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ABSTRACT

A new and modified neural network model is pro-
posed for CT image reconstruction from four pro-
jection directions only. The model uses the Re-
silient Back-Propagation (Rprop) algorithm, which
is derived from the original Back-Propagation, for
adaptation of its weights. In addition to the er-
ror in projection directions of the image being re-
constructed, the proposed network makes use of
errors in pixels between an image which passed
the median filter and the reconstructed one. Im-
proved reconstruction was obtained, and the pro-
posed method was found to be very effective in
CT image reconstruction when the given number
of projection directions is very limited.

1. INTRODUCTION

In computed tomography (CT) applications, some
projection data of an unknown multi-dimensional
distribution (target image) are assumed to be given.
Several techniques are known for reconstructing
the original image by manipulating the projection
data(Figure 1). When the number of projection di-
rections is limited to three or four, Genetic Algo-
rithms (GAs)[3], Algebraic Reconstruction Tech-
nique (ART), and Simulated Annealing have been
used for reconstruction to date.

Here, a neural network model is applied to gray
CT image reconstruction from only four projec-
tion data, and is based on the previously proposed
Back-Propagation (BP) Algorithm based method[2].
The new and modified neural network model uses
the Resilient Back-propagation (Rprop)[5] to mod-
ify the weights instead of BP. Rprop, which is de-
rived from BP, can find global minima faster than
BP and avoid local minima. In addition to Rprop,
the system adopts the median filter as another

teaching signal[4]. By using the filter, it can han-
dle clusters of pixels of an image.
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Figure 1: Reconstruction of an Image from Pro-
Jections

2. IMAGE RECONSTRUCTION
SYSTEM

2.1. Structure of the Network

The system for the reconstruction of the images
which we use is structured with three layers of
neurons, as is depicted in Figure 2. The number
of the neurons of the first layer is equal to the pro-
Jection data which we get from an original image.
The next layer is the hidden layer and has a same
number of the neurons as the pixels of an image.
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Figure 2: The Structure of the Network

The number of neurons of the output layer is the
same as that of the input layer. The output from
the output layer is the projection data from the
reconstructed image.

The connection weights between the first and

the second layer are denoted by wj;, which is adapted

through the Rprop learning process. The weights
between the second and the third layer are de-
noted by wg;, which are kept constant through the
learning process. The weights wy; are determined
by the method explained in section 2.2, and the
projection data can be computed from the second
layer, and entered to the third layer.

This system is based on the simple idea that
if the error between the projections of the original
image and of the reconstructed image is small, the
reconstructed image will be similar to the original
image. The input to the system is the projection
data of the original unknown image as an input to
the first layer.

2.2. Weight Initialization

The weights wy;, which connect the second and
the third layer, are used for computing the projec-
tion data of the reconstructed image as input to
the output layer. The method for initialization of
the weights is explained with Figure 3. Suppose
that 25(5x5) squares give one image, each square
representing one pixel. The image on the left is
before rotation and the one on the right is after
rotation. For 0 degree projection the coordinates
(4.0, 2.0) of the pixel marked do not change and
remain on the same point at 0 degree, and this
pixel will project the entire area (1.0) to the 4th
box under the image and this value is taken as a
weight for the 0 degree projection.

After the 45 degree rotation, the pixel (4.0,
2.0) moves to the coordinates (4.4, 3.0). This
pixel is projected into two separate boxes with
area ratio 0.6 and 0.4. That is to say, the pixel
on the coordinate (4,0,2.0) is related to the pixel
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Figure 3: The Initialization of the Weights

on R(45°,4), R(45°,5) (these representing the 4th
and the 5th projection data for 45 degree projec-
tion direction, respectively) with weights 0.6 and
0.4. Likewise, weights of all the pixels are deter-
mined and computed for all directions.

2.3. The Learning Method of the Network

The network is to renew the weights with Rprop.
Suppose that y; is the output of the ¢-th unit of
the input layer and wj; is the connection weight
between nodes ¢ and j, then the output y; of the
j-th unit in the hidden layer is given by

1
U Traplay) T
The output yi of the k-th unit in the output layer

becomes
Y = E YsMiy
7

and, the corresponding error function Ej is given
by

1
Ep = §(yk —di)?

and, the total error becomes
E=) E
k
Using the total error E, the weights wj; are re-

newed with the Rprop algorