the percent error by 11.0. 

Figure 4.4 shows the maximum error for the estimation of the perfusion values 

and the estimation of the minimum tumor temperature versus the size of the 

training sets for the surface reconstructing neural networks. The duration of time 

necessary to train a neural network is associated with the size of the training 

set. Hence, a smaller training set, if accurate, will decrease the initialization time 

(training time) for the system. Only the results from the neural networks trained to 

assess temperature fields with Wt low and Wn low are presented. The maximum 

error is obtained using the errors that result from the 25 testing temperature 

fields associated with the Wt low and Wn low subgroup of neural networks. The 

average error in all parameters (Wt, Wn, Tmin) for the 25 testing temperature fields 

is generally about one-third to one-fourth the size of the maximum error (results 

are not shown). The results from testing the neural networks associated with the 

other three sets of perfusion ranges with the testing sets described in Section 4.2.3.2 

are equally accurate and, since they provide no new insight, are not shown. 

Figure 4.4 presents two estimates for the minimum tumor temperature. One 

estimate is a direct estimate by the neural network based upon the ten sensor 

temperatures. This estimate is labeled Min. Tumor Temp.- N.N. in Figure 4.4. 

The other estimate is made by generating a temperature field using the steady 

state bio-heat transfer equation predictions based on the neural network's esti

mates for the two perfusion values. This second estimate of the minimum tumor 
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temperature is labeled Min. Tumor Temp. - T.F. in Figure 4.4. Most current es

timation methods solve for perfusion values and then generate temperature fields 

to estimate the minimum tumor temperature [24]. These schemes then update the 

perfusion values if there are errors or differences between the calculated tempera

ture values and the measured temperature vales. Thus, these schemes require an 

iterative strategy to obtain accurate values for the perfusion values and the min

imum tumor temperature. With the present neural network strategy, using the 

neural network to estimate the minimum tumor temperature directly from the 10 

sensor temperatures is considerably more accurate than estimating the minimum 

temperature from a calculated temperature field that uses inexact blood perfusion 

values. Henceforth, all references to the minimum tumor temperature estimates 

refer to direct estimation by the neural networks. 

Besides estimating the minimum tumor temperature, the present system of 

neural networks was used to estimate Tgo • When the set of 36 temperature fields 

in Table 4.1 were used to train the neural networks, the system was able to estimate 

Tgo for the standard testing set with a maximum error of 2.5% and an average error 

less than 0.5%. 

4.3.2 Robustness Tests 

Having demonstrated the accuracy of the hierarchical neural network's predic

tions for various sizes of training sets, various modeling mismatch conditions were 

simulated to test the robustness of the network's configuration. From initial stud

ies of model mismatch conditions (results not shown), the normalized input into 

the neural network experiences the most significant changes for the Wt low and 

Wn low temperature fields. Since these perfusion values were considered the most 

likely to cause model mismatch problems, the robustness tests were performed on 

the neural networks associated with the Wt low and Wn low temperature fields. 
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Furthermore, since the goal was to test the maximum achievable robustness of neu

ral networks, only the most thoroughly trained neural networks, i.e., those trained 

with 36 temperature fields, were tested for robustness. 

The first robustness test assessed the results of errors in the sensor locations, 

i.e., this test was designed to study cases where the neural networks were trained 

with a certain set of sensor locations and the sensor locations used to obtain the 

data for the testing set differed from the locations used for training. Figure 4.5 

shows the errors in the estimated quantities when all of the sensors used during 

the testing phase deviated 2 mm to 8 mm in the positive and the negative x

direction from the sensor locations used for training. The results indicate that 

while the estimation of Wt and of the minimum tumor temperature are reasonably 

unaffected for moderate changes in the sensor locations, the estimated value of Wn 

loses accuracy more rapidly with errors in the sensor placement. An explanation 

of this phenomenon is provided in the discussion. 

The second robustness test considered errors in the power deposition magni

tude between the training set and the testing set, i.e., when the system is trained 

with a power magnitude which differs from the actual power deposition magni

tude. Figure 4.6 shows the errors when the power deposition magnitude used to 

generate temperature fields for the testing data sets deviated from the training 

power deposition magnitude. Estimation accuracy for the perfusion values clearly 

diminishes with errors in the power deposition magnitude. The accuracy of the 

minimum tumor temperature, however, is only moderately affected by these errors. 

The third robustness test considered the situation of incorrectly locating the 

boundary between the two perfusion regions. The results of underestimating or 

overestimating the size of the inner perfusion region, called the tumor in this 

chapter, were tested by studying cases in which the testing set tumor size differed 

from the tumor size used during training. Figure 4.7 shows the errors present in 
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the estimation when all four of the testing set tumor boundaries were 1 mm, 3 

mm and 5 mm inside and outside the boundary used for training. These boundary 

changes result in tumor areas that are 60%, 74.7%, 91.2%, 109.2%, 128.8% and 

150% the size of the training set's tumor area. Changing the boundaries of the 

tumor changes the geometry in a way that is very similar to altering the location 

of the sensors and the results reflect this similarity. While the estimates for Wt and 

the minimum temperature were quite robust, the estimate for Wn behaved poorly. 

The error, for this test, increases in a somewhat quadratic manner unlike the 

moderately linear increase for the other tests. Since a linear increase in boundary 

mismatch indicates a quadratic increase in area mismatch, this phenomenon is not 

surprIsmg. 

Finally, white noise was introduced into the sensor readings. The effectiveness 

of the neural networks when the sensor readings are contaminated with noise that 

is normally distributed with a mean of zero and standard deviations of 0.125, 0.25, 

and 0.5 degrees are shown in Figure 4.8. The tails of the normal distributions 

used for this experiment were truncated to remove the outer 0.5% at each end. 

The results indicate that the neural network estimates are robust with respect to 

moderate amounts of noise in the sensor readings. 

4.4 Discussion 

The overall accuracy of the estimated results is quite good and very encourag

ing. The results indicate that neural networks may provide a means of estimat

ing perfusion parameters and minimum tumor temperatures during hyperthermia 

treatments. The ability of the hierarchical system of neural networks to directly 

determine the minimum tumor temperature may prove particularly useful. Cur

rent estimation methods usually require the generation of an entire temperature 
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field before this variable can be estimated. Furthermore, this study indicates that 

direct estimation of the minimum tumor temperature may be more accurate than 

obtaining estimates of minimum tumor temperatures by estimating perfusions and 

then generating complete temperature fields with numerical codes. If an iterative 

scheme is allowed with the numerical methods, then these methods will continue to 

update the perfusion estimates until there is negligible error between the measured 

temperature and the numerically calculated temperatures. Consequently, the min

imum tumor temperature may be very accurate with the numerical methods but 

at a possibly tremendous cost in real-time computation and time. The neural 

networks, once trained, allow for an instantaneous determination of the perfusion 

values and the minimum tumor temperature. Also, the amount of error that can 

be tolerated in these estimates can be trained into the neural networks. While the 

simplicity of the present hyperthermia model makes it premature to definitively 

judge the neural networks' capabilities in this regard, the significant difference in 

the performance of these two methods for estimating the minimum tumor temper

ature indicates that neural networks may provide a valuable alternative to current 

estimation methods and are certainly worth further investigation. 

The results in Figure 4.4 indicate that with 16 training sets or more, the neural 

network maintains the 3% accuracy that it was trained to achieve. Since the 

neural network stops training when it can estimate the training temperature field 

parameters to this accuracy, greater accuracy when estimating parameters for the 

testing temperature fields is not expected. 

The favorable results of estimating the minimum tumor temperature in this 

study are not a result of directly measuring the minimum tumor temperature. This 

fact is substantiated by the data. In general, the minimum tumor temperature had 

a value almost fifty percent less than the smallest measured temperature value. 

Also, the minimum tumor temperature was generally located in the lower right 
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corner of the tumor which is about two centimeters away from the nearest sensor 

(see Figure 4.1). The overall robustness in all of the tests for the minimum tumor 

temperature is not a result of directly measuring the minimum tumor temperature 

with one of the ten sensors, but is due to the geometry of the minimum temperature 

surface. For perfusion values near (Wt = 0.0, Wn = 0.0), there is a steep change 

in the minimum temperature as the perfusion changes. However, for the other 

perfusion values the minimum tumor temperature changes very gradually from 

temperature field to temperature field. This smoothness provides a high degree of 

robustness when estimating this parameter. 

For the sensor placement and the tumor boundary robustness tests, errors be

came large when the mismatch was very significant. This result is not unexpected 

for any estimation process. An error of 0.8 cm relative to the scale of the model is 

significant enough to completely change the nature of the temperature distribution. 

This change in the temperature distribution is likewise true for boundary errors 

of 0.5 cm which result in errors of 50% between the actual and the estimated area 

of the tumor. In such circumstances, it is almost impossible for any estimation 

process to function accurately. After sensors have been placed, a certain amount 

of confidence in their location, from scanning or other means, is advised before 

this estimation scheme is performed. 

In the initial model, most of the sensors are located within the tumor. The 

tumor perfusion estimates shown in Figure 4.4 are quite robust with respect to 

moderate errors in sensor placement, while the normal perfusion accuracy drops 

off rapidly with greater sensor displacement. To ascertain if normal perfusion 

estimates could be improved, a different set of sensor locations located primarily 

in the normal perfusion region were selected. Also, to determine if less sensitive 

sensor locations could be found that would improve the overall accuracy of the 

system's predictions, an alternate set of sensor locations were placed away from 
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the tumor boundary and away from the path of the heating device. These modified 

locations are the sensor locations labeled "robust" in Figure 4.1. From Figure 4.9, 

it is clear that these new sensor locations provide improved overall performance and 

a high degree of robustness for the normal perfusion estimates. These improved 

results are a function of the sensors being located away from tissue boundaries 

and sharp power gradients and having more sensors located in the normal tissue. 

The tests for robustness with respect to tumor boundary misestimation were also 

redone with these "robust" sensor locations. A similar improvement in performance 

resulted. (Results not shown.) Hence, when there is doubt concerning the accuracy 

with which the sensors can be placed, it is clear that effective selection of robust 

locations for sensor placement is important. 

Robustness with regard to errors in the power deposition magnitudes behaved 

as expected, with the estimated variable errors changing close to linearly with 

respect to the error in the magnitude of the power deposition. While the slopes 

for the positive and the negative errors in the magnitude of the power deposition 

are different, Figure 4.2 indicates that the slope between temperature ranges and 

perfusion values is different in the positive and the negative direction. Thus, given 

the correlation between temperatures and power deposition magnitude, the same 

difference in slopes is to be expected in the present results. From this power de

position robustness study, it is clear that the implementation of an identification 

phase for estimating perfusion values during clinical treatment of hyperthermia uti

lizing a fixed and predetermined power deposition magnitude and scanning pattern 

should be used to guarantee that power deviation errors are reduced. 

From these results, it seems that neural networks may have the potential to 

estimate perfusion values and steady state minimum tumor temperatures. Subse

quent studies in Chapters 5 and 6 show that the results in the present chapter may 

be usable during a treatment. Being able to accurately estimate the minimum tu-
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mor temperature or T90 during a treatment would provide valuable information to 

the clinician on whether to continue with the present heating pattern or to modify 

the pattern to improve upon the estimated performance. 

4.5 Conclusions 

In this chapter the feasibility of using neural networks to estimate the blood 

perfusion values and the minimum tumor temperature within a two zone tissue 

area based on steady state temperatures measured at a limited number of fixed 

sensor locations was investigated. The results show that a two layer hierarchi

cal combination of neural networks can be trained to accurately estimate these 

unknown quantities within a selected error tolerance. 

Several conclusions can be drawn from this study. First, given a large enough 

training set, neural networks can estimate values associated with the solution of 

partial differential equations within a selected error tolerance. Second, a hierar

chical structure of neural networks can provide accurate results even with a large 

range of possible perfusion values. Finally, if sensors are placed in non-sensitive 

locations of the tissue, neural networks can provide estimates which are not only 

accurate but are robust with regard to sensor location errors or perfusion boundary 

errors. 

The ability to identify parameters related to partial differential equations is 

used in the following chapters. The next two chapters apply partial differential 

equations for the prediction and control of tissue temperature behavior. Without 

parameter estimation techniques, these applications would not be possible. 
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Chapter 5 Estimating Perfusion and Predicting 
Transient Temperatures During Hyperthermia 

Using Neural Networks 

5.1 Introduction 

The previous chapter concentrated on the estimation of parameters associated 

with a hypothetical tissue sample in a hyperthermia treatment. This chapter uses 

these parameter estimates as a starting point for predicting tissue temperature 

behavior. 

As was discussed in Chapter 2, tissue temperature modeling techniques gen

erally rely on an approximation of a partial differential equation to estimate the 

temperature behavior of a tissue sample [22]. Observed data can help determine 

some of the unknown parameters/variables associated with the partial differential 

equation. To solve for unknown and unmeasurable parameters, an initial guess for 

these parameter values can be made. Using finite difference or finite element meth

ods, the temperature distribution that results from these guesses can be modeled. 

By comparing the measured temperatures with the temperatures that result from 

these guesses, inverse methods can be used to solve for the missing parameters 

[23, 24]. 

With knowledge of the unknown parameters associated with the partial dif

ferential equation, finite difference and/or finite element methods can provide an 

approximation of the partial differential equation. This approximate model can 

then be used to estimate the temperature behavior of the tissue. 

The approximation to the partial differential equation models the tempera

ture field associated with the tissue sample using a spatially discretized grid of 

temperature nodes. Before introducing thermal energy, the entire tissue region is 

assumed to be at 37° C. With the initial value of each temperature grid location 
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set to 37° C, the finite dimensional approximation to the partial differential equa

tion can simulate the temperature behavior of this tissue region from its initial 

state to its steady state [22J. This approach, however, uses a large model with 

many temperature nodes and the vast majority of these temperature nodes are 

unmeasurable. 

In this chapter, we examine the feasibility of using a system of neural net

works to estimate the perfusion values and to predict the transient temperature 

responses at only the seven sensor locations being monitored within the tissue (see 

Figure 5.1). By restricting attention to the measured sensor locations, we remove 

the large number of temperature nodes that are unassociated with temperature 

measurement sensors. This restriction reduces the computation time by creating a 

much smaller system and may also reduce errors, which would not then propagate 

over the large number of interconnected nodes associated with unmeasured tem

peratures. In addition, restricting attention to the measured sensor locations may 

provide enough information about a treatment. Recall that the study in Chapter 

4 showed that knowledge of the steady state temperatures at a limited number of 

sensor locations may be sufficient to ascertain the degree of success of a treatment. 

5.2 Methodology 

5.2.1 Thermal Simulation Model 

The model in Figure 5.1 represents a two dimensional example of tissue con

taining two perfusion regions. Note that this region is similar to the region in 

Chapter 4 (see Figure 4.1) but the regions are slightly different and there are fewer 

sensor locations. For exemplary purposes, the outer perfusion region is labeled 

"normal tissue" and the inner perfusion region is labeled "tumor." To create the 

temperature field for this model, we use the bioheat transfer equation [30J. 



y (cm) 
10 

8 

6 

4 

2 

o 

Normal Tissue 
-

-
Tumor ___ 

, "" ......... , , , , 
I \ 

II 
" I 

, 
I I I I I \ - I II \ I I I I I I 

I , I , I , , , , 
'... " ....... _-_.-' 

-

I I I I 
o 2 4 6 8 10 X (cm) 

........... The Centerline of the Scanning Pattern of the Ultrasound Transducer 

Nominal Invasive Probe 

Sensor Locations 

79 

Figure 5.1: The model of a tumor surrounded by normal tissue. Indicated on the 
figure are the nominal locations of the seven sensors used to provide the input 
temperature data to the neural networks and the central position of the circular 
power deposition pattern used to generate the tissue heating. 



80 

(5.1) 

In equation 5.1, p is the tissue density, (1000~), Cp is the tissue specific heat, 

(4000 kg;oC)' k is the tissue thermal conductivity, (0.5 m~C)' Cb is the blood specific 

heat, (4000 kg;oC)' Tar is the arterial temperature, (37°C), and Q is the deposited 

power density from the externa.l heating device, (~). Wand T are the blood 

perfusion value, (m~~s)' and the temperature, (°0), respectively, for each point in 

the tissue volume. Except for Wand Q, we assume all of the parameter values to 

be uniform throughout the tissue region. Obviously the temperature, T, will vary 

with respect to both time and location. The values for Wand Q depend on the 

location inside the tissue region. For example, the blood perfusion may be such 

that W(4,2)=0.5 and W(2,2)=1.0, where W(4,2) represents the blood perfusion 

value at x=4 cm and y=2 cm. 

For this study, each tissue model consists of two distinct perfusion regions. The 

two regions correspond to the normal tissue region and the tumor tissue region. 

Within each tissue region, we assume the perfusion value to be uniform. For the 

remainder of this chapter, Wt represents the perfusion value for the tumor and Wn 

represents the perfusion value for the normal region. 

The equation for the power density Q(x,y) was designed to approximate a 

circular scan from an external heating device. 

Q(x, y) = { (.0155 - r(x, y)) * 4500000, if r(x,y) ~ 0.00155, 
0, otherwise. 

(5.2a) 

r(x,y) = V(x - 0.045)2 + (y - 0.045)2,0 ~ x,y ~ 0.1 (5.2b) 

The power is centered over the circular scanning pattern shown in Figure 5.1 

and decreases quadratically with respect to distance from the pattern. We selected 
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the particular parameter values in equation 5.2 to provide a maximum temperature 

elevation of approximately 10° when W t=O.5 and Wn=1.0. 

Because we use a particular magnitude of the power density Q(x,y) to heat 

the tissue sample, the estimates for the Laplacian, ',PT, will assume that the 

temperatures come from a tissue heated with this same magnitude. However, if we 

use a different magnitude with the same scanning pattern for the power, a simple 

multiplicative adjustment to the input and the output of the neural network will 

allow the same neural network based system to estimate the modified Laplacians. 

(We explain this adjustment procedure later in the text and in Appendix A.) Hence, 

while we selected a particular magnitude for the scanning pattern of Q(x,y), the 

neural network based system will be able to perform for any other magnitude as 

well. 

With the boundaries of the tissue region held at 37°, we select the values of 

Wt and Wn and use a forward finite difference approximation of Equation 5.1 to 

generate the temperature field for the selected combination of perfusion values 

associated with each tissue model. 

5.2.2 Components of The Bioheat Transfer Equation 

In our analysis, we assume the bioheat transfer equation to govern the behavior 

of the tissue model shown in Figure 5.1. To use the bioheat transfer equation, we 

require knowledge of its component variables. Since we assume that the only 

measured data available inside the tissue sample are the temperature values at the 

seven sensor locations, we restrict the application of the bioheat transfer equation 

to these locations. 

The bioheat transfer equa.tion has four basic components: (i) the change in 

temperature with respect to time, Vt j (ii) the contribution of conduction, the 

main component being the Laplacian \l2Tj (iii) the contribution of advection, 
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W Cb(T - Tar); and (iv) the contribution from the external heating device, Q. 

Our goal in creating this neural network based system is to predict the tran

sient temperature behavior at the seven sensor locations. In order to predict this 

transient response, we must predict the time rate of change of the temperature, ~~. 

While we can approximate this value numerically from observations, we wish to use 

observed data collected early in the treatment to predict the transient temperature 

behavior for the duration of the treatment. If we can determine ~ from the tem

perature values at these sensor locations, we can predict the temperature behavior 

for the entire treatment assuming the current heating strategy is maintained. 

To obtain ~~, we estimate the contributions due to conduction, advection, and 

the external heating device at the sensor locations. We will show, subsequently, 

that the Laplacian term can be used either directly or indirectly to help determine 

the contributions from these three components. Correspondingly, the neural net

work's estimates of the Laplacian values at the sensor locations is the main feature 

of the proposed scheme. We will use these Laplacian estimates in conjunction with 

the assumed relationships in the BHTE to predict ~~. 

The first component of the bioheat transfer equation to be estimated is Q, 

the contribution of power from the external heating device. We estimate the 

contribution of the power, Q, when power is turned off and on by ilpep ~~ ~ ~Q 

[58]. We can accomplish this estimation of Q most easily at the start-up of the 

treatment. If the heating device parameters do not change, this estimated value 

for Q at the given locations is considered constant. 

The second component of the bioheat transfer equation to be estimated is the 

perfusion term, W. We assume that W is the only unknown parameter associated 

with the advection component W cb(T - Tar). We can measure the temperature T. 

The value for Tar and the specific heat, Cb, are assumed to be known and constant. 

By rewriting the bioheat transfer equation in the form shown in equation 5.3, we 
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obtain an equation for the perfusion value at each of the seven sensor locations. 

k\12T _ PCp aT + Q w= at 
cb(T - Tar) 

(5.3) 

If a system of neural networks can estimate successfully the Laplacian values at 

the sensor locations, then all the terms on the right-hand side of equation 5.3 can 

be determined. We can estimate the power, Q, introduced into the tissue sample 

during a treatment at start-up. Early in the treatment process, we can measure 

both the temperature and the change in temperature with respect to time at each 

location. Since p, Cp, Cb, and Tar are assumed to be constants, we either know 

or can estimate all of the values needed to estimate W. Once we estimate W, we 

assume that it remains constant throughout the duration of the treatment. 

To achieve the final goal of estimating the change in temperature with respect 

to time, ~~, we rewrite the bioheat transfer equation as 

(5.4) 

By the methods described above, we can measure the temperature, T, estimate 

the perfusion value, W, and estimate the power, Q, at each of the sensor locations. 

Therefore, if the neural network estimates of \12T are accurate, this neural network 

based system should be able to estimate ~~ at each of the sensor locations. 

5.2.3 Overview of the Prediction Process 

Once we have obtained accurate estimates for the Laplacian values at the sensor 

locations, we implement a three-step process to predict the transient temperature 

response at these locations. We first estimate the contribution of the external 

heating device Q at the start of the treatment, as described in the previous section. 

Second, we obtain accurate estimates of the perfusion values. These perfusion 
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values can be estimated with the following three measured values: (i) ~~ ~ ~~, 

(ii) T during one short period early in the treatment, and (iii) the estimated 

Laplacian values from the neural networks. The substitution of these three values 

into equation 5.3 will yield estimates of the perfusion values at the sensor locations. 

The final step in the temperature prediction procedure involves estimating the 

future temperature responses at the seven sensor locations. At a given location, the 

change in temperature, ~~ ~ ~~, with 8.t equal to one second, can be estimated by 

combining the following values: (i) the estimate of the power; (ii) the estimate for 

the perfusion value outlined in the previous paragraph; (iii) the estimate obtained 

from the neural networks for the Laplacian value; and (iv) the bioheat transfer 

equation rewritten in the form of equation 5.4. 

By adding the estimated temperature changes to the current temperatures, we 

can estimate subsequent temperatures at the sensor locations. Hence, once the 

perfusion values have been estimated, the system uses the current temperatures to 

predict the temperatures one second into the future. These predicted temperatures 

are then used together with the next predicted value of ~~ from equation 5.4 to 

generate the next temperature values. This method can be applied recursively 

by adding subsequently calculated ~T' s from equation 5.4 to the most recently 

predicted temperature. In this manner, the future temperature response for the 

tissue sample can be predicted for the duration of the treatment. 

While the above process will work for any tissue sample and any treatment 

parameters, the transient temperature predictions are based on the assumption 

that there will be no changes in either the treatment parameters or the tissue 

parameters during the course of the treatment. An overview of this process is 

shown in Figure 5.2. 

5.2.4 Restricting the Perfusion Range of the System 



Estimate the power, a, at the sensor locations 

10 minutes into the treatment, !i 
and T are measured at sensors. 

The BHTE (Equation 5.3) is used to est
imate perfusion values at sensors. 

The BHTE (Equation 5.4) is used to predict the 
temperature one second into the future from the 
current temperature, either measured or estimated. 

No 

Figure 5.2: Flow chart of the prediction process. 
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Chapter 4 indicates that pattern recognizing neural networks can determine 

a reduced range for the perfusion values associated with different regions of a 

tissue sample. By using such pattern recognizing neural networks, the range of 

perfusion values, with which a particular estimation system must deal, can be 

reduced significantly. Since a reduced range of perfusion values results in a less 

extensive range of possible temperatures for a given set of heating parameters, this 

reduced temperature range can simplify the estimation process. 

If a pre-treatment identification phase is feasible clinically and can be used to 

estimate perfusion values [59], then we need to design only one neural network 

based prediction system. We would design this single system for tissue samples 

that have perfusion values within the ranges determined from the pre-treatment 

heating session. However, if a pre-treatment session is not feasible and we desire 

a reduced range of perfusion values, we can design a collection of neural network 

based prediction systems to deal with each subdivision of the total perfusion ranges. 

