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ABSTRACT

In health, physics and nuclear medicine, numerous situations arise in

which it is required to model the transport of radionuchdes in biological

systems. Compartment models and Patlak graphical analysis methods have

been employed for quantification of these parameters. This thesis evaluates

the apphcation of artificial neural network models to identify model

parameters in such apphcations.

Neural network models were developed for predicting various model

parameters. A trial and error procedure was employed to obtain a suitable

number of hidden nodes and hidden layers to achieve appropriate network

structure for health physics and nuclear medicine apphcations. Computer

algorithms were written to generate training and testing data for these

network models. After the networks were trained, their performance was

evaluated on unseen patterns (not used in training) of synthetic data by

of results fi:om the artificial neural network models with those

obtained from traditional methods.

comparison

The neural network models trained with synthetic data were also tested

with experimental data obtained from Positron Emission Tomography (PET)
Tn addition, several neural network models were developed and trained

using different mathematical features of the synthetic data. Then, the

scans.
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performance of these network models were evaluated by testing with unseen

patterns (not used in training) of the synthetic data.

The results show that the network models predicted the model parameters

with more than 95% accuracy. Myocardial blood flow (MBF) estimated by

neural network models correlated well with MBF obtained by Patlak method

(correlation (r) = 0.97, slope = 1.0055). MBF obtained by neural network
models agreed well with MBF obtained by those specified by the
compartment models ( r = 0.98, slope = 1.01). Good agreement of the MBF
estimates from neural network models were also observed for data containing

small amounts of noise (r = 0.97, slope 1.0092).

Results from these studies demonstrate that neural network models are

rehable and suitable tools for identification and estimation of various

parameters in compartmental models. In addition, the neural network models
capture the nonlinear characteristics of data more efficiently and in less

complicated maimer than traditional techniques.
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CHAPTER 1

INTRODUCTION

1.1 Statement of the problem

In health physics and nuclear medicine, numerous situations arise in which

it is required to model the transport of radionuchdes in biological systems.

The internal exposure and movement of radionuchdes is monitored based on

the measurement of radionuchdes in the whole body, specific organs and

excreta. Biokinetic models that describe the behavior of material in the body

or in a specific organ are used to establish a relationship between the levels in

the body or organs, and they are used to estimate intake and the resulting

dose.

In nuclear medicine, imaging techniques are used to determine the

movement of activity in the organ, to identify the kinetics of metabolic

processes, and to verify transport properties in the myocardium. This data

also permits one to calculate activity as a function of time at a given location.

In this study, neural network models are developed for predicting model

parameters hke transfer rate constants, initial amounts of radioactive
materials, and other important diagnostic indicators. Although computer

algorithms for solving compartment models and parameter identification are

vahd, they are often less robust relative to noise and complexity than neural

1



networks. Neural network models can be developed to identify important

model parameters for which nonlinear minimization algorithms are
computationally inefficient.

Backpropagation neural networks are utilized to estimate the translocation

rates between compartments and to determine initial amounts of radioactive

material present in a specified compartment. A neural network model is also
employed to calculate regional myocardial blood flow in nuclear medicine
applications. The neural network models are developed and trained on
synthetic data obtained from the compartment model, and they are used to
predict model parameters for Positron Emission Tomography data.

1.2 Overview of the methodology

Neural networks are studied for parameter identification with training data

obtained from two, three and four-compartment models, and a computer

for solving general compartmental models was written to provideprogram

training and testing information. Simulations were run for times ranging from
several minutes to about thirty years. In some nuclear medicine applications.

effective half-life of radionuchdes in the body may be few minutes; however,

health physics applications, radioactivity may be in the body form some

many years.

Parametric values that determine model response were selected randomly

over specific ranges. Results from these simulations provide the training and



testing information for the neural network models. In this study. The
Neuralware Software package [1] was used to develop the neural network

models.

Several neural network models were developed and trained using different

mathematical features of the data. Synthetic data for estimating the regional

myocardial blood flow(RMBF) in two-compartment model was generated
jfrom the algorithm[2] shown in Appendix B. The networks were also tested

for perturbation and sensitivity by introducing noise in the system, and then
the network outputs were observed for possible changes in comparison with
the desired outputs.

1.3 Organization of the thesis

Chapter 2 describes the organization of artificial neural networks (ANN),
advantages over other data processing techniques, and it presents a historical
perspective. It also describes the topology of backpropagation neural
networks.

Chapter 3 describes the algorithm developed for solving compartmental

models for internal dosimetry apphcations. Evaluation of the exponential of a

squared matrix is also presented in this chapter.

Chapter 4 focuses on the development of a two-compartment model for a
typical human heart. It also describes the method of estimating the regional

3



myocardial blood flow (RMBF) using the compartment model, and it presents

analytical solution to the model for generating synthetic data for training

the artificial neural networks (ANN).

an

Chapter 5 is devoted to the development of neural network models for

parameter identification in compartment models employed in internal
dosimetry and nuclear medicine apphcations. It discusses the training
procedures and results obtained from the neural network models. It also

the results obtained from the neural network models with those

obtained from other methods.

compares

Conclusions and recommendations for future work are outlined in

Chapter 6.

4



CHAPTER!

NEURAL NETWORK TOPOLOGY

2.1 Introduction

The structure of an artificial neural network (ANN) is inspired by the

network of the brain and nervous system. Artificial neural networks (ANN)

computational systems formed by a number of nonlinear information
processing units that are highly interconnected and operate in parallel. They
do not require detailed programming to break a problem down into a form
suitable for parallel processing. Instead, neural networks are trained by

exposing them to specified data sets of information, which enables its self-
organizing and learning capabilities to produce the desired goal. Artificial
neural networks generally encompass a wide variety of applications. Notable

examples are pattern and speech recognition, data compression and signal
processing. ANN’s provide a suitable alternative to computing methods
which may not perform very well for complex nonlinear systems.

are

Neural networks differ from other data processing techniques with a high

connectivity between units and the distributed manner in which computation
is achieved. Each unit, known as a processing element (PE), is analogous to

biological neurons, capable of performing elementary mathematical
operations and nonlinear transformations. The PE’s operate in a massive

5



parallel distributed processing architecture. These processing elements are
arranged in layers, and they are connected by weights to resemble the
structure of neurons in the cerebral cortex portion of the brain, which is

illustrated in Figure 2.1 [ST

Figure 2.1 BiologicaiNeuron[ 3 ].

6



Neural network models attempt to mimic or emulate the very basic

functions of biological nervous systems. In designing a neural network, there

features of the neurode that must be selected. The connectionare many

strengths are simulated using a number called weight. A negative weight has
inhibitory effect and positive weight has a excitatory effect on the

information flowing between weights. This design has the ability to process

parallel since information flows continuously and

simultaneously. One notable advantage of neural networks is the speed of
computation. Another advantage is the robustness. Since there are many

nodes with only local connections and since the information is spread over a

large section of the system, damage to a few nodes need not impair overall

an

information in

performance of the system.

Perhaps the most important characteristic of neural networks is their
abihty to model processes and systems from actual data. The neural network
is supphed with data and then ‘framed” to mimic the input-output

relationships of the process or system. This is called the learning phase.

During this phase, the connection weights associated with each processing
elements (PE) are adjusted by a learning algorithm. The training time depends

the complexity of the apphcation, the network model and the training

algorithm. The next phase is the recall phase, where performance of the
network is examined and evaluated by presenting inputs of imseen patterns

(not used in the training) to the network. Several trials on both the network
structure and the amount of training time may be required to obtain a suitable

network for a given apphcation.

on
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Neural networks may also be used to interpolate and extrapolate effectively

from learned data, and more importantly, to model processes from actual

process data.

2.2 Historical perspective

The history of neural networks began forty eight years ago with the work

of a neurobiologist, Warren MccuUoch and a statistician, Walter Pitts, which
followed by Frank Rosenblatt, Minsky, Hebb, Widrow and others in the

1950’s and 1960’s[l]. In 1957, Rosenblatt’s perceptron sparked a great

amount of research interest in neural computing. However, research in

neurocomputing came virtuaUy to a halt in 1969 due to a paper by Minsky
and Papert that proved perceptrons cannot classify inputs that are visually
nonlocal. The funding agencies shifted their investment to other artificial
intelhgence areas, which started to a achieve significant successes.

was

Other researchers like Kohonen, Grossberg, Rumelhart, Specht, Hecht-

Nielsen and Hopfield continued their work in neural computing despite
Minsky and Paperts book[l]. With the developement of new theories and
algorithms and with the availabihty of faster and parallel hardware, neural
computing was reinvigorated. In 1982, with John Hopfield s enthusiasm and
clarity of the first paper presentation since the 1960’s prompted researchers
to become interested again in the fascinating field of neural computing. Also,
there was a realization that the solution of certain problems requires a

significant amount of computational power, and the recogmtion that

8



traditional sequential computing, however fast, was inadequate for the

solution of some problems.

2.3 Backpronagation neural network

Backpropagation is a systematic method for training multiple layer

artificial neural networks. A network is presented with a set of input vectors

together with the corresponding desired output patterns. At each step, the
algorithm compares the actual output with the desired output and calculates

the error. The error is then used to update the weights in the output layer in

the desired direction. The errors are then backpropagated to the hidden layers

update the remaining weights, hence the name backpropagation. The
training method quantifies the contribution from individual units to the global
error, and it adjusts weights between connected processing elements so that

the difference between the actual output and the desired output is minimized

in a least-squares sense.

to

Backpropagation networks operate either in autoassociative

heteroassociative mode depending upon the objective of the network. For an

autoassociative network, the input vector and the output vector are identical.

A heteroassociative network learns associations between different input and

output vector pairs. The basic backpropagation neural netw'ork (BPN)

algorithm is presented by Rumelhart and McClelland [3] and is discussed
here only briefly.

or

9



A typical backpropagation network has an input layer, an output layer and
atleast one hidden layer. The input layer acts as  a buffer or fanout for the

inputs to the system. It receives information (input vectors) and transmits the
information to the hidden layers through weighted connections. The hidden

layers are used by the network to develop its own internal representations of
the input patterns which represent the nonlinear characteristics  of the data.
Backpropagation trains the hidden layers by propagating the adjusted error
back through the network, layer by layer, adjusting the weight of each layer

The topology of the network is as shown in Figure 2.2.as It goes.

The input layer receives the input to the system and passes it to the first
hidden layer. The first hidden layer sums the weighted information fi:om the
input layer, modifies it using a logistic function (discussed later), and

the modified information forward to another hidden layer or to thepropagates

output layer. The processing at each hidden layer is sunilar, and the
information eventuaUy reaches the output layer where it is compared with the

vector of desired outputs.

In the output layer, the overall error is calculated. The error is the
difference between the ideal (desired) output and the actual output generated

by the network. This error is propagated back through the layers, and the
weights are adjusted at each layer. This training process is repeated for each
associated input/output pair until the error is reduced to a predefined level, or
for a specific number of iterations, according to the criteria for termination.

10
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Figure 2.2 Topology of Backpropagationnetwork
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During training, the information flows forward from the input layer to the
output layer, and the error is propagated backwards through the weights to
calculate the weight adjustments. Training involves the modification of the

weights until the error is minimized.

The logistic function acts as an automatic scaling factor and gain control.
Another name given to this function is transfer function, and it is referred to

by that name widely used in the hterature. The function provides small gain
for large signals to prevent saturation and high gain for small signals to
prevent attenuation. The logistic function used most commonly is the sigmoid
defined by.

1 1.1a> 0F(x) =
-ax ’

1 + e

is the shaping parameter. Inwhere x is the input to the function, and

theory, the algorithm only requires that the function be boimded and
everywhere differentiable. Values of F(x) range from zero for large negative
values of x to one for large positive values of x. Other logistic functions are

the hyperbolic tangent and the arc tangent where the values vary between -1
and 1 as X changes from a large negative value to  a large positive value.

In the fully connected backpropagation model, every processing element

in a layer is coimected to all neurons in the next higher layer with no lateral
connections. A BPN processing element calculates the scalar product of each

input vector and its corresponding coimection weights, it then filters this
product using the logistic function of Equation 1.1 as shown in Figure 2.3.

12



Figure 2.3 Artificial Neuron
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CHAPTER 3

COMPARTMENT MODEL

3.1 Introduction

Mathematical models are used to describe the physiological and

biochemical information of a process in terms of mathematical relationships

for various process variables. Once the modeling objective has been defined,
a compartmental representation of the system can be developed. The
compartments are denoted by labeled boxes linked together by arrows which
indicate the translocation pathways between compartments. A compartment is

defined as a space in which the tracer is distributed uniformly. The tracer

kinetics are usually described by a set of linear, first order, ordinary

differential equations. This is due to the fact that in many of the natural
processes, the tracer movement can be characterized by a single exponential
fimction of time which is sufficiently simple and accurate for many

applications.

3.2 Methodology

In solving any compartment model, the first step is to number all the
compartments fi-om 1 to n. This is schematically shown in Figure 3.1 for a
typical compartment model. The model to be solved can then be represented

14



entirely by a n x n rate matrix (if it is linear). Each element R(x, y) of the
matrix contains the rate constants for transfer from the xth to the yth

while reserving the diagonal elements R(x, x) for the initialcompartment,

amounts in each compartment x. Figure 3.2 illustrates the rate matrix
coiresponding to the compartment model in Figure 3.1.

The rate matrix contains a complete description of the model and its initial

conditions. Hence, an algorithm can be written which acts directly to give the
amount of activity for any compartment as a function of time for a given set of
model parameters.

Figure 3.1 A compartment model showing the
amount of activity in each of compartment, and
the transfer rate constants a, b, c, d between
compartments.

15



xl(0) ba

x2(0) c

d x3(0)

Figure 3.2 Rate matrix [R] corresponding to
the compartment model in Figure 3.1.

-(a+b) d

a -c

b -dc

Figure 3.3 Matrix [A] obtained from rate
matrix [R] of Figure 3.2 corresponding to
the compartment model in Figure 3.1.
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3.3 The algorithm

3.3.1 Solution to the model

The algorithm operates by first transforming the rate matrix [R] into a new

matrix [A] by replacing each diagonal element of [R] with the negative of the

sum of each of the row elements and then by taking its transpose[4]. This

helps one to solve the general system of differential equations describing the

model by using the matrix [A] directly. Consider the matrix [A] and the rate

matrix [R] having values axy and rxy respectively, then

= ryx for x;^y,Lxy

and

Sxx T Tyx — Kx •
y=l

Each diagonal element, axx, has a negative value of the total rate constant,

Kx, which equals the instantaneous firaction of the content of the xth
compartment removed per unit time by all the pathways other than the

radioactive decay. The diagonal elements axx of [A] are reduced by the decay

constant, X, to treat the radioactive decay at any instantaneous firactional rate.

The matrix [A], for a specific compartment model, is shown in Figure 3.3.

Once the matrix [A] is known, it can be used to solve the model. If the initial

amounts ix (0) in each compartment x are contained in a column vector i(0), it

is shown later in this section, that the amount in compartment x at any time t

is given by

17



3.1ix(t) = ef^l‘ix(0)

where e^^^ is the exponential of the matrix [A .

General equations have been obtained for the serial transformation by

radioactive decay of each member of a radioactive series as described by the

Bateman equation[5]. The simple general equation can be apphed to any

system obeying linear first order kinetics. Consider the serial transformation
by any linear first order process of each member in the series:

TCn /k (2,3)(1,2)
>. ..

/ ̂

^2
K

>... iV,
n

/

PnPi

where

Ni = quantity of the ith species present at a particular time,

ki = total removal constant for the ith species (i. e the instantaneous

firaction of the ith species destroyed per unit time by all linear first

order removal processes),

k(i^+i) = partial removal constant for the ith species (i.e the instantaneous
firaction of the ith species transformed per umt time to the (i+l)th

species), and related to the branching firaction,

18



Pi = constant independent rate of production of the ith species.

The differential equations for the instantaneous time rates of change in the
quantities of each member of the chain are:

dNi
= Pi-kiNi

dt

dN2= P2 + k(i^)Ni-k2N2
dt

dNi= Pi + k(i-i)N(i-i) - kiNi
dt

dN
= Pn + k(n-l,n)N(n-l)-knNi

dt

These equations may be solved by standard methods to obtain the quantity of
any member of the series.

3.3.2 Derivation of matrix solution for recvling models

In a compartmental model, the rate of change in the amount of material is
generally determined by two competing processes: the increase from

19



pathways entering and the decrease from pathways leaving the

compartment[4]. If the element of the rate matrix [R] has the numerical value

rxy, which represents the instantaneous fraction of the content of compartment
X translocated per unit time to compartment y, then the the system can be

described by a set of first-order differential equations which can be written as

NNdix 3.2for x^y- Sryxiy ix Xrxy
dt y=ly=l

where ix and iy are considered to be fimctions of time representing the
contents of compartments x and y respectively.

The matrix [A] can then be defined with elements given by

= Tyx, for X = 1 to N, y = 1 to N and X ̂ yaxy

N

-Srxy forx=ltoN.axx =
y=l

Substituting axy and axx into equation (2) the following relationship results.

Ndix 3.3- 2^axyiy •
dt y=l

If the N values of iy are considered as a column vector I, then the right-

hand side of this equation is equivalent to a matrix multiplication of [A] by I,

= [A][ can be solved by the rules of the matrix algebra to arrive atdl
then

dt

20



3.4I =

where I(o) is the column vector of initial amounts in each compartment.

3.3.3 Evaluation of the exponential

The exponential of a square matrix can be solved by various methods. The
approach shown below evaluates the exponential of [A] by the series
expansion of e^^l Maclaurin series is often used to express various
mathematical functions including the exponential function. It is defined for e’^

as

X  X^
^=1+ — + — + — +

1! 2! 3!k!

00 3.5
e"= Z

k=0

Similarly the exponential of a matrix A is

A  *
e^=

k!

3.6
1! 2! 3!k=0

This method is not often recommended since an accurate representation of

e^^’ requires a large number of terms in the series expansion. However, this
be remedied by using the following procedure:can

. Reduce all the elements of [A] by a factor of 2*^. Fast convergence can be
achieved by choosing n such that no element exceeds 0.2.

• Evaluate the reduced matrix [A]/2“ by series expansion.

21



• Multiply the reduced matrix by itself n times recursively. This, reduces the
number of multiphcation’s needed from I'" to n. That is.

3.7

A comparison of series expansion and modified series expansion method for
evaluating e^^^ is as shown in Table 3.1 [4 .

The right-hand columns of Table 3.1 give :

(a) the factors by which [A] is reduced (2“),

(b) the number of terms (k) required for convergence, and
(c) the total number of matrix multiphcation’s (n  + k - 2) needed to evaluate

e^^^‘ at various times for the above test model.

From Table 3.1 it can be seen that the modified series expansion method

requires fewer matrix multiphcation’s than the series expansion method and
hence is much faster for all values of t. The reduction factor 2 is proportional

to t, and the number of matrix multiphcation’s at large t is approximately
equal to n. Hence when t increases exponentially, the time taken to solve the
model by modified method increases linearly. Thus, e^^’, can be evaluated
rapidly for very large values of time t. In addition, the rounding errors are also
minimal.

22



Table 3.1 A comparison of the two methods for calculating exp[A]t [4].

Method

Series expansion Modified series expansion

Reduction No.

factor of
No. No. of matrix

multiplications

(n + k - 2)

Time No. of matrix

multiplicationso ft _  terms
(2 ) (k)terms

0.01 24 1 4.2

20.02 4 2 1 4

O.QS 46 1 64

0.1 46 64 1

0.2 5a 3 46

0.5 613 11 16 4

1 19 a17 IS 6

2 31 929 32 6

5 10 '62 560 128

10 97 1195 256

512

5

20 156 154 5 12

50 141024 6

100 152043 6

200 IS4096 8

500 176ai92

■ 1000

• 2000

5000

1816384

32763

131072

8

198

205
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3.4 Description of the algorithm

The following steps describe the algorithm used for solving the computer

model given in Section 3.2.

•  Initialization

o Number compartments in the model from 1 to n

o Enter number of compartments in the model

o Enter decay constant lambda

o Enter rate matrix elements Rxy

• Calculation of [A]

o Transpose axy (= ryx)

o Calculate the diagonals a

o Multiply [A] by t

XX

• Reduce [A

o Calculate the reduction factor (IZ)

o Reduce [A]

• Calculate exp [A]

24



o Series expansion of exp[A

o Test for convergence

• Compute Results

o Calculate ix (t) using the equation (1)

o Print results.
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CHAPTER 4

TWO-COMPARTMENT MODEL FOR THE HEART

4.1 Model development

The physiological and biochemical information about a process in a
biological system can be incorporated into a mathematical model to provide a
mathematical description of the process under study. A compartment model
consists of two or more compartments, interconnected by arrows to indicate

the exchange of materials between compartments. The compartment model
be approximately modeled by a collection of ordinary differential

equations. Each equation describes the time rate of change of amount of
material in a particular compartment.

can

In this chapter, a two-compartment model is employed to describe the
tracer dynamics of NH3 ammonia in the heart for estimating the regional
MBF(myocardial blood flow). One of these compartments represents the
trapped NH3 space and the other represents the freely diffusible NH3 volume.
The inputs for the model are radioactivity in the region of interest of the heart
muscle and radioactivity concentration in the blood. The radioactivity in the

region of interest in the heart is measured with PET(positron emission
tomography) as a function of time, and tbe radioactivity concentration in the
blood can be measured by analyzing samples, by using a blood pool in the
heart and by a scintillation probe.
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4.2 Estimation of myocardial blood flow from a two-compartment model

A two-compartment model shown in Figure 4.1 is used to describe the
tracer dynamics in the heart tissue. The model consists of vascular space
Qi(t) (counts/pixel/min) representing ^^N-ammonia activity in the freely
difiusible compartment and Qiit) (counts/pixel/min) representing the trapped
^^N-ammonia activity within the heart tissue. The activities in each

a function of time are Qi(t) and QiCt). The transfer ratecompartment as

constants between the two compartments are Ki(ml/min/g) and K2(ml/min/g).
The term Vi (ml/g) and V2 (ml/g) represents the distribution volume of free
^^N-ammonia in each compartment respectively. The arterial input fimction is
represented by Ca(t) and SPF is the spillover fraction of activity from blood to
myocardium.

The rate of radioactivity change in the freely diffusible compartment and in
the trapped compartment can be approximated by first order differential
equations as follows:

=-iSiil-Q (t)+^Q,(t) + F*c.(t). and
dt VV

4.1

2,

dQ,(t) Q/t) Q,(t)

where F is the mycordial blood flow (MBF) in ml/min/g.

.2’

4.2
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SPF

MBFMBF

VIQi
Ca(t)

K2Kl

V2Q2

Figure 4.1. A two-compartment model representing
the tracer dynamics in the myocardium [19].
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be detennined by solving theMyocardial blood flow (MBF) can

differential equations in the two-compartment model and by fitting to the
myocardial tissue time-activity curves. The total activity Q(t) is measured and

of the activity of freely diffusible ^^N-ammonia Qi(t), ^^N-is the sum

metabohtes in the trapped pool QiCt) and the product of spillover factor (SPF)

times the arterial blood radioactivity AB(t). In particular.

4.3Q(t) = Qi(t) + Q2(t) + SPF*AB(t).

In practice, Q(t) is obtained from a Positron Emission Tomography (PET)
. The relationship between Ki and F during the model fitting can bescanner

described as

4.4Ki=F[1.65e^^-^^^^-l].

This relationship can be derived by equating the extraction fraction (Em) from
the two-compartment model.

4.5K,
Em “ „ — >

Ki + F

Substituting for Ki in Equation 4.5, gives

4.6Em=l-0.607e(-^-^^^
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4.3 Estimatinn of Regional Myocardial Blood Flow using Patlak

Graphical Analysis

The Patlak graphical analysis method is used to estimate myocardial blood
flow since it is computationally straight forward and requires only linear

regression[6]. Integrating Equations 4.1 and 4.2, and assuming K2 to be
neghgible, results in

t
4.7jQ/t)dt+Fjc.(t)cit,

0
Q.W = - V

and

K>f 4.8Q,(t)dt.Q,(t) =
Vi

By substituting Qi(t) and QiCt) into equation 4.3, expressing the time integral
of Qi(t) in terms of Ca(t), and using the relationship that Qi(t) =
F* V(Ki+F)*Ca(t) at large t, one obtains the following Patlak equation:

^

c.(t) f+k;
j

AB(t)Q(t) 4.9 + SPF= K
c.(t)C.(^

Note that K is the slope of the straight portion of the Patlak plot, and is given
by

4.10Kl
K = F

f+ki
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By using Equations 4.5 and 4.6, Equation 4.10 can be expressed as.

4.11
K = F*En,.

Then

4.121.25/F
1-K = F[l-0.607e

Thus, myocardial blood flow (MBF) can be easily calculated, by assuming
that K2 = 0, and by estimating the slope, K, of the straight portion of the
Patlak plot which consists of Q(t)/Ca(t) (vertical (y) axis)

C.('c)d'c / c. (0 (horizontal (x) axis).

versus

4.4 Solution to the model for synthetic data generation

Synthetic data are generated by solving the differential equations of the
model to test its sensitivity for different parameters. The arterial input
function Ca(t), is assumed to be a gamma variate function, Ca(t) = ate
which ‘a’ varies from 0.1 to 0.6 and P is 0.1[7]. The following describes the
mathematical derivation of a two-compartment model which is taken from
reference [2]. Minor modifications to the model were implemented for this
apphcation. The model differential equations are.

-Pt ,•
m

dQ/t) . F + k. 4.13
Q,(t) + F*c.(t)

dt Vi
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4.14

dt VI

if Ki is assumed to be zero. Substituting Ca(t) = ate'*^^ Equation 4.13 becomes

dQ^ + (t) = Fat •
dt

4.15

VI

Substituting k = (F+ki)/vi, in the above Equation 4.15, one obtains

dQi(t)+ kQ 4.16^(t) = Fate'‘^‘-
dt

e‘^Qi(t) = le^Fate"*^'dt + Ci

Fa
tde(^-P) + Ci

(k-P)

1Fa 4.17[te(^-P^‘-
(k-P)(k-P)

FaFa 4.18-Pt_Qi(t) = te
(k-p)-- (k-P)

0 inThe constant Ci is obtained by using the initial condition Qi(0) -

Equation 4.18, hence
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Fa 4.19
Ci =

(k-pf

Substituting the value of Ci in the Equation 4.18, one obtains

11Fa 4.20-kt
[te-P‘- ]•Qi(t) = (k-P)^(k-P)(k-P)

Substituting C = ki/vi and integrating both sides of the Equation 4.13 results
m

Q2(t) = JCQi(t)dt + C2

11(_i(,e-Pt+ie-P‘) +
(k-p)^ p"' P
FaC e-^] + C2. 4.21

(k-P)k

The constant, C2 can be determined by using the initial condition, Q2(0) - 0,
and is given by the following equation.

1

(k-p)^ (k-P)P (k-P)k
4.22

C2 = -

Substituting the value of C2 in equation 4.21, gives
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111FaC 1 -kt
e-'‘-0^(0 = (k-p)k®(k-(3)pP(k-P)^ P 4.23

111
)]•

" 3^ (k-p)p (k-p)k

Tlien the synthetic data representing the activity of the PET scan region of
interest is given by

4.24Q(t) = Qi(t) + Q2(t) + SPF * Ca(t).
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CHAPTER 5

RESULTS AND DISCUSSION

5.1 Introduction

Artificial neural networks are applied as non-parametric models to

biological systems, whicb are traditionally represented as compartment
are developed to identifymodels. In this study, neural network models

parameters of two, three and four compartment models. The model
namely translocation rates, initial amount of radioactiveparameters are

materials and regional MBF.

Neural network models were trained with a backpropagation agorithm

using the Norm-cum rule and the hyperbohc tangent transfer function[l]. The
structure of backpropagation network model consists of an input layer, an

output layer and one or more hidden layers. Depending on the complexity of
the apphcation, it may require more than one hidden layer and numerous

hidden nodes. In this research, some neural network models were trained with

two hidden layers. A trial and error procedure is employed to obtain the
suitable number of hidden layers and hidden layer nodes to produce

satisfactory results for a given application.
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The neural network models were trained with simulated data obtained

from the algorithms developed in Chapter 3 and Chapter 4 for solving
compartment models. The backprop builder from Neuralworks Professional E
/ plus software package was used to build the neural network models.

5.2 Two-comoartment model

Several network models were developed and studied for a two-

compartment model. They are discussed in sections below.

5.2.1 Network based on synthetic data

The network for identifying the regional myocardial blood flow consisted

of 12 nodes in the input layer, 10 nodes in the first hidden layer and 6 nodes
in the second hidden layer. The output layer has only one node. The synthetic
data for training the network were obtained from the algorithm described in
Chapter 4. Approximately 150 patterns of data were presented. The training
process continued until the RMS error between the desired and predicted
output was reduced to 0.03. This required approximately 21,000 iteration
cycles. The network was then tested with 20 patterns of data different from
the ones used in training where the MBF was known. The results showed that
network was able to predict the regional MBF with more than 96% accuracy.

Of the 20 patterns that were used for testing, the model predicted 18 patterns
with an accuracy of 97%. The other 2 patterns were different from the desired

36



output only by 8% error. The results are shown in Figure 5.1. It can be

observed that it has a good correlation between both estimates.
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MBF (ml/min/g) Specified by the Model

Figure 5.1. Comparison of regional MBF estimated by neural network
model and that specified by the model. The regressional lines and
correlation coefBcients were y = -0.0206 + 1.0055x, r = 0.99.
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The network was then tested with 18 patterns of data obtained from

Positron Emission Tomography(PET) scans. The PET scan data are usually in

binary format. A computer program included in Appendix H[2] was used to

convert the binary data to readable format. The data were then normalized

prior to using it for training the network. The neural network predicted the

regional MBF with more than 96% accuracy. The results are shown in Figure

5.2. From the Figures 5.1 and 5.2, MBF estimated by the neural network

model correlates well with the measured blood flow values from two-

compartment model and the positron emission tomography scans. The linear

regression line demonstrates a strong relationship between both estimates.
1.2
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Figure 5.2. Comparison of regional MBF estimated by Patlak graphical
analysis method and neural network model for Positron Emission
Tomography data. The regressionai lines and correlation coefficients
were y = 0.01 + 0.977x, r = 0.96.
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5.2.2 Network based on noisv data

The performance of the model was also evaluated with noise contaminated

data since the data normally contains some level of measurement noise. This

accomphshed by adding 2% noise to the original testing patterns. The
generated by using a random number generator with  a Gaussion

distribution whose mean and variance are 0.0 and 1.0 respectively. The

following relationship was used to add the noise to the data.

was

noise was

Xn(t) = X(t)[l + an(t)]

where

Xa(t) = noisy data

X(t) = simulated data

n(t) = noise data

= noise percentage (fraction).a

Similar calculations were performed for 4% and 6% respectively. The

computer program for generating noise in the data is given in Appendix E and
the results are shown in Figure 5.3. A good correlation of regional MBF

estimates over a wide range can be observed with correlation r = 0.97. Thus,

conclude that the neural network models are not very sensitive to

5;Tnal1 percentage of noise present in the data.

one can
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Figure 5.3. Comparison of regional MBF without noise and with 2%,
4% and 6% noise in the data. The regressional lines and correlation
coefficients were y = 0.0178 + 1.0092x, r = 0.97.
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5.2.3 Network based on moments of data

Another network model was developed to identify the regional MBF by

training the neural network with moments about the mean of the data. The

algorithm to obtain moments of the data is included in Appendix C. The
network consisted of 5 nodes in the input layer,  3 nodes in the hidden layer

and one in the output layer. The training data consisting of moments were

presented to the network and trained until the error was reduced to 0.05. This
required 48,000 training iterations. The network was then tested with 20
patterns of data different from the ones used for training. The predicted
results were in the the error by approximately 12%. Figure 5.4 shows the

results of this study. It can be observed that the correlation of MBF was r =

0.98. An advantage of this approach is that it can be used for arbitrary length
times and scan methods since it is independent of time.scan

5.2.4 Network based on numerical integration of the data

Numerical integration is the process of calculating the value of a definite

integral f(x)dx from the tabulated values of f(x). This is done by using the
a

trapezoidal rule which is explained in Appendix G. A network model was
developed to identify regional MBF by training the network with the data
obtained by trapezoidal rule method. The reason for using this method was to
eliminate the time dependent factor in the input. The algorithm is included in
the Appendix F. The network model consisted of 11 nodes in the input

layer, 8 nodes in the first hidden layer and 6 nodes in the second hidden layer.
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Figure 5.4. Comparison of regional MBF estimated by moments about
the mean of the data and neural network model. The regressional lines
and correlation coefficents were y = -0.0119 + 1.0116x, r = 0.98.
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The output layer has one node. One hundred patterns of data were presented

to the network for training. The training was achieved after 35,000 iterations

with an error of 0.03. The network was examined with 25 unseen patterns of

data not used in the training. The results show that the predicted regional

MBF has an accuracy of 97%. The error was less than 3%. It can be seen

from Figure 5.5, that there is a good correlation between the neural network

model estimates and that obtained by trapezoidal rule method. The network

also tested by perturbing the test inputs. The results indicate that the

predicted output is not greatly affected by perturbation in the input patterns.

This is graphically shown in Figure 5.6.

was

5.2.5 Network based on Patlak Data

Neural network models were also developed to identify the regional MBF

by training the network with the data obtained from the Patlak graphical
analysis method. It is described in Chapter 4. The network model consisted of
10 nodes in the input layer, 8 nodes in the first hidden layer and 6 nodes in

the second hidden layer. The output layer had one node. Approximately 120

patterns of data were presented to the network for training. The training was
achieved after 40,000 iteration cycles with an error less than 4%. The

network was examined with 25 unseen patterns of data not used in the

training The results show that the predicted regional MBF has an accuracy of
than 96%. The slope of the linear regression line of the MBF estimates

obtained by the Neural network model and Patlak graphical analysis was
more
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about 1.0. Figure 5.7 shows excellent correlation of the MBF estimates

obtained by the Patlak graphical analysis and the Neural network model.
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Figure 5.5. Comparison of regional MBF estimated with data obtained
by trapezoidal rule method and neural network model. The regressional
lines and correlation coefficients were y = -0.0697 + 1.0284, r = 0.98.
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Figure 5.6. Comparison of regional MBF estimated by trapezoidal
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lines and correlation coefficients were y = -0.0644+1.0346x, r = 0.95.
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5.2.6 Discussion

Several techniques based on Artificial neural network methodology are

suitable for parameter identification in compartment models used in nuclear
medicine apphcations. This includes the development of several neural
network models to predict regional myocardial blood flow and other

parameters of importance.

The performance of the models was examined with unseen synthetic data,
data obtained from PET scans and noisy data. The network models predicted
regional MBF with less than 3% error. This study indicates that the Neural
network methodology is an efficient and accurate approach for quantifymg
regional myocardial blood flow. The excellent correlation of the MBF
estimates obtained by the Neural network model with Patlak graphical
analysis and the two-compartment model indicates that they can produce
good estimates of regional MBF. The results may be obtained with very Uttle

insensitive to small percentage of noisecomputational effort and results are

present in the data.

5.3 Three-comnartment model

A typical schematic diagram of the neural net model for a three-
compartment model is shown in Figure 5.8. It includes an output layer, input

used to construct two neurallayer and an hidden layer. This structure was
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network models, one for identifying the initial amount of material in each

compartment and the other for identifying the output after time t .

Output
Layer

Hidden

Layer

■i': Input
Layer

i-Is

Figure 5.8 Network model representing a three-compartment model
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5.3.1 Network for identifying initial amount of radioactive material

present in the compartments

The network for identifying the initial amount consisted of 7 nodes in the

input layer with one representing the time ‘t’, three for translocation rates

between compartments and three for specified amount of material after time

‘t’. The hidden layer consisted of 7 nodes. The output layer was composed of

3 nodes each representing the initial amount of material that was present in

each of the three compartments. Approximately 70 patterns of data were

presented to the network for training. The network was trained individually
until the mavirmim error for each pattern was reduced to 0.02. This required

40,000 training iteration cycle. The network was then tested with 20 patterns

of data different from the ones used in the training. The results indicated that

the predicted initial amount of material in each compartment has an accuracy

of more than 90%. As shown in Figure 5.9, initial amount of radioactive

material estimated by neural network model correlates well with those

obtained by compartment model method.

5.3.2 Network for identifying specified amounts of radioactive material

left in the compartments after time ‘t*

The network for identifying the specified amounts included 7 nodes m

input layer with one node representing the time t, three for translocation rates
and three for initial amount of material. The hidden layer was composed of 7

nodes. The output layer consisted of 3 nodes each representing the final
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of material that will be present after time ‘t’ in each of the

compartments. Approximately the same number of patterns were presented to

the network as in the previous case, until the maximum error reduced to 0.01.

Similar to the previous case, the number of training cycles was 40,000

iterations. The network was examined with unseen patterns, to evaluate its

performance. The predicted specified amount of material in each of the 3
compartments at time ‘t’ had an error less than 10%. As can be seen from
Figure 5.10, they have a correlation coefficient of r = 0.86.
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Figure 5.9. Comparison of initial amounts of radioactive material(Bq)
estimated by neural network model and that specified by the model.
The regression fit and correlation fit coefficients were y = 0.4276 +
0.8921x,r = 0.87.
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that specified by the model. The regression fit and correlation
coefficients were y = 0.377 + 0.8325x, r = 0.84.
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5.4 Four-compartment model

Figure 5.11 shows a typical neural network model analogous to a four-

compartment model employed in biological system. The model structure is

composed of 3 layers, namely input layer, output layer and a hidden layer.

This was used to construct two neural network models to identify various

parameters in the compartment model.

Hii Output
Layer

- r-;-- mi-

Hidden

Layer
'mi?

■X

Input
Layer

11 Nodes -

Figure 5.11 Network model representing a four-compartment
model.
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5.4.1 Network for identifying initial amount of radioactive material

present in the compartments

The network for identifying the initial amount consisted of 11 nodes in the

input layer with one node representing time ‘t’, six for translocation rates

between the compartments and four for specified amounts of material after

time ‘t’. The hidden layer included 10 nodes. The output layer consisted of 4

nodes each representing the initial amount of material that was present in each

of the 3 compartments. Approximately 85 patterns of data were presented to

the network for training. The network was then tested with 25 patterns of data

different firom the ones used in training. The network predicted the initial

amount of material in each of the compartment with more than 90% accuracy.

Figure 5.12 shows the linear regression fit to the data.

5.4.2 Network for identifying the specified amount of radioactive

material left in the compartments after time ‘t’

The network for identifying the specified amount consisted of 11 nodes in

the input layer with one node representing tune ‘t’, six for translocation rates

and four for initial amount of material. The hidden layer consisted of 10

nodes. The output layer consisted of 4 nodes each representing the final
of material that will be present after time t in each of the

compartments. About the same number of patterns were presented as in the
previous case until the maximum error was reduced to 0.01. Network was
trained for 44,000 iterations and tested with new patterns. The network

amoxmts
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predicted the final amount of material in each of the compartments with an

error less than 10%. The regression lines and correlation coefficients were y

= 0.4738 + 0.8299X, r = 0.86, as seen firom the Figure 5.13.
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Figure 5.12. Comparison of initial amounts of radioactive material
(Bq)in each compartments estimated by neural network model and that
specified by the model.The regressional lines and correlation
coefficients were y = 1.2384 + 0.8173x, r = 0.87.
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Figure 5.13. Comparison of specified amounts of radioactive material
(Bq) left in each compartment estimated by neural network model and
that specified by the model. The regression fit and correlation
coefficients were y = 0.4738 + 0.8299x, r = 0.86.
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5.4.3 Discussion

A methodology has been presented for identifying the model parameters

compartment model. Two different networks were developed for

identifying different model parameters, one for identifying the mitial amount

of material in each compartment and the other for predicting the specified

amount of material in each compartment. The network model was constructed

and tested for both three- compartment and four-compartment models.

m a

The study of these results show that network is able to identify the initial

amount of material in each compartment with a good accuracy. For the case

of identifying the final amount of material in each compartment, the predicted

values were different from the desired values with an error less than 10%.

This was due to the fact that the range of values in the input data field was

relatively high.

In conclusion, it can be said that the neural network models are able to

accurately identify various parameters of interest, in biological systems used

in internal dosimetry apphcations. On the whole, the important application of

the neural network is that it can be used to identify model parameters like the

initial amounts of material that was present in each compartment.
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CHAPTER 6

CONCLUSION AND RECOMMENDATIONS

A neural network methodology was employed in this research study to

develop non-parametric models, analogous to traditional compartment

models, for biological systems. The primary function of neural network

models was to identify parameters of the compartment models used in internal

dosimetry and nuclear medicine apphcations. These parameters include initial

amounts of radioactive material present in the compartments given the other

parameters of the compartment model, and translocation rate constants

between compartments.

To generate training and testing data for the ANN models, a computer

algorithm described in Chapter 3, was first developed to solve the

compartment models for dosimetry applications. The performance of the

models were then evaluated by comparing the results obtained from the ANN

models and with traditional compartment models. It was found that the

accuracy of ANN results were approximately 95% of those obtained firom

computer algorithm.

Similarly, two additional models were developed for parameter

identification in nuclear medicine applications. The networks were trained

with the synthetic data generated for the compartment model, described in
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Chapter 4 to estimate regional myocardial blood flow. Data obtained from

positron emission tomography (PET) scans were used to test the performance

of the ANN models. The results show that the error between the desired

output and those obtained from the models was less than 3%. It was also

found that the network models were insensitive to noise present in the data.

This indicates that the ANN models are able to perform better or atleast as

good as compartmental models for such apphcations.

From these findings, it can be said that the neural network methodology is

able to identify the parameters of compartment models with a good accuracy,

even with noise contaminated data. In addition, the neural network models

capture the nonlinear characteristics of data more efficiently and in a less

complicated manner than traditional techniques. Results from these studies

demonstrate that ANN models are rehable and suitable tools for identification

and estimation of various parameters in compartmental models employed in

biological systems.

can

As future work to this study, it would be interesting to examine the

apphcations of artificial neural network models for

1. Parameter identification in kinetic models describing the transport of

radionuchdes in the environment.

2. To generate parametric images of regional myocardial blood flow in a

two-compartment model used to describe tracer dynamics in the heart

tissue.
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PROGRAM TO RUN A COMPARTMENT MODEL

This program can be applied to all first order compartment models. It is
explained in detail in Chapter 3. When the program is executed, it asks for
initial and final time. The time is usually specified in days. The program then

the initial and final amounts of radioactive material in eachgives

compartment.