In this case, a system of pattern recognizing neural networks must first determine 

to which perfusion ranges a tissue sample belongs [59], in order to select the ap

propriate prediction system from the collection of systems. For example, given the 

tissue sample in Figure 5.1, the tumor perfusion value might be known to be less 

than one, and it might be expedient to divide the possible normal perfusion values 

into two regions, normal perfusion values of less than one and normal perfusion 

values of greater than one. In this case, we could design two prediction systems, 

the first prediction system would be for tissue samples with tumor perfusion val

ues of less than 1.0 and normal perfusion values of less than 1.0, and the second 

prediction system would be for tissue samples with tumor perfusion values of less 

than 1.0 and normal perfusion values of greater than 1.0. Early in the treatment, 

the pattern recognizing neural networks would select the proper prediction system 

for the tissue perfusion values. Based on that decision, the appropriate system 
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would be used to determine perfusion estimates and predict transient temperature 

behavior at the sensor locations of the given tissue sample. 

In our analysis, we assume that it is possible to identify reduced perfusion 

ranges to which tissue samples belong. In particular, we select tumor perfusion 

values, Wt, in the range of 0.5 to 1.0 and normal perfusion values, Wn , in the range 

of 1.0 to 1.5 as exemplary ranges. This level of resolution is consistent with the 

abilities of pattern recognizing neural networks [59]. 

Earlier in this section, we stated that our temperature prediction procedure 

was not dependent on a single external heating pattern magnitude. While we 

must maintain a given heating magnitude throughout a given treatment, there 

are no restrictions regarding what that heating pattern must be. In Appendix 

A, we demonstrate this by showing that when a treatment is undertaken from 

zero initial conditions, i.e., the tissue temperatures are at a uniform 37 oC, the 

Laplacian value for a given thermal energy magnitude, Qb is directly proportional 

to the value of the Laplacian for a different thermal energy magnitude, Q2, as long 

as we follow the same scanning pattern. Consequently, the neural networks can be 

trained with a single Q value, and a multiplicative adjustment will allow the same 

estimation system to be used with any heating magnitude associated with that 

scanning pattern. So, when designing a system for estimating Laplacian values, 

we can select a convenient magnitude for the heating pattern without restricting 

the estimation capabilities. 

5.2.5 The System of Neural Networks 

After experimentation, we selected neural networks with only one output for 

this study. Hence, we trained each of the neural networks to map an input vector 

consisting of sensor temperatures to an output scalar equal to the Laplacian value 

at a given sensor location. 
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If the dimension of the input vector is large, it will increase the time necessary 

to train the neural networks. Therefore, it is best to include a minimal amount of 

information in the input vector, while insuring that there is sufficient information 

to estimate the output variable. Finite difference and finite element theory indicate 

that temperatures in the vicinity of a given sensor location should be adequate to 

predict the Laplacian value. Since it is preferable to minimize the number of 

variables in the input vector, the vector we used was limited to temperature values 

at the given location and at the two adjacent locations on the probe (see Figure 

5.1). If a sensor is located at either end of the thermocouple probe, the boundary 

temperature is substituted for the adjacent sensor temperature. This substitution 

relies on the placement of the thermocouple probes in such a way that the end 

sensors are near enough to the boundary to make the boundary temperature an 

appropriate estimate. 

Each sensor location requires its own neural network to map the three inputs 

(sensor temperatures) to the Laplacian value at that sensor location. Therefore, a 

minimum of seven neural networks is needed to estimate the Laplacian values at 

the seven sensor locations. 

While the use of a single neural network for each sensor location provides 

adequate information, we find that using three different neural networks for each 

sensor location is more effective. The three different neural networks are used to 

process the lower, the middle, and the upper temperature ranges which provides 

greater precision. Since the treatment stage determines the magnitude of the 

temperatures, we transferred the estimation process from one set of neural networks 

to another, based on the amount of time that has elapsed during treatment. The 

low temperature range represents temperatures found at 9 to 22 minutes into 

treatment, the middle range covers 20 to 37 minutes, and the upper range covers 

35 to 60 minutes. The three neural networks for a given sensor location, together, 
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should provide accurate Laplacian estimates for all temperatures occurring during 

a treatment. Since the neural network based system contains three neural networks 

for each of the seven sensor locations, there are twenty one neural networks in the 

system. This system of neural networks is shown in Figure 5.3. 

This procedure was carried out with both the recurrent dynamical neural net

works and the feedforward backpropagating neural networks that were introduced 

in Chapter 3. With the backpropagating neural network, a learning parameter of 

'1/ = 0.4 and a momentum term of a = 0.7 were used. With the recurrent dynami

cal neural networks, the learning parameter for updating the neural network was 

obtained by experimentation and was unique to each of the 21 neural networks. 

As indicated in Figure 5.3, the estimation process is not initiated until approx

imately ten minutes into the treatment. Figure 5.4 shows how the surface of the 

Laplacian values for the entire temperature field in Figure 5.1 changes over time. 

Three time instances representing 1.0, 10.0, and 20.0 minutes into treatment are 

shown. 

Rapid change in the Laplacian surface of the tissue occurs during the first ten 

minutes of heating. Significant change in the Laplacian surface continues to occur 

after this initial period, but at a considerably slower rate. In theory, the accuracy 

of the neural network based system is consistent throughout the entire duration of 

the treatment, but because rapid change produces unpredictability, the estimation 

process is initiated ten minutes into the treatment. A ten-minute start up time is 

not unreasonable given the total duration of the treatment. 
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5.2.6 The Training Process for the Neural Networks 
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Each sensor location requires its own set of neural networks to map the three 

input temperatures to the output Laplacian value. We can also view this situation 

as each sensor location requiring its own surface with a domain of three sensor 

temperature values and a range of one Laplacian value. This approach reduces the 

problem to one of interpolation. Certain sets of three temperatures are known to 

correspond to certain Laplacian terms. The goal is to estimate the surface between 

the known data points. 

The first step in training the neural networks is to select the models from which 
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data points can be obtained. Since the temperature prediction system is expected 

to work for all thermal models whose perfusion values range from Wt = 0.5 to Wt 

= 1.0 and Wn = 1.0 to Wn = 1.5, we selected as our training models the four 

thermal models with perfusion values at the extreme of these perfusion sets and 

the one thermal model with perfusion values at the center of these perfusion value 

ranges. For this reason, the thermal models generated using the perfusion values 

(Wt, Wn ) E {(.5, 1.0), (1.0, 1.0), (.5, 1.5), (1., 1.5), (.75, 1.25)} were selected as the 

training models for the neural network based system. The heating pattern and its 

magnitude given in equation 5.2 are the same for all five models. As we explained 

earlier, this allows us to predict temperatures using any heating magnitude as long 

as the pattern remains unchanged (see Appendix A). 

The second step in the training process is to generate the temperatures and the 

Laplacian fields, which will result as treatment progresses, for each of these five 

training models. A forward finite difference scheme, as described in Section 2.1, is 

used to generate this data. 

Since each sensor location requires its own surface, it requires a set of known 

data points. These data points should have four dimensions, the three input tem

peratures as the domain and the output Laplacian value as the range. The forward 

finite difference scheme used to generate the five thermal models used .6.t = 0.01 

second. Since the temperature behavior evolves at a rate much less than .6.t = 
0.01 second, data points are taken from these five thermal models at one minute 

intervals. These data points are then placed in R4. Once the training points for a 

given sensor location are placed in R4, the final step of the training process requires 

placing a surface through or close to these points. 

To initiate the training process, we select, at random, one of the data points in 

R4 from the set of five training temperature fields. We input the three temperatures 

representing the domain of the selected point, i.e., the temperature at the given 
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sensor location and the temperatures at the two adjacent sensor locations are used 

as the input. We then compare the neural network estimate of the Laplacian 

value to the actual value of the Laplacian at the selected point. Using a gradient 

descent method, the parameters of the neural network are updated to push the 

neural network generated surface toward the actual Laplacian value associated 

with the training point. We continue the random selection of training points until 

the generated surface created by the neural network is within a given error level 

for all the training points. This process is outlined in Figure 5.5. 

5.2.7 The Neural Network Structures 

The two common approaches to function emulation that were outlined in Chap

ter 3 are backpropagating neural networks and recurrent dynamical neural net

works. Both approaches can place surfaces through points. However, the manner 

in which these methods perform this interpolation can be very different. We use 

both neural network approaches in this study to compare their respective behav

iors and to determine if either neural network technique is more effective for the 

present problem. 

The details of the backpropagating neural network are provided in Chapter 3. 

For this particular application, we experimented with varying numbers of (i) hidden 

layers, (ii) nodes per hidden layer, and (iii) outputs before we chose a feedforward 

neural network with 2 hidden layers, 5 nodes per hidden layer, and 1 output per 

neural network. Further experimentation yielded a learning parameter of 'T] = 0.4 

and a momentum parameter of a = 0.7 for each neural network in the system. An 

exemplary structure for feedforward neural networks is shown in Figure 3.2. 

The recurrent dynamical neural network is also described in Chapter 3. In this 

study, the input, z, of the neural network corresponds to the three temperature 

measurements, one measurement corresponding to the given sensor location and 

the other two measurements corresponding to the temperatures at the two neigh-
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boring sensors. Correspondingly, the dimension of the input vector for this study is 

three. We found through experimentation that the selection of u€R5 was effective 

for estimating the Laplacian value. From this dimension on u, we obtain all of the 

other dimensions for the system by maintaining compatibility in the equations (de

scribed in Chapter 3), remembering that there is only one output for each sensor 

location. 

5.3 Results 

5.3.1 Accuracy 

The tissue model used for testing (for which we present results) was generated 

with Wt = 0.875 and Wn = 1.125. This tissue model is the most distant from 

the five training models. Other tissue models were tested also and found to be, at 

least, as accurate. 

The first step in the prediction process is to estimate both the value of the 

introduced power and the perfusion value at the seven sensor locations. This 

step is crucial to the overall success of the prediction procedure, since the bioheat 

transfer equation will utilize these two values repeatedly. Consequently, if the 

estimates for power and perfusion are inaccurate, the errors will be propagated 

with each timestep in the recursive process. 

The maximum error in estimating the power Q for this model is roughly 400 

(:a). From equation 5.4, we can see that Q will be divided by approximately 

four million for each second in the process of predicting future temperatures. The 

maximum error in estimating perfusion values for this model is .004 ~~8' From 

equation 5.4, we can see that this error will be divided by approximately one 
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thousand for each second in the process of predicting future temperatures. Hence, 

the contribution to the overall error in the predicted temperatures from these two 

estimates should be minimal. 

The second step of the prediction process requires the use of neural networks 

in conjunction with the bioheat transfer equation to predict the transient temper

ature response at the sensor locations for various thermal models (see Section 2.3). 

The transient temperature predictions obtained from the systems using recurrent 

dynamical neural networks are more accurate than the transient temperature pre

dictions resulting from backpropagating neural networks systems. Therefore, we 

use the former to create the figures presented in this chapter. 

Figure 5.6 shows the predicted temperature response and the true tempera

ture response for the first four sensor locations. These results are for the thermal 

model using Wt = 0.875 and Wn = 1.125. The final three sensor locations behave 

similarly to the first three locations, but since their graphs provide no additional 

insights, they are not included. Figure 5.6 shows that the performance of the 

neural network based system is extremely accurate. The maximum difference be

tween the predicted temperatures and the true temperatures does not exceed three 

hundredths of a degree for any of the sensor locations. We also tested the temper

ature prediction system with models using other perfusion values, e.g., (Wt, Wn ) 

= (0.625,1.375), and found the results for these other models to be at least as ac

curate. These results, however, provide no new insight into the prediction process 

behavior and are, therefore, not shown. 

When we conducted the prediction process using backpropagating networks in

stead of recurrent dynamical networks, the results were only slightly less accurate. 

The maximum difference between the true temperatures and the predicted tem

peratures did not exceed 0.1°0. While this difference is slightly greater than that 

resulting from the recurrent dynamical networks, it is still well within the range 
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of acceptable performance. Hence, the backpropagating neural networks can be 

considered a viable tool for the estimation process. 

For the present study, we use temperature sensors with two decimal place 

precision to estimate the Laplacian. For the measurement of temperatures, two 

decimal places is adequate. However, for approximating ~~, we get the best result 

by observing when the sensor measurement experiences an increase and noting the 

time interval required to produce this increase. By extending the measurement of 

the sensors to three decimal places, we improve the accuracy of the neural network 

based system significantly. 

5.3.2 Robustness 

To check the system's robustness, we injected white noise into both the sensor 

measurement readings and the power introduced into the tissue sample from the 

external heating mechanism. 

The bioheat transfer equation indicates that noise in the sensor readings def

initely will yield an error in the estimates for the perfusion and the power. Un

der these circumstances, however, we can obtain accurate estimates by collecting 

enough measurement samples to average out the noise. The number of samples 

that should be collected is a function of the standard deviation of the measurement 

noise and the acceptable error in the perfusion and power estimates. The formula 

for the number of samples required to estimate the mean with a confidence level 

of a, given normally distributed data, is provided in equation 5.5 [60] 

> ( ZO/ * (j )2 
n - tolerance ' (5.5) 

where n = the number of samples, ZO/ = the z value (obtainable from any statistical 

text [60]) associated with a confidence interval of a, (j = the standard deviation of 
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the noise expected in the sample, and tolerance = the maximum acceptable error 

with a confidence level of a. 

For this study, we desire a 95% certainty (a = 95%) that the estimates for 

perfusion and power are within 2.5% of the actual value. This accuracy can be 

accomplished for both estimation procedures using Z95%=1.96. We assume that 

95% of the sensor measurements lie within 10% of the actual temperature, i.e., the 

standard deviation due to noise was about 5% of the actual temperature. To obtain 

power estimates, Q, within 2.5% of the actual value, 16 readings were necessary. 

This value for n is a result of using Z = 1.96, 0' = 0.05, and tolerance=0.025 in 

equation 5.5. Q is a sum of distributions and correspondingly will have a percent 

error equal to or less than the maximum error of its component variables. Hence, 

direct implementation of equation 12 is possible despite the fact that Q is not 

directly proportional to any measurement. To obtain 16 different measurements 

for Q, 8 power on and off cycles are necessary. To obtain perfusion estimates, W, 

with a 95% certainty of lying within a tolerance level of 2.5%, 88 measurements 

were used. The difference between this value and the value that results from 

direct implementation of equation 5.5 is due to the fact that W is calculated 

using a quotient of measured values. That is, ~~ is in the numerator and T 

is in the denominator. While a quotient of distributions is Cauchy, the normal 

approximation performs adequately for this range of errors. Each distribution has 

a 97.5% confidence interval of (.8875, 1.1125) where these numbers represent the 

percent of the actual value. Correspondingly, by looking at the outer limits of 

these combinations, it can be concluded that the quotient has a 95% confidence 

interval of (.8,1.25). This corresponds to a standard deviation of roughly 0.12. 

Using equation 5.5, approximately 88 readings are necessary to achieve the desired 

accuracy. Since the perfusion readings can be performed almost continuously using 

equation 5.3, this does not present a problem. Additional readings may be taken 
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to adjust for more noise in the system or to obtain greater precision. 

Given constant perfusion and power values, the steady-state temperatures 

should converge to the same values, regardless of the initial condition of the pre

dicted temperatures. Hence, a good test of the robustness of the conduction es

timates is whether the use of these estimates to predict temperature will result 

in the same steady-state temperatures regardless of the error in the initial values. 

Figure 5.7 shows the results when all of the sensor locations set their initial pre

dicted temperatures equal to 40°0. Based on Figure 5.7, the prediction system 

clearly can recover from significant initial condition errors. Hence, the conduction 

estimates are robust to such errors. 

Figure 5.8 shows the results when the noise associated with the applied power 

has a mean of zero and a standard deviation of 25%. While the magnitude of the 

noise causes considerable unevenness in the heating process, the results are still 

acceptably accurate. 

5.4 Discussion 

The overall goal of this study is to create a set of seven Laplacian surfaces, each 

corresponding to a given sensor location in the thermal tissue model, as shown in 

Figure 5.1. Each surface will have three local temperatures as its domain and the 

Laplacian value at the given sensor location as its range. 

The ability of the neural networks to estimate these Laplacian surfaces with a 

high degree of accuracy has produced three major results. First, a neural network 

based system that estimates the Laplacian values can be used to predict perfusion 

values at particular locations. If enough probes are placed in the tissue, there is 

the potential to utilize a system, similar to that used for this study, to obtain a 

perfusion profile for a given tissue volume. 
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Actual Versus Predicted Temperature wHh Significant Error in InHialization 

• Predicted TelT'!lerature 

• True TelT'!lerature 

10 20 30 40 50 60 

Time (rrinutes) 

Figure 5.7: The actual temperature response and the predicted temperature values 
at one minute intervals for the first four sensor locations in Figure 5.1 when all of 
the initial predicted sensor temperatures were erroneously set to 400 C. 
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Figure 5.8: The actual temperature response and the predicted temperature val
ues at one minute intervals for the first four sensor locations in Figure 5.1 when 
normally distributed noise with a standard deviation of 25% is introduced to the 
applied power distribution. 
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Second, a neural network based system can predict temperature responses 

at sensor locations for a given set of heating parameters. While the system, as 

presently designed, provides a highly accurate ability to predict temperatures in 

the absence of noise, this accuracy can be improved from a maximum error of 

three hundredths of a degree to a maximum error of roughly one hundredth of 

a degree when sensor probes are assumed capable of determining temperatures 

to three decimal place accuracy. Hence, for applications using instruments with 

sharper precision, accuracy will improve. 

Finally, a neural network based prediction system can be made robust to noisy 

power fields and noisy temperature measurements. With corrupted temperature 

measurements, the system, by using multiple measurements, can predict the per

fusion values and the external power contributions within a selected tolerance and 

confidence level. With these estimates, the transient temperature behavior is pre

dicted with good to excellent accuracy, even with very significant noise in both 

the sensor readings and the externally applied power signal. It is worth noting 

that the results of combining these two phenomenon can be obtained by taking 

the predicted temperature values in Figure 5.7 and the actual temperature values 

in Figure 5.S. While these are not shown, the system remained quite accurate even 

with simultaneous noise contributions from both these sources. 

Preliminary study results indicate that the procedures outlined in this chapter 

can be used to determine changes in perfusion values that occur during the middle 

of a treatment. That is, if observed values of ~~ do not match the predicted values 

and there is no external change to the system, the cause of this mismatch in ~~ 

is, in all likelihood, a change in the perfusion values. Using the observed value of 

~~ and equation 5.3, we can calculate the new perfusion values. 

It is important to note that while this study uses the bioheat transfer equa

tion to govern the heating of the tissue, we need not restrict the methods to the 
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use of this equation. Any partial differential equation that includes Laplacian val

ues as one of its components can use neural network approximations to estimate 

the Laplacian values. In addition, other components within a partial differential 

equation may be estimated using these methods. 

Preliminary studies indicated that this prediction approach continues to per

form well when heating parameters are changed during the course of treatment. 

This ability opens up considerable potential to use predictive methods with pro

cess control theory to automate the hyperthermia treatment process. Chapter 6 

investigates this combination of prediction and control. 

5.5 Conclusion 

The study in Chapter 4 concentrated on the estimation of parameters associated 

with a hyperthermia treatment. This chapter takes the estimation process one 

step further and creates a system to predict the transient temperature behavior at 

sensor locations. 

We found in this study that a system of neural networks to estimate the Lapla

cian values of a temperature field is an effective approach to predicting transient 

temperature behavior in tissue samples. The accuracy and the robustness of this 

system indicate that it is worth investigating in more clinically realistic environ

ments than that of a two perfusion tissue sample. In particular, if this neural 

network based system can continue to perform well in more clinically realistic set

tings, which include changing the heating parameters during a treatment, then 

these predictive methods may be an important element in a control system for 

hyperthermia treatments. 

Chapter 6 presents a study that broadens the prediction process to incorporate 

multiple scanning patterns. Combining this broadened prediction process with a 
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PI controller, we study the control capabilities of a neural network based predictive 

system. 



Chapter 6 Applying Neural Network Based 
Predictions to Control of Hyperthermia 

Temperature Fields 

6.1 Introduction 
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This chapter is designed to bring together the three fundamental problems 

that we address regarding hyperthermia. These problems are the identification 

of tissue parameters, the prediction of transient temperature behavior, and the 

control of transient temperature behavior during hyperthermia treatment. The 

first two problems have been addressed in Chapters 4 and 5. This chapter presents 

a study that builds upon the results of these two previous studies and applies them 

in a control system. 

The study presented in this chapter incorporates the predictive capabilities 

demonstrated in Chapter 5 into a control system that is designed to achieve and 

maintain a therapeutic temperature distribution for tissue during a hyperthermia 

treatment of cancer. This therapeutic temperature distribution tries to (i) maintain 

all sensor temperatures within healthy tissue and not near the tumor boundary 

below 40° C, (ii) maintain boundary sensor temperatures at exactly 43° C, and 

(iii) maintain tumor sensor temperatures between 43° and 46° C. 

6.2 Methodology 

6.2.1 Thermal Simulation Model 

The model in Figure 6.1 represents a two dimensional example of tissue con

taining two perfusion regions. For exemplary purposes, the outer perfusion region 

is labeled "normal tissue" and the inner perfusion region is labeled "tumor." To 

create the temperature field for this model, we use the bioheat transfer equation 
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Figure 6.1: A two dimensional example of tissue containing two perfusion regions. 
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(6.1) 

There is only one difference between this model and the tissue model in Chapter 

5. The tissue model in Chapter 5 has a constant scanning pattern. The model in 

Figure 6.1 permits different radii in the circular scanning pattern. In equation 6.1, 

p is the tissue density, (1000~ ), Cp is the tissue specific heat, (4000 kg;oC)' k is the 

tissue thermal conductivity, (0.5m~C)' Cb is the blood specific heat, (4000 kg;oC)' 

Tar is the arterial temperature, (37°0), and Q is the deposited power density from 

the external heating device, C~). Wand T are the blood perfusion value, (m~~s)' 

and the temperature (°0), respectively, for each point in the tissue volume. Except 

for Wand Q, we assume all of the parameter values to be uniform throughout the 

tissue region. 

As in the Chapter 5 model, each tissue model consists of two distinct perfusion 

regions. The two regions correspond to the normal tissue region and the tumor 

tissue region. Within each region, we assume the perfusion value to be uniform 

with Wt representing the perfusion value for the tumor and Wn representing the 

perfusion value for the normal region. 

The power density Q(x,y) varies as treatment progresses. For this study, how

ever, we assume that it will always be circular with its center located at (4.5,4.5). 

During this study, the magnitude and radius of Q are the only factors that are 

allowed to change. 

With the boundaries of the tissue region held at 37°, we use a forward finite 

difference approximation of equation 6.1, as described in Chapter 2, to generate the 

temperature field for the selected combination of perfusion values(Wt and Wn ) and 

the heating strategy associated with a given tissue model and treatment strategy. 
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Figure 6.2: A block diagram for the hyperthermia treatment control system 

6.2.2 Overview of the Control System 
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The strategy presented in this chapter is designed for the control of a hyper

thermia treatment of cancer. It has two major components. The first component 

is a PI (Proportional-Integral) controller to adjust the magnitude of the power pat

tern and the second component is an algorithm to adjust the radius of the circular 

scanning pattern. The algorithm for adjusting the radius will be based either on a 

heuristic scheme or on a prediction based scheme. A block diagram for this system 

is shown in Figure 6.2. 

The PI controller compares the boundary sensor temperature at sensor 2 in the 

tissue to the therapeutic temperature that is desired. The controller then either 

increases or decreases the external power being introduced into the tissue by an 

amount calculated to best achieve this therapeutic temperature. The PI controller 
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does not alter the scanning path, it simply alters the magnitude of the power being 

introduced by the external heating device. The radius adjusting algorithm is based 

on either a heuristic algorithm or a prediction algorithm. 

The heuristic algorithm observes the present temperature distribution and de

termines whether the scanning pattern radius should be altered to better achieve 

the desired therapeutic temperature distribution. The prediction algorithm uses 

a comparison of five scanning pattern radii to select the optimal scanning pattern 

given the current temperature distribution and the five predicted temperature re

sponses. Neither algorithm alters the magnitude of the external power, it simply 

alters the scanning path radii over which this power is introduced. 

Together, these two components (PI controller and radius adjustment) control 

the amount of external power that will be introduced and the shape of the scanning 

pattern. 