Program to solve a compartment modelc

impHcit real* 8 (a-h, o-z)

dimension r(50,50), a(50,50), sum(50,50). tenn(50,50), b(50,50)

xt(50), xo(50), q(50,100)

n = 4

lam = alog(2.0)/5.85e5

terr = le-10

r(l,l) = 20

r(l,2) = 4.85e-l

r(2,3) = 2.67e-2

r(3,2) = 2.95e-3

r(2,4) = 3.83e-2

r(3,4) = 2.92e-l

r(2,2) = 12
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r(3,3) = 10

r(4,4) = 0

print*, ‘Enter initial time’

read(*,*)ti

print*, ‘Enter the step size for the time’

read(*,*)step

print*, ‘Enter the final time’

read(*,*)tf

t = ti

17 d = lam*t

do i= l,n

do j = l,n

siim(ij) = 0.0

a(iJ) = rG,i)

enddo

enddo

do i = 1, n

a(i,i) = -lam

do34k=l,n

if (k eq i) then

goto 34

else

a(i,i) = a(i,i) - r(i,k)

endif
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continue34

enddo

do i= 1, n

xo(i) = r(i,i)

sum(i,i) = 1

term(i,i) = 1

enddo

amax = 0

do i= l,n

if (a(i,i).lt.amax) then

amax = a(i,i)

enddo

do iz = 0,10000

akl = 2**float(iz)

ak2 = -amax/akl

if(ak2.1t.0.2) then

goto 240

endif

enddo

240 continue

do i = l,n

do j = l,n
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a(ij) = a(i j)/akl

enddo

enddo

do 56 ir = 1,10000

do j = l,n

do i= 1,11

b(ij) = 0.0

do k= 1,11

b(ij) = b(ij) + term(i,k)*a(kj)

enddo

enddo

enddo

do i= l,n

do j = l,n

term (ij) = b(i j)/ir

siim(i J) = sum(ij) + term(ij)

enddo

enddo

do 31 i= l,n

do32j = l,n

if (siim(iJ).eq.O.O) then

goto 32
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endif

qw = tenn(ij)/sum(i j)

if (qw.gt.terr) then

goto 56

endif

enddo32

enddo31

goto 57

continue

print*, ‘Satisfactory convergence achieved’

56

57

do 23 id= 1, iz

do i= l,n

do j = l,n

a(ij) = 0.0

dok;= l,n

a(ij) = a(i j) + sum(i,k)*suni(kj)

enddo

enddo

enddo

do j = l,n

suni(ij) = a(ij)
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enddo

enddo

continue23

do i= l,n

xt(i) = 0.0

dok= 1^

xt(i) = xt(i) + suin(i,k)*xo(k)

enddo

enddo

Time’initial amountprint*, ‘Comp

print 125, ‘Comp, initial, amount, t’

format (io, f3.2, f3.9, f3.8, e8.2)125

sumx = 0

do i= 1, n

print*, i, xo(i), xt(i), t

sumxo= sumxo + xo(i)

enddo

suml = 0

do i = l,n

suml = suml + xt(i)

enddo
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if (d.gt.lOOO) then

resmn = 0

else

sumt = siiinxo*exp(-d)

resum = abs(siiml - siimt)/siimt

endif

t =t*step

if (t.gt.tf) goto 42

goto 17

42 stop

end
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PROGRAM FOR SYNTHETIC DATA GENERATION

This program generates synthetic data of PET scans for training the Neural

network models [19]. The algorithm is described in detail in Chapter 4.

dimension y(50)

This program generates positron emission tomography synthetic data

a for the following range of parameters

c

c

f; 0.1 to 6.0c

a: 0.1 to 0.3 (used 0.2 for the first test case)

b: 0.1 to 0.2 (used 0.14 for the first test case)

c

c

spf: 0.1 to 1.0c

tmax= 120.0

tdly = 0.20

npts =12

a = 0.45

b = 0.2

vl = 0.8

nfp = 60

spf =0.4
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icall = 1

f= 7.0/60.0

call qtot (f, a, b, spf, vl, tdly, c2scl, dt, tmax, npts, icaU, y)

^0.20

do 20 k= 1,60

f=f+0.15

p = f* (1 -0.607 * exp (-1.25/f))

spf=0.2

do 101=1,1c

do 10 1=1,1

spf = spf +0.1

b = 0.12

do 10 ni= 1,1

b = b + 0.15

icall = icall + 1

fin = f/60.0

call qtot(fin, a, b, spf, vl, tdly, c2scl, dt, tmax, npts, icall, y)

fscl = (alogl0(1.0+f))** 0.5

fscl = f/7.0

write (7,1000) (yG)J=l, npts)c
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write (7,1500) (yO), j = 1, npts), p

write(7,2000) fsclc

continue10

continue20

clOOO fonnat (' ',’('.12 (lx. elO-3))

fonnat (’ '.'(',12 (lx, elO.3), lx, elO.3,')')

c2000 fonnat (',2(lx, elO.3,)')')

1500

fonnat (' ',lx,el0.3,')')2000

Stop

end

subroutine

qtot(f, a, b, spf, vl, tdly, c2scl, dt, tmax, npts, icaU, y)

dimension y(l)

xl = (1.65*exp(1.25/(60.0*f))-1.0)*f

c = xl/vl

X = (f+xl)/vl

calculation of ql followsc

dt = tmax/npts

tstrt = dt/2.0
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do 100k= l,npts

tr = tstrt + (k - l)*dt

t = tr - tdly

y(k)=0.0

if (t.lt.0.0) then

go to 100

endif

cx = f*a/(x - b)

tl = t*exp(- b * t)

t2 = exp(- b * t)/(x - b)

t3 = exp(- X * t)/(x - b)

ql = cx* (tl -12 +13)

calculation of q2 followsc

cx = f * a * c/(x-b)

tl = (t * exp(- b * t) + exp(- b* t)/b)/b

t2 = exp(- b * t)/(b * (x - b))

t3 = exp(-x * t)/(x * (x - b))

c2 = - cx * (- 1.0/(b *♦ 2) + 1.0/(b ♦ (x - b)) - 1.0/(x * (x - b)))

if (icall. eq. l)then

c2scl= c2
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c2sclprint *, ' The value of c2scl is;

endif

q2 = cx * (t2 - tl -13) + c2

the following is for the input functionc

ca = a * t * exp(- b * t)

the measured output is given byc

y(k) = ql + q2 + spf* ca

y(k) = y(k)/c2scl

continue100

return

end
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PROGRAM TO CALCULATE MOMENTS ABOUT THE MEAN OF
THE DATA

real*8 q(20), qm(10), qb, sum, suml, t, tl

open (5, file = 'sum.dat', status = 'old')
open (6, file = 'out.dat', status = 'new')

t=10.0

tl = 120.0

sum = 0.0

suml = 0.0

dok= 1,120
read (5, *) ( qG)J = 1, 12)

doj = l, 12
sum = sum + qG)
enddo

qb = sum/G-1)
sum = 0.0

do i= 1, 6
do j = 1,12
suml = suml + ((1.0 - (qG)/fib))**i) * t
enddo

qm(i) = suml/tl
suml = 0.0

enddo

write (6, 10) (qm(i), i = 1, 5)
enddo

format (3x, 5(fl2.6))10

end
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PROGRAM TO ADD PERTURBATION TO THE DATA