6.2.3 The PI Controller 

With the open loop system for the boundary temperature location illustrated in 

Figure 6.3, the external power Q is held constant and is applied to the tissue sample 

until it reaches a steady state temperature. Experimental observation determined 

that if the external thermal energy applied to the tissue sample in Figure 6.1 is 

constant, it takes roughly seven minutes for the system to achieve sixty percent of 

its steady state value. Since the system behavior resembles a first order system, 

the time constant T can be approximated by 420 seconds. The open loop system 

in Figure 6.3 is a rough approximation of the tissue behavior with a constant input 

[61]. 

Focusing on the boundary sensor temperature (the second sensor from the left 

in Figure 6.1), we would like the magnitude of our power to bring this temperature 

to 43° C. This 43° C temperature has been selected in this chapter as the thresh

old that will destroy cancerous tissue if this temperature is maintained for about 
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Figure 6.3: The open loop system describing the tissue sample. In this figure, the 
variable s corresponds to the Laplace Transform variable. 

30 minutes to one hour. Along the tumor boundary, we would like to maintain 

temperatures precisely at this value in order to both destroy cancerous cells and 

minimize the damage to normal tissue. To rapidly achieve this temperature, we 

applied a proportional-integral (PI) controller to the open loop system. With this 

controller, the temperature at sensor 2 is subtracted from the desired temperature, 

43° C., to determine the error between the actual and the desired temperature val

ues (the system error). This system error is then multiplied by a constant kp and 

the integral of the system error from the initial time to the present time is mul

tiplied by a constant kI . The sum of these two terms is used to determine the 

magnitude of the external power introduced into the system. In this manner the 

output of the system (T2) is used to determine the input (Q) for the system and 

the system can be represented by the closed-loop system shown in Figure 6.4. 

It is worth noting that because there is a maximum value for the power that 

can supplied to the system, there is the potential for windup in the integral term 

[61]. For example, when the tissue is well below the desired temperature, the error 

will be large and the integral of the error could be built up to a value that saturates 

the available power. If this integral term is allowed to increase even though the 

power has saturated, then the integral term will continue to grow and will require 

many large negative errors to decrease the integral term and bring the power out 
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Figure 6.4: The closed loop control system for the tissue sample. In this figure, 
the variable s corresponds to the Laplace Transform variable. 

of its saturation condition. When this windup and subsequent saturation happens, 

the external power can be driven to high values even when these high powers are 

no longer needed. Our anti-windup procedure is used to limit the integral term 

in the controller at whatever value will achieve the maximum allowable thermal 

energy magnitude [61]. 

The closed loop transfer function associated with Figure 6.4 can be obtained 

using block diagram algebra [61]. Figure 6.5 contains the closed loop transfer 

function. 

There are two goals for the system represented in Figure 6.4 or in Figure 6.5. 

The first is to achieve the desired temperature distribution (set-point) and the 

second is to minimize the time required to achieve this set point value without 

allowing the system to become so hot as to cause the patient excessive discomfort. 

Using the transfer function for our system shown in Figure 6.5, we calculated 

that kp= 0.7 and kI=0.005 would best meet our goals. For more information on 

how these values are achieved, we would recommend consulting control theory 

literature, for example, [61]. 
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Figure 6.5: The transfer function of the closed loop control system for the tissue 
sample. 

6.2.4 Radius Adjustment Strategies 

This study investigates two different strategies for adjusting the radius of the 

power pattern during a treatment. In general" the idea behind both adjustment 

strategies is to improve the distribution of temperatures in the tissue region. There 

are two objectives that each strategy must address. The first objective is to achieve 

a nearly uniform temperature elevation inside the tumor tissue. The second objec

tive is to maintain the healthy tissue near its baseline temperature level. COrre

spondingly, when the healthy tissue becomes too hot (above 40 0 C), the algorithm 

should change the scanning pattern to concentrate more power toward the center 

of the inner tumor and less power in regions near the healthy tissue. When the 

heating process results in uneven heating of the tumor tissue, the algorithm should 

switch from the given pattern to a new pattern which concentrates more power on 

the cooler regions of the tumor. 

Each radius adjustment strategy has its own rules for modifying the radius of 

the power pattern. These different radius adjustment strategies are described more 

fully in sections 6.3 and 6.4. However, no matter what scanning radius is being 

applied in either adjustment strategy, the PI controller always tries to regulate 
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sensor 2 to 43 0 C. 

As a means of labeling the two strategies, we will call them the reactionary 

strategy and the anticipatory strategy. The reactionary strategy uses the present 

temperature values to determine the scanning radius that should be applied at 

the present time during the treatment. The anticipatory strategy uses predicted 

temperature response values based on the five different scanning radii to assess 

which radius would be more effective at treating the tissue region. Only the antic

ipatory control strategy requires the use of the neural networks to predict future 

temperatures. Consequently, most of this chapter is concerned with the anticipa

tory strategy. The reactionary strategy is presented because it provides another 

heating strategy that can be compared with the anticipatory strategy. 

6.2.5 Estimating Terms of the Bioheat Transfer Equation 

The methods we use for identifying the terms of the bioheat transfer equation 

are quite similar to those applied in Chapter 5. However, because there are some 

distinctions, we have chosen to risk redundancy and outline the term by term 

estimation in its entirety. 

As in Chapter 5, we assume that the bioheat transfer equation governs the 

behavior of the tissue model shown in Figure 6.1. To use the bioheat transfer 

equation, we require knowledge of its four basic terms. Since we assume that the 

only measured data available inside the tissue sample are the temperature values 

at the seven sensor locations, we restrict the application of the bioheat transfer 

equation to these locations. 

The four basic terms of the bioheat transfer equation are: (i) the change in 

temperature with respect to time, ~~; (ii) the contribution of conduction, the main 

term being the Laplacian '\12T; (iii) the contribution of advection, WCb(T - Tar); 

and (iv) the contribution from the external heating device, Q. 

If the measured sensor temperatures, T, are sufficient to predict ~~ at the 
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sensor locations, then the same recursive system that was used in Chapter 5 can 

be implemented to predict the transient temperature response in the future. To 

obtain ':J, we need estimates for the contributions due to conduction, advection, 

and the external heating device at the tissue sensor locations. 

The primary component in our prediction process is the system of neural net

works described in Chapter 5. These neural networks use the measured tempera

ture data at the seven sensor locations to estimate the Laplacian values at these 

sensor locations. This Laplacian term can then be used, either directly or indi

rectly, to help determine the contributions from conduction, advection, and the 

external heating device. Correspondingly, the neural network's estimates of the 

Laplacian values at the sensor locations are the main feature of our temperature 

prediction process. These Laplacian estimates are then used in conjunction with 

the assumed relationships in the BHTE to predict ';!t. 
The first step in this prediction process is estimating the perfusion values at 

the sensor locations. By rewriting the bioheat transfer equation in the form shown 

in equation 6.2, we obtain an equation for the perfusion values, W. 

w = k\l2T - pcp¥t + Q 
cb(T - Tar) 

(6.2) 

To solve this equation for W, we implement a two step estimation scheme. 

First, we estimate the contribution of power from the external heating device, 

Q. We can accomplish this estimation of Q most easily at the start-up of the 

treatment. At the points in time when power is turned off and on, ~pCp ~~ ~ ~Q 

[58]. From this relationship one can obtain an estimate for Q. Second, without 

altering the scanning pattern or the magnitude of the external heat, Q, we observe 

both the temperature and the change in temperature with respect to time at each 

sensor location. With the observed values for T, we use the system of neural 

networks to estimate the Laplacian values at the sensor locations. Hence, at each 
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sensor location, we have estimates for Q, observed values for T and ~~, and neural 

network estimates for the Laplacian values. Since p, Cp, Cb, and Tar are assumed to 

be constants, we either know or can estimate all values needed to solve equation 

6.2 and to estimate W. Once we obtain W, we assume that it will remain constant 

throughout the duration of the treatment. 

The external power, Q, at the sensor locations is estimated at startup but 

will change periodically as the PI controller or the radius adjustment algorithm 

change its magnitude and pattern. Our prediction scheme relies on knowledge of 

the external power introduced into the system. While we assume, for prediction 

purposes, that proportional changes at the source for the external power will result 

in the same proportional change at the target, it is still a good idea to check the 

rate at which power is being absorbed. 

To estimate the power, Q, absorbed by the tissue as treatment progresses, the 

bioheat transfer equation can be rewritten in the form shown in equation 6.3. 

(6.3) 

At each sensor location, we have estimates for W, we can observe values for T and 

~~, and the neural networks will estimate Laplacian values. Since p, Cp, Cb, and 

Tar are assumed to be constants, we either know or can estimate all values needed 

to solve equation 6.3 and estimate Q. 

To achieve the final goal of estimating the change in temperature with respect 

to time, ~~, we rewrite the bioheat transfer equation as 

(6.4) 

By the methods described above, we can estimate the perfusion values, W, and 

the power, Q, at each of the sensor locations. While the power, Q, may change 

periodically, if we assume that the proportion of power from the source that reaches 

the target remains constant, this does not need to be constantly done. Our system 
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of neural networks will provide estimates of \l2T and we can observe the values of 

T at the sensor locations. Hence we have all the information we need to estimate 

~~ at each of the sensor locations. 

6.2.6 Overview of The Prediction Process 

There are two components to the controller that we have designed, a radius 

adjustment algorithm and a PI controller. The radius adjustment algorithms we 

use to control the treatment scanning pattern use either the present temperatures 

or predictions of the future temperature behavior of the tissue sample. In order 

to make these predictions, a system of neural networks, as described in Chapter 

5 is implemented. This system relies on neural networks to use temperatures at 

the sensor locations to predict Laplacians at the sensor locations. With these 

Laplacian values, a system to predict future temperatures at the sensor locations 

can be implemented. Because our control strategy only uses temperature data from 

the sensor locations, this is the only information we use in our radius adjustment 

algorithm. 

With accurate estimates for the Laplacian values at the sensor locations, we 

implement a three stage process to predict the future temperature values at the 

sensor locations for a given heating scanning pattern. We first obtain accurate 

estimates of the perfusion values. These perfusion values can be estimated using 

the following four values: (i) the estimated value for Q at startup; (ii) the observed 

values for ~ ~ ~~ and T during one short period early in the treatment; and (iii) 

the estimated Laplacian values from the neural networks. The substitution of 

these values into the bioheat transfer equation, in the form of equation 6.2, will 

yield estimates of the perfusion values at the sensor locations. Second, we obtain 

estimates for the current rate at which power from the external heating device, Q, 

is being absorbed. Q is estimated using (i) the estimated value for W at startup; 

(ii) ~ ~ ~~ and T at the selected point in time; and (iii) the estimated Laplacian 
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values from the neural networks. The substitution of these three values into the 

bioheat transfer equation in the form of equation 6.3 will yield estimates of the 

external power, Q, at the sensor locations. 

The final step of the temperature prediction system involves estimating the 

future temperature responses at the seven sensor locations. At a given location, the 

change in temperature, ~~ ~ ~~, (with b.t equal to one second), can be estimated 

using the following values: (i) the estimate of the power; (ii) the estimate for the 

perfusion value outlined in a previous paragraph; (iii) the estimate obtained from 

the neural networks for the Laplacian value; and (iv) the bioheat transfer equation 

rewritten in the form of equation 6.4. 

By adding the estimated temperature changes to the current temperatures, we 

can estimate subsequent temperatures at the sensor locations. Hence, once the 

perfusion values have been estimated, the system uses the current temperatures to 

predict the temperatures one second into the future. These predicted temperatures 

are then used together with the next predicted value of ~~ from equation 6.4 to 

generate the next temperature values. This method can be applied recursively 

by adding subsequently calculated b.T's from equation 6.4 to the most recently 

predicted temperature. In this manner, the future temperature response for the 

tissue sample can be predicted for the duration of the treatment. A diagram of the 

process used to estimate the perfusion values and predict the transient temperature 

behavior is shown in Figure 6.2. 

6.2.7 The Training Process for the Neural Networks 

The anticipatory radius adjustment algorithm used in this control system relies 

on a neural network based system that predicts transient temperature behavior at 

the sensor locations. The neural networks in this system map temperatures at the 

seven sensor locations to the corresponding Laplacian values at the seven sensor 
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locations. 

After experimentation, we selected neural networks with only one output for 

this study. Hence, we trained each of the neural networks to map an input vector 

consisting of sensor temperatures to an output scalar equal to the Laplacian value 

at a single given sensor location. 

As in the preceding chapter, the input vector we used was limited to temper

ature values at the given sensor location and at the two adjacent locations on the 

probe. If a sensor is located at either end of the thermocouple probe, the boundary 

temperature is substituted for the adjacent sensor temperature. 

In the same manner as the preceding chapter, each sensor location requires its 

own neural network to map the three input temperatures to the output Laplacian 

value. We can also view this as each sensor location requiring its own surface with 

a domain of three sensor temperature values and a range of one Laplacian value. 

For the same reasons described in the previous chapter, we assume that it is 

possible to identify reduced perfusion ranges to which tissue samples belong. In 

particular, we select tumor perfusion values, Wt, in the range of 0.5 to 1.0 and 

normal perfusion values, Wn , in the range of 1.0 to 1.5 as exemplary ranges. This 

level of resolution is consistent with the abilities of pattern recognizing neural 

networks [59]. 

6.2.8 The Models Used for Training 

In selecting the models from which we will generate temperature data, there are 

two important considerations. The first consideration is the tissue perfusion values, 

Wt and Wn , that we use and the second consideration is the control strategies that 

are implemented. 

The range of scanning patterns for which the neural networks will predict 

Laplacians are restricted to circles with radii from 0.5 to 2.5 cm. centered at 

x=4.5 cm and y=4.5 cm. The perfusion values range from Wt = 0.5 to Wt = 1.0 
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and Wn ::: 1.0 to Wn ::: 1.5. To select the perfusion values used for training, we 

selected perfusion values at the extreme of these perfusion ranges and the per

fusion values at the center of the ranges. For this reason, the perfusion values 

(Wt, Wn ) E {(.5, 1.0), (1.0, 1.0), (.5, 1.5), (1., 1.5), (.75, 1.25)} were selected as the 

training values for the neural network based system. 

Five control strategies were used to help generate the training data. A brief de

scription of each control strategy is given below. These five strategies were selected 

after observing tissue temperature response to various strategies and selecting five 

which would provide a range of temperature distributions similar to those that 

might be seen in treatment. 

Strategy 1: From rest, begin heating the tissue with a scanning pattern of 

radius 2.0 cm. and a magnitude determined by the PI controller to achieve 43°C 

at sensor 2. When sensor 4 is less than 40°C and sensor 2 is greater than 43 °C, 

the scanning pattern is randomly changed to a new radius of either 1.5, 1.25, or 

1.0 cm. Only one radius switch is allowed during the course of the treatment. 

Strategy 2: From rest, begin heating the tissue with a scanning pattern of 

radius 1.75 cm. and a magnitude determined by the PI controller to achieve 43°C 

at sensor 2. When sensor 4 is less than 40°C and sensor 2 is greater than 43 °C, 

the scanning pattern is randomly changed to a new radius of either 1.5, 1.25, or 

1.0 cm. Only one radius switch is allowed during the course of the treatment. 

Strategy 3: From rest, begin heating the tissue with a scanning pattern of 

radius 1.5 cm. and a magnitude determined by the PI controller to achieve 43°C 

at sensor 2. When sensor 4 is less than 40°C and sensor 2 is greater than 43 °C, 

the scanning pattern is randomly changed to a new radius of either 1.25 or 1.0 cm. 

Only one radius switch is allowed during the course of the treatment. 

Strategy 4: From rest, begin heating the tissue with a scanning pattern of 

radius 1.25 cm. and a magnitude determined by the PI controller to achieve 43°C 
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at sensor 2. When sensor 4 is greater than 45 °G, the scanning pattern is randomly 

changed to a new radius of either 1.5, 1.75, or 2.0 cm. Only one radius switch is 

allowed during the course of the treatment. 

Strategy 5: From rest, begin heating the tissue with a scanning pattern of 

radius 1.0 cm. and a magnitude determined by the PI controller to achieve 43°G 

at sensor 2. When sensor 4 is greater than 45 °G, the scanning pattern is randomly 

changed to a new radius of either 1.5, 1.75, or 2.0 cm. Only one radius switch is 

allowed during the course of the treatment. 

By combining the five perfusion sets with the five control strategies, there are 

a total of twenty five models from which temperature data can be obtained. It 

should be noted that scanning radii will be changed at different times for a given 

strategy when different model perfusion values are used. The temperature data 

from these twenty five models are used to train the neural networks in our system. 

6.3 Implementing the Complete System 

With the constants selected for the PI controller and the same system of neural 

networks that we used in the previous chapter, the only step remaining is to select 

the heuristic algorithm which will determine the scanning pattern. 

The anticipatory radius adjustment algorithm operates by selecting the optimal 

scan pattern from five possible scan pattern radii. If the neural network based 

system can predict tissue behavior for the five selected scanning pattern radii of 

1.0, 1.25, 1.5, 1.75, or 2.0 cm., then the anticipatory algorithm will be able to 

assess the relative effectiveness of various treatment options. In such a manner, 

an optimal treatment can be designed. Figure 6.6 shows a diagram of how this 

treatment will proceed. 

For the purpose of comparing scanning pattern performance, the following func

tion was used to assess the error associated with a hyperthermia tissue temperature 
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Figure 6.6: A block diagram of how the hyperthermia treatment will proceed. 
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distribution during a treatment. 

7 n 

J = E E A(Ti,k) (6.5), 
k=l i=no 

where 

{ 

{ 
43 - Ti,k if Ti,k :5 43, 

fk(T'.' k) - Ti,k - 46, if Ti,k ~ 46 
" - { Ti,k - 40 if Ti,k ~ 40, 

0, otherwise 

if 2 :5 k :5 6 

k = 1,7 

Ti,k is the temperature at sensor k at the ith minute from no. This notation 

is different from that of Chapter 2 where Tab represented the temperature in the 

tissue sample at the node where x = a and y = b. 

Sensors two through six are inside the tumor. If these sensors are either too hot 

or too cold, they contribute to the error associated with the treatment. Sensors one 

and seven are well outside the tumor. If they become too hot, they also contribute 

to the error. The time no will generally represent the present point in time. The 

value for n, or how many minutes into the future the system will predict, varies 

on the basis of the treatment strategy. 

One of the anticipatory algorithms we use compares the error function over the 

next n - no minutes for the five heating scan pattern radii (1.0, 1.25, 1.5, 1. 75, and 

2.0 cm). Whichever scanning pattern radius minimizes this error function will be 

considered the best radius for the next n - no minutes and will be the radius that 

will be selected for the present time. 

6.4 Results 

The first test of our system of neural networks is to determine how well this sys

tem will predict future temperature behavior at different treatment times. Ideally, 

our system of neural networks should be able to accurately predict tissue tem

perature behavior for any of the five scanning radii and any initial temperature 

distribution. 
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To test this ability we conducted various treatment simulations using various 

scanning radii. At periodic intervals in the treatment, a scanning pattern, which 

could either be the same or different from the current pattern, was selected with 

which to continue the treatment. The actual temperature of the system sensors 

was then compared to our predictions for the sensors. In this manner, we hoped to 

ascertain the ability of the system to predict the transient temperature behavior 

for various initial temperature distributions. The graphs in Figure 6.7 exemplify 

the performance of the system. When a scanning pattern radius will bring the 

sensor temperatures near the treatment goals, the system predicts these sensor 

temperature measurements very well. When the sensor temperatures are very high 

or very low relative to the treatment goals, the system predictions register very 

high or very low. (However, sometimes the degree of the error that these scanning 

patterns will produce will be lessened.) When the temperature distribution that a 

scanning radius provides will be far too low for therapy, the system predictions were 

in error by as much as 0.5°0. When the temperature distribution that a scanning 

radius provides will be far too high for therapy, the system predictions were in 

error by as much as 1.5°0. This behavior, as will be discussed in the following 

section, is due to the training emphasis and should not detract from the system 

effectiveness. 

The second test of our system is the improvement that predictive capabilities 

will bring to a control system. Figure 6.8 shows the temperature response for the 

sensor locations using the two different radius adjustment control strategies. Both 

strategies use the PI controller described in Section 6.2.3. However, each strategy 

uses a different algorithm to select the scanning pattern radius. 

The first strategy uses a heuristic algorithm to evenly heat the tumor which we 

have been calling a reactionary strategy. It does not use any predictive capabili

ties and incorporates a degree of randomness in selecting from what it considers 
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Figure 6.7 A: The actual and predicted temperatures when the radius of the scan
ning pattern was maintained at 1.5 cm. 



10 

Predicted VS. Actual Temperatures with Control 

.................. .... 
Sensor 2 

Sensor3 ....................................... . . . . 

Sensor 4 

Sensor 1 ......................................... 

• Preficted Temperalure 

• True Temperalure 

20 30 40 50 60 

lime (ninules) 

128 

Figure 6.7B: The actual and predicted temperatures when the radius of the scan
ning pattern was maintained at 2.0 cm. 
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Figure 6.7C: The actual and predicted temperatures when the radius of the scan
ning pattern was initially 2.0 cm but changed to 1.0 cm after thirty minutes. 
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Figure 6.8: Sensor temperature control with and without predictive capabilities. 
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reasonable scanning radii. The algorithm in the first strategy changes the system's 

radius to 1.5, 1.25 or 1.0 if sensor 3 is more than 2.00 hotter than sensor 2. It 

changes the system's radius to 2.0, 1.75, or 1.5 cm if sensor 2 is more than 2.00 

hotter than sensor 3. When the sensor temperatures indicate that a change in the 

scanning pattern is needed, the system randomly selects one radius from the three 

permissible radii. The probability in this random selection is weighted so that a 

radius of 1.5 cm will be selected 20% of the time and each of the two other possible 

radii will be selected 40% of the time. 

The second control strategy incorporates predictive capabilities. Using the 

neural network predictive capabilities, the control strategy looks at five possible 

scanning pattern radii: 1.0, 1.25, 1.5, 1.75, and 2.0 cm. Every minute during 

treatment, the temperature distribution is predicted using these five radii. With 

equation 6.5, a performance value is assigned to each radii based on the predicted 

error that will result from their implementation over the next n - no minutes. The 

performance horizon n - no, depends on the particular time during the course of 

the treatment. During the first five minutes of a treatment, temperature changes 

occur rapidly and, correspondingly, a horizon of n - no = 1 minute is used. From 

5 to 10 minutes into a treatment, a horizon of n - no = 3 minutes is used and, 

after 10 minutes into a treatment, a horizon of n - no = 5 minutes is used. 

Using equation 6.5 as a measure for treatment success, the anticipatory control 

strategy completely eliminates all error from the treatment process after 11 min

utes. The reactionary control strategy, however, never eliminates the treatment 

errors and even after fifty minutes, the error is as high as 1.8 for a performance 

horizon of a single minute. 

The results in Figure 6.8 are not intended to indicate that algorithms with

out predictive capabilities cannot do better than the reactionary strategy that we 

selected. The incorporation of randomness into the selection of the radii in the re-
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actionary strategy introduced an intentional element of uncertainty and often, the 

selected radius may not have been the best possible selection. Figure 6.8, however, 

does demonstrate some of the possible pitfalls of algorithms that base decisions 

solely on current information. The figure also demonstrates that the incorporation 

of predictive capabilities can provide a very effective controller for a hyperthermia 

treatment. 

6.5 Discussion 

Two major results have emerged from this experiment. The first result is the 

ability of a system of neural networks to accurately predict future temperatures for 

a variety of scanning patterns and heating values. The fact that at any point in a 

treatment, we have the capacity to predict the future temperature distribution for a 

variety of scanning patterns is a valuable tool in controlling the tissue temperature 

behavior. The second result is that using the established predictive capabilities we 

have established the ability of an anticipatory control strategy to achieve a desired 

temperature distribution. 

Relative to the first result, if the scanning radius is ineffective at producing 

an acceptable temperature distribution, then the predicted temperatures will be 

inaccurate but they will capture the general nature of the error. When the tem

perature distribution that a scanning radius provides is far too low for therapy, 

the error in the system predictions are as high as 0.5°C. When the temperature 

distribution that a scanning radius provides is far too high for therapy, the error 

in the system predictions are as high as 1.5°C. 

The predictive system was trained primarily to predict whether future temper

atures were effective. The five radius adjustment strategies used to gather training 

data in this experiment were designed to provide a good sampling of tempera

tures that are likely to occur in treatment. When a scanning pattern leads to 
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poor results, little training effort was expended to guarantee the accuracy of the 

predictions for an unacceptable scanning radius. We wished to guarantee that the 

system recognized that the scanning pattern was a very poor selection and did not 

train the neural networks to be precise beyond the verification of its infeasibility. 