real*8 q(20), qm(20)

open (5, file = 'nickl.dat', status = 'old')
open (7, file = 'nic.dat', status = 'new')

do k= 1,20
read (5, *) (qG)J = 1^)

do j = 1, 12
qmG) = qG) * 0.02 + qG)
enddo

write (7,10) (qni(i), i = 1,12)
enddo

10 format (2x, 12(fl 0.5))
end
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PROGRAM TO ADD NOISE IN THE DATA

real q(20), qmn(20), qm(20), sum, Ga, y, yl, percent

open (20, file = 'test.dat', status = 'old')
open (21, file = 'out.dat', status = 'new')

sum = 0.0

t=10.0

ii = 999999999

print*, 'Enter the amount of Noise Percent'
read *, percent

do k= 1,20
read (20, *) (qG), j = 12)

do j = 1,12
sum = sum + qG)
enddo

qm(i) = abs(sum * t)
sum = 0.0

y = ran(i)
Ga = sqrt(-2.0 * alog(y)) * cos(6.28318 * yl)
write (6, *) y, Ga
yl=y
qmn(i) = qm(i) * (1 + percent * Ga/100)
write (21,10) (qmn(i), i = 1,12)
enddo

10 format (2x, 12(fl0.5))
end
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PROGRAM TO NORMALIZE THE DATA

real*8 q(20), qm(10), qb, sum, suml

open (5, file = 'test.dat', status = 'old')
open (6, file = 'out.dat', status = 'new')

t=10.0

tl = 1.0

sum = 0.0

suml = 0.0

do k= 1,20
read (5, *) (qG),j = U 12)

do j = 1,12
sum = sum + qG)
enddo

qb = sum * t
sum = 0.0

do i= 1,12
doj = l, 12
suml = qG)/qb
enddo

qm(i) = abs(suml * tl)
suml =0.0
enddo

write (6, 10) (qm(i), i = 1, 12)
enddo

10 format (2x, 12(f8.5))
end
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Trapezoidal rule method:

Numerical integration is the process of calculating the value of definite

integral |f(x)dx firom the tabulated values of f(x). Suppose the values of y =

Yn respectively, thena + nh are yo, yi,f(x) tabulated for x = a, a + h.
b=a+nha+2ha+hb

ff(x)dx (A)Jf(x)dx= ff(x)dx+ Jf(x)dx+
a+(n-l)ha+haa

J f(x)dx = hj f (a + rh)dr where x = a + rh, dx = hdr.Now
0a

1 r(r-l)
A^yo+- ]dr= J[yo + i’Ayo +

2!
0

11
A^yo+- ]= [yo + 2^y°^

= h[yo + ̂(yi - Yo)l to the first order in A.

= |(yo-yi) approximately.
u

Similarly, J f(x)dx = -(yi + y2) nearly, and so on.
a+h ^

Finally,

32!

a+nh h 1
(f(x)dx = -(y._i+y„) nearly.

a+(ii-l)h ^

Substituting all these values in (A) we get
b 1

.+yn-i)]I f (x)dx = h[-(yo+yj + (yi + Vi+
a  ̂

which is known as the trapezoidal rule.
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PROGRAM TO READ BINARY DATA FILE AND CONVERT IT TO
ASCII READABLE FORMAT

This program reads the binary form of data, in the files specified and

converts it into ascii readable format. This program was employed for reading

the PET scan data which is usually in the binary form.

integer*! logx(400000), nl, nr

integer*! logx(200000),nl, nr

integer*! n_out(!0)

integer*! l_out(!0)

integer*! id!l, id!r, idc, id!x, id!y

integer imx(!0), isha(!0,!0), ishl(!0,!0), ishc(!0,!0)

dimension a_out(!0), dmx(!0), dvscl(!0)

character* 14 fii_out, fii_in, fii_scl, fii_ckx

write(*;(A\)')' Enter input file name'

read(*;(A14)')fii_in

write(*;(A\)7 Enter file name of scaling data'

read(*;(A14)')fii_scl

read(*;(A14)')fii_ckx

n shft=0
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write(*;(A\)')' Enter first and last row to print'

read(*,*)irl, ir2

wTite(*,'(A\)7 Enter first and last column to print'

read(*,*)icl, ic2

ip 1=1

ip2=12

open(unit = 1, file = fii_in, form = "binary)

read(l, end = 10)logx

10 continue

wTite(*;(A\)')' Enter output file name ’

read(*;(A14)') fii_out

open(unit = 2, file = fii_out, form = 'formatted')

open(unit = 3, file = fii_scl, form = formatted)

open(umt = 4, file = fii_ckx, form = 'formatted')

read(3, ♦)(dmx(k), k = 1,12)

write(4,1712)(dmx(k), k=l,12)

1712 fonnatC dmx(-) =',12(lx,el0.3))

call scl_fac(logx, imx, dmx, dvscl, isha, ishc, ish)
write(4,1714)(imx(k), k=l,12)

1714 formate imx(-) = ',12 (lx,i5))
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write(4,1716)(dvscl(k), k=l,12)

1716 formate dvscl(-) =',12(lx,el0.3))

npix = 20

ioff = 128*128

ioff=ioff*2c

npix = 20

iprt = 0

irx = irl

do 20 ir = irl, ir2

icx = icl

do 20 ic = id, ic2

c  ioff=(ir-l)*256 + ic*2-l

ixxf = (ir -1) * 128 + ic

ipx = ipl

do 15k = ipl,ip2

iprt = iprt + 1

isel = ixxf + (k -1) * ioff

il = isel + n_shft

nr = logx(il + 1)

92



nl = logx(il)

id21 = 0

id2r = 0

id21 = nl

id2r = nr

id2x = 0

id2x = isha(id21, 8)

idc = ior(ici2x, id2r)

ii_out(iprt) = idc

ii_out(iprt) = nl

_out(iprt) = float(nl) * 256.0/32768.0

id2y = ishl(id21, 8)

idc = ioer(id2x, id2r)

idc = 256 * nl + nr

idc = islic(nl, 8)

l_out(iprt) = idc

rprxt = £loat(idc)

a_out(iprt) = rprxt * dvxcl(k)

if(iprt.eq.l2)then

write(2,1400)(a_out(l),l“l5l2)

n
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loc = il-7

irx = ir

icx = 1C

ipx = k;

iprt = 0

endif

15 contmue

20 continue

1000 formate ',12(lx,I6))

1200 formate loc ',3i4,' = '8(lx,i6))

1100 formate')

1400 formate (',12(lx,ell.4);)',)

stop

end

subroutine scl_fac(logx, imx, dmx, dvscl, ishl, isha, ishc)

integer * 2 logx(l)

integer imx(l)

dimension dmx(l), dvscl(l)

ioff = 128 ¤ 128
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do 20 j = 1,12

iinxG)=0

do 10 k = l,ioff

loc = k + G-l)*ioff

ivx = logx(loc)

if (ivx. gt. inixG))tlieii

imxG) = ivx

endif

10 continue

20 continue

do 30 1=1,12

dvscl(l) = dmx(l) / float(imx(l))

30 continue

return

end
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