The performance of our predictive strategy is a result of our training proce

dure. When training the neural networks, we decided to concentrate our efforts on 

obtaining a high degree of accuracy for viable scanning patterns and only sought 

enough accuracy for poor scanning patterns to readily discard them. Hence, the 

predictive strategy will quickly discard the ineffective scanning options (although 

the degree of their inappropriateness will not be precise), and will provide accu

rate predictions for more viable scanning patterns. We, therefore, have both the 

ability to discard poor scanning pattern selections and to select the best scanning 

pattern from reasonable scanning pattern options based on precise predictions of 

their future performance. 

There is no theoretical reason why we could not achieve precise accuracy with 

ineffective temperature distributions as well. However, the training process would 

be considerably more difficult if we expanded our training set to concentrate on 

all possible temperature distributions rather than concentrating on effective ones 

and obtaining general patterns for unlikely temperature distributions. Since there 

is no indication that this broadened accuracy will improve the performance of our 

controller, we chose the simpler and less time consuming training process. 

The second result of our study is the ability of a predictive control system 

using neural networks to achieve a therapeutic temperature distribution. Using a 

PI controller to select the external power magnitude and a neural network based 

predictive system to select the scanning pattern radius, we were able to rapidly 

achieve a therapeutic temperature distribution and maintain it for the duration of 

the treatment. 
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Using a radius control algorithm which selected the scanning pattern radius 

solely on the basis of the present sensor temperatures, we were unable to achieve a 

transient temperature distribution that would smoothly settle into a steady state. 

The reason for this inability was the constant reaction to the present temperature 

values and the inability to see beyond momentary dips anci . :des in the temperature 

values. Predictive capabilities were able to bypass momentary phenomena and, 

correspondingly, provide a treatment which was not only much more therapeutic 

but also considerably smoother. 

The error function, J, provided in equation 6.5, added up the absolute value 

of the errors associated with each sensor. While this was perfectly adequate for 

an assessment of performance criterion, we may wish to consider an error term 

measuring the square of the errors associated with each sensor. This may offer the 

advantage of encouraging more uniform error levels at all the sensors. 

6.6 Conclusion 

This chapter was the culmination of the numerically based studies presented 

in Chapters 4 and 5. Chapter 4 presented a study on using neural networks to 

identify and estimate hyperthermia parameters. Chapter 5 indicated that the 

parameter estimation abilities shown in Chapter 4 could be used to predict the 

transient temperature behavior of tissue samples during a hyperthermia treatment. 

This chapter continued by incorporating these predictive capabilit.ies into a control 

strategy. 

By combining a PI controller with a radius adjustment algorithm that incorpo

rates predictive capabilities we have shown that predictive capabilities can provide 

an effective means of achieving and maintaining therapeutic temperature distribu

tions in a hyperthermia treatment. Upon comparing reactionary and anticipatory 

controllers, we found that the ability to predict temperatures can enhance con-
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troller capabilities and provide a smooth and therapeutic treatment. 

The next step is to determine whether the predictive system can continue to 

function well with more complex tissue samples and, in particular, function well 

during clinical trials. If the predictive system can continue to perform well in the 

clinical setting, neural networks have the potential to provide an effective predictive 

control system in clinical hyperthermia treatments. 
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Chapter 7 Conclusion 

This dissertation concentrates on three major aspects of a hyperthermia treat

ment. These three aspects are the identification of unknown tissue parameters, the 

prediction of tissue temperature behavior, and the control of tissue temperature 

behavior during a hyperthermia treatment of cancer. 

Chapter 4 examines the ability of neural networks to estimate the tissue per

fusion values and the minimum temperature in numerically calculated (Pennes, 

Bioheat Transfer Equation) steady state hyperthermia temperature fields. These 

estimates are based on a limited number of measured temperatures within this 

field. A hierarchical system of neural networks is shown to be capable of esti

mating these variables within a selected error tolerance. This hierarchical system 

consists of a first layer of pattern recognizing neural networks and a second layer 

of parameter estimating neural networks. The results indicate that estimating the 

minimum tumor temperature directly with the system of neural networks may be 

more effective than using the indirect method of numerically recreating a tem

perature field with perfusion estimates and then obtaining the minimum tumor 

temperature from this recreated temperature field. Additional results indicate 

that if the locations of the measured temperatures within the temperature field 

are selected effectively, the hierarchical system of neural networks can tolerate a 

moderate level of model mismatch. This model mismatch can come from errors 

in modeling the tumor boundaries, the sensor locations, or the magnitude of the 

power deposition. Chapter 4 was not intended to assess or demonstrate clinical ap

plicability of using this identification technique. Instead, the research in Chapter 

4 was seen as a first step in investigating the feasibility of using neural networks 

for parameter estimation related to hyperthermia studies. 

Chapter 5 examines the feasibility of using a system of neural networks to esti-
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mate the Laplacian values at the sensor locations in a tissue sample from measured 

temperatures. By combining these neural network estimates with the measured 

data, numerical values for the terms associated with conduction, advection, and 

external heat can be obtained at the sensor locations. These thermal terms can 

then be used in a model of the tissue to predict future temperatures. Using only 

measured data collected early in the treatment, we showed that recursive appli

cation of this estimation process can provide accurate long range predictions of 

the temperature behavior at the sensor locations of a tissue sample. This sys

tem was also found to be robust with respect to white noise in both the sensor 

measurements and in the amount of heat delivered to the sensor locations. 

Chapter 6 examines the effectiveness of using the predictive scheme demon

strated in Chapter 5 when it is incorporated into a predictive control system. We 

show that, with some realistic constraints, a predictive control system can achieve 

a therapeutic temperature distribution. 

There are two aspects of this research that we feel are new. The first aspect 

is reducing the dimensionality of a tissue model by concentrating on the model at 

its sensor locations. By limiting the estimates and the predictions to a few sensor 

locations, we remove the vast majority of the nodes in a tissue sample from the 

modeling and the predictive methods. In this manner, we can greatly increase the 

speed of the prediction process to the point where the speed is quick enough to 

use during a clinical hyperthermia treatment. 

The second aspect of our research that we feel is new is the application of neural 

networks as a means of estimating individual components of partial differential 

equations. The only shortcoming of this technique was that we relied on modeling 

to obtain the data with which we trained our neural networks. Ideally, we would 

like to be able to obtain data directly from the actual system, e.g., the patient, 

with which to train our neural networks. 
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It may be possible to obtain data directly from a patient with which to train 

the neural networks. In our analysis, we assumed the bioheat transfer equation 

governed the behavior of a tissue sample. The bioheat transfer equation has four 

basic components: (i) the change in temperature with respect to time, ~~ j (ii) the 

contribution of conduction, the main component being the Laplacian, ,\PTj (iii) 

the contribution of advection, W cb(T - Tar)j and (iv) the contribution from the 

external heating device, Q. 

The change in temperature with respect to time, ~~, can be calculated from 

measured values at the sensor locations. As we explained in Chapters 5 and 6, 

since the contributions of advection and conduction are negligible initially because 

there are no temperature gradients, the contribution from the external heating 

device, Q, can easily be calculated by b.pep ~~ ~ b.Q. 

If we can maintain a uniform heat distribution in the vicinity of a given sensor, 

there is no contribution from conduction. Correspondingly, the perfusion values, 

W, could be calculated by 

W= pCp~ +Q. 
cb(T - Tar) 

If we have the option of conducting an information gathering heating session 

with the patient before the treatment session, we may have a means of gathering 

the data we need to train the neural networks. With the estimates for Wand Q 

we obtained from the methods described above, we can compute '\j2T by rewriting 

the bioheat transfer equation as 

During this pre-treatment data gathering heating session, we can use estimates 

for the parameters Wand Q, we can observe the measured temperature values, T, 

at the sensor locations, and we can calculate directly from observations the change 

in temperature with respect to time, ~~, at the sensor locations. Hence, we have 
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all the information we need to compute ,PT at the sensor locations during the 

pre-treatment heating session. 

With observed temperature values at the sensor locations and the calculations 

for the corresponding Laplacian values at these sensor locations, we can gather 

the temperatures and the corresponding Laplacian values throughout this pre

treatment heating session. Since this information is all we need to train our neural 

networks, we would, thus, have the ability to carry out all the methods presented 

in Chapters 4 and 5 without ever having to model a tissue sample. 

Whether the above method is feasible for hyperthermia treatment or not, the 

above scenario illustrates that this methodology may allow us to completely by

pass complete system models when applying the neural network based methods to 

applications related to partial differential equations. 

These studies have shown that neural network based systems can be a versatile 

and powerful tool for applications involving partial differential equations. As of 

yet, however, these applications have only been explored through numerical sim

ulations. Hence, there is still a great deal of work before these methods can be 

actively applied to either hyperthermia treatments of cancer or other applications 

associated with partial differential equations. A t this point in time, we see two 

major directions of research in hyperthermia that have been opened up by these 

studies. 

The first direction involves further studies of neural network based systems 

in hyperthermia. In particular, the application of these systems to more complex 

tissue models. The first step in this direction would be to expand our tissue models 

to three dimensions and to incorporate a greater number of perfusion zones. Should 

the neural network based systems prove effective with these more complex tissue 

models, we hope to test these methods with living tissue. 

A further application of these methods in hyperthermia research might be to 
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incorporate different governing partial differential equations into our systems. For 

example, applications of the methods outlined in this dissertation to the partial 

differential equation 
aT .... 

PCp8i = k\72T - W· \7T + Q 

would be worth studying. For this equation, p is the tissue density, (1000~), Cp is 

the tissue specific heat, (4000 kg;oG)' k is the tissue thermal conductivity, (0.5 m~G)' 

Q is the deposited power density from the external heating device C~), \7T is the 

direction and magnitude of the heat flow and Hi" is the direction and magnitude of 

the blood flow. This equation has the same conduction and external heat terms 

as the Bioheat Transfer Equation. However, the advection term does not rely on 

Pennes engineering approximation [30]. Instead, it uses accurate measurements of 

the blood and the heat flow at a given point to ascertain the magnitude of the 

advective heat flow. The methods presented in this dissertation may prove helpful 

in determining parameters associated with this equation. 

Finally, we would like to expand these techniques outside of hyperthermia ap

plications. We expect that there are partial differential equation based dynamical 

systems for which our term by term approach and our neural network based es

timators may be effectively applied. For example, by including a radiation term 

in the above equation, we have a very general model for heat transfer systems. If 

neural network based techniques can be successfully applied to such general sys

tems, then a large number of application areas outside of hyperthermia could be 

explored. 
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APPENDIX A Consistency of Estimation for 
Different Heating Magnitudes 

If a tissue sample is spatially discretized into a grid with n nodes and (T + 37) 

is substituted for T, a linear approximation to the Bioheat Transfer Equation can 

be used. 

a .... .... .... .... 
atT = klAT + k2WT + k3Q. 

A is a finite approximation matrix for the Laplacian, W is a diagonal matrix with 

the perfusion values of the n nodes as its elements, the ki'S are scalar constants, 

Q is a vector with the external heat introduced at the nodes as its elements, and 

T is a vector containing the n temperature nodes of the grid. 

By letting ~~' ~ ~r, with f:l.t = 1 second, the following values for T( t) can be 

obtained: 

T(O) = 0, 

T(1) = k3Q = L1Q, 

T(2) = (I + k1A + kzW))LIQ + k3Q = L2Q, 

In the above iterative development, I is the identity matrix, and Lk are linear 

matrices. All temperatures are linear functions of Q. Since the Laplacian estimates 

are linear functions of T ('V2T ~ AT), the Laplacian values are also linear functions 

of Q. Therefore, if T( k) = LkQ then aT( k) = LkaQ. Therefore, if neural networks 

are trained to estimate the Laplacian values for a given Q, the temperature and 
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the Laplacian values need only be scaled to apply the same system for a different 

magnitude of Q as long as that magnitude is constant throughout the treatment. 



143 

REFERENCES 

[1] M. W. Dewhirst, D. A. Sim, S. Sapareto, and W. Connor, "Importance of 

minimum tumor temperature in determining early and long-term responses of 

canine and feline tumors to heat," Cancer Research, vol. 44, pp. 43-50, 1984. 

[2] K. Leopold, M. Dewhirst, and T. Samulski, "Cumulative minutes with tso 

greater than tindex is predictive of response of superficial malignancies to hy

perthermia and radiation," International Journal of Radiation Oncology, Bi

ology, and Physics, vol. 25, pp. 841-847, 1993. 

[3] B. Singh, "Hyperthermia: an ancient science in india," International Journal 

of Hyperthermia, vol. 7, pp. 1-7, 1991. 

[4] H. Freundlich, K. Solner, and F. Rogowski [(lin Wochenscher, vol. 11, p. 1512, 

1932. 

[5] P. Lele and K. Parker, "Temperature distribution during local hyperthermia 

by stationary or steered beams or unfocussed of focussed ultrasound," British 

Journal of Cancer, vol. 45, pp. 108-121, 1982. 

[6] K. Hynynen, D. DeYoung, M. Kundrat, and E. Moros, "A scanned focussed 

ultrasound system for localized hyperthermia treatments," International Jour

nal of Hyperthermia, vol. 3, pp. 21-35, 1987. 

[7] D. Shimm, "Scanned focussed ultrasound hyperthermia: Initial clinical re

sults," International Journal of Radiation Oncology, Biology, and Physics, 

vol. 15, pp. 1203-1208, 1988. 

[8] P. Harari, K. Hynynen, R. Roemer, D. Anhalt, D. Shimm, B. Stea, and R. Cas

sady, "Scanned focussed ultrasound hyperthermia: Clinical response evalu

ation," International Journal of Radiation Oncology, Biology, and Physics, 

vol. 21, pp. 831-840, 1991. 



144 

[9] T. Samulski, P. Fessenden, E. Lee, D. Kapp, E. Tanabe, and A. McEuen, "Spi

ral microstrip hyperthermia applicators: Technical design and clinical perfor

mance," International Journal of Radiation Oncology, Biology, and Physics, 

vol. 12, pp. 49-57, 1992. 

[10] G. Ogilvie, S. Goss, C. Badger, and E. Burdette, "Performance of a multisector 

ultrasound hyperthermia applicator and control system: in vivo studies," 

International Journal of Hyperthermia, vol. 6, pp. 697-705, 1990. 

[11] M. Ibbini and C. Cain, "The concentric ring array for ultrasound hyperther

mia: Combined mechanical and electrical scanning," International Journal of 

Hyperthermia, vol. 6, pp. 401-419, 1990. 

[12] J. Doss, "Simulation of automatic temperature control in tissue hyperthermia 

calculations," Medical Physics, vol. 12, pp. 693-697, 1985. 

[13] B. Trembly, A. Wilson, M. Sullivan, A. Stein, T. Wong, and J. Strohbehn, 

"Control of the sar pattern with interstitial antenna driving phase," IEEE 

Transactions on Microwave Theory and Technology, vol. MTT-34, pp. 568-

571, 1986. 

[14] J. Lin, "Special issue on phased arrays for hyperthermia treatment of cancer," 

IEEE Transaction on Microwave Theory and Technology, vol. MTT-34, 1986. 

[15] J. Hand and J. James, Physical Techniques in Clinical Hyperthermia. John 

Wiley, New York, 1986. 

[16] J. V. D. Zee, W. V. Putten, A. V. D. Berg, G. V. Rhoon, J. W. Hooley, 

M. Broekmeyer-Reurink, and H. Reinhold, "Retrospective analysis of the re

sponse of tumors in patients treated with a combination of radiotherapy and 

hyperthermia," International Journal of Hyperthermia, vol. 2, pp. 337-349, 

1986. 



145 

[17] J. Oleson, D. Sim, and M. Manning, "Analysis of prognostic variables in 

hyperthermia treatment of 161 patients," International Journal of Radiation 

Oncology, Biology, and Physics, vol. 10, pp. 2231-2239, 1984. 

[18] C. Lindholm, 1. Andreasson, T. Knoos, T. Landberg, and O. Ljungberg, 

"Arterial rupture after microwave-induced hyperthermia and radiotherapy," 

International Journal of Hyperthermia, vol. 6, pp. 499-509, 1990. 

[19] B. Barlogie, P. Corry, E. Yip, L. Lippman, D. Johnston, K. Khalil, T. Tenczyn

ski, E. Reilly, R. Lawson, G. Dosik, B. Rigor, R. Hankenson, and E. Freireich, 

"Total-body hyperthermia with and without chemotherapy for advanced hu

man neoplasms," Gancer Research, vol. 39, pp. 1481-1489, 1979. 

[20] J. Larkin, W. Edwards, D. Smith, and P. Clark, "Systematic thermother

apy: Description of a method and physiologic tolerance in clinical subjects," 

Gancer, vol. 40, pp. 3155-3159, 1977. 

[21] R. Pettigrew, J. Galt, C. Ludgate, D. Horn, and A. Smith, "Circulatory and 

biochemical effects of whole body hyperthermia," British Journal of Surgery, 

vol. 61, pp. 727-730, 1974. 

[22] M. Gautherie, Thermal Dosimetry and Treatment Planning. Springer Verlag, 

New York, 1990. 

[23] S. Clegg and R. Roemer, "Reconstruction of three-dimensional temperature 

distributions," Fall Year Annual Research Report, Science at the John von 

Neumann National Supercomputer Center, 1989. 

[24] C. Liauh, S. Clegg, and R. Roemer, "Estimating three dimensional temper

ature fields during hyperthermia: Studies of the optimal regularization pa

rameter and time sampling period," Transactions of the ASME, Journal of 

Biomechanical Engineering, vol. 113, pp. 230-238, 1991. 



146 

[25] W. Lin, R. Roemer, and K. Hynynen, "Scan parameter optimization and a 

temperature controller for scanned focussed ultrasound hyperthermia," Med

ical Physics, vol. 17, pp. 61-78, 1990. 

[26] S. Nathanson, "A patient/therapist interactive feedback control system to 

regulate temperature and control pain in scanned focussed ultrasound hyper

thermia," Master's thesis, University of Arizona, 1992. 

[27] M. Knudsen and L. Heinzl, "Two point control of temperature profiles in 

tissue," International Journal of Hyperthermia, vol. 2, pp. 21-38, 1986. 

[28] R. Kress, Adaptive Model-following Control for Hyperthermia Treatment Sys

tems. PhD thesis, University of Arizona, 1988. 

[29] A. Hartov, Multiple Element Intraoperative Ultrasound Hyperthermia System. 

PhD thesis, Dartmouth University, 1991. 

[30] H. H. Pennes, "Analysis of tissue and arterial blood temperatures in the rest

ing human forearm," Applied Physiology, vol. I, pp. 93-122, 1948. 

[31] A. 1. Brown and S. M. Marco, Introduction to Heat Transfer. McGraw-Hill, 

New York, 1951. 

[32] M. Chen and K. Holmes, "Microvascular contributions in tissue heat transfer," 

Annals of the New York Academy of Science, vol. 335, pp. 137-150, 1980. 

[33] R. Gordon, R. Roemer, and S. Horvath, "A mathematical model of the hu

man temperature regulatory system - transient cold exposure response," IEEE 

Transactions on Biomedical Engineering, vol. BME-23, pp. 434-444, 1976. 

[34] K. Sekins, A. Emery, J. Lehmann, and J. MacDougall, "Determination of 

perfusion field during local hyperthermia with the aid of finite element thermal 

models," Journal of Biomechanical Engineering, vol. 104, pp. 272-279, 1982. 

[35] K. Sekins, J. Lehmann, P. Esselman, D. Dundore, A. Emery, B. deLateur, 



147 

and W. Nelp, "Muscle blood flow changes in respone to 915 diathermy with 

surface cooling as measured by xe133 clearance," Archives of Physical Medicine 

Rehabilitation, vol. 65, pp. 105-113, 1984. 

[36] J. Valvano, J. Allen, and H. Bowman, "The simultaneous measurement of 

thermal conductivity, thermal diffusivity, and perfusion in small volumes of 

tissue," Journal of Biomechanical Engineering, vol. 106, pp. 192-197, 1984. 

[37] W. Wulff, "The energy conservation equation for living tissue," IEEE Trans

actions on Biomedical Engineering, vol. BME-21, pp. 494-495, 1974. 

[38] R. Roemer, Biological, Clinical, and Physical Aspects of Hyperthermia, 

pp. 210-243. American Association of Physics in Medicine, N.Y., 1989. 

[39] A. K. Jain, Fundamentals of Digital Image Processing. Prentice Hall, Engle

wood Cliffs, New Jersey, 1989. 

[40] G. Strang, Linear Algebra and its Applications. Academic Press, New York, 

1976. 

[41] E. Isaacson and H. Keller, Analysis of Numerical Methods. John Wiley and 

Sons, New York, 1966. 

[42] T. Khanna, Foundations of Neural Networks. Addison-Wesley, Reading, Mas

sachussets, 1990. 

[43] Y. H. Pao, Adaptive Pattern Recognition and Neural Networks. Addison

Wesley, Reading, Massachussets., 1989. 

[44] P. H. Winston, Artificial Intelligence. Addison-Wesley, Reading, Mass., 1977. 

[45] 1. Zadeh, "The concept of a linguistic variable and its application to approxi

mate reasoning. parts 1 and 2," Information Sciences, vol. 8, pp. 199-249,301-

357, 1975. 



148 

[46] J. Hopfield, "Neurons with graded response have collective computational 

properties like those of two state neurons," Proceedings of the National 

Academy of Science, vol. 81, pp. 3088-3092, 1984. 

[47] P. Antognetti and V. Milutinovic, Neural Networks: Concepts, Applications, 

and Implementations. Prentice Hall, Englewood Cliffs, New Jersey, 1991. 

[48] D. E. Myers, Selection of a Radial Basis Function For Data Interpola

tion:Advances in computer methods for partial differential equations- VI : pro

ceedings of the sixth IMACS International Symposium on Computer Meth

ods for Partial Differential Equations, held at Lehigh University, Bethlehem, 

Pennsylvania, U.S.A., June 23-25,1987, pp. 553-558. 1987. 

[49] R. Hecht-Nielsen, "Kolmogorov's mapping and neural network existence theo

rem," Proceedings, IEEE 1988 International Conference on Neural Networks, 

pp. 11-14, 1988. 

[50] S. Kung and J. Hwang, "An algebraic projection analysis for optimal hidden 

units size and learning rates in backpropagation learning," Proceedings, IEEE 

1988 International Conference on Neural Networks, pp. 363-370, 1988. 

[51] R. Lippman, "An introduction to computing with neural nets," Physical Re

view Letters, vol. 18, pp. 2229-2232, 1988. 

[52] S. Grossberg, Studies of Mind and Brain: Neural Principles of Learning, Per

ception, Development, Cognition, and Motor Control. Reidel, Boston, Mas

sachussets, 1988. 

[53] F. Pineda, "Generalization of backpropagation to recurrent neural networks," 

Physical Review Letters, vol. 18, pp. 2229-2232, 1988. 

[54] S. Sudharsanan and M. Sundareshan, "Supervised training of dynamical neu

ral networks for associative memory design and identification of nonlinear 

maps," International Journal of Neural Systems, 1994, In Press. 



149 

[55] J. Potocki and H. Tharp, "Reduced order modeling for hyperthermia control," 

IEEE Transactions on Biomedical Engineering, vol. 39, pp. 1265-1273, 1992. 

[56] F. Chen, "Back-propagation neural networks for nonlinear self tuning adaptive 

control," IEEE Control Systems Magazine, vol. 4, pp. 43-50, 1990. 

[57] G. Dahlquist and A. Bjork, Numerical Methods. Prentice Hall, Englewood 

Cliffs, New Jersey, 1974. 

[58] R. Roemer, A. Fletcher, and T. Cetas, "Obtaining local sar and blood per

fusion data from temperature measurements: Steady state and transient 

techniques compared," International Journal of Radiation Oncology, vol. 11, 

pp. 1539-1552, 1985. 

[59] D. McGee, H. Tharp, and R. Roemer, "Feasibility of using neural networks 

to estimate the minimum tumor temperature and perfusion values," Interna

tional Journal of Hyperthermia, In Press. 

[60] G. Snedecor and W. Cochran, Statistical Methods. Iowa State University 

Press, Ames, Iowa, 1989. 

[61] G. Franklin, J. D. Powell, and A. Emami-Naeini, Feedback control of dynamic 

systems. Addison-Wesley, Reading, Mass., 1986. 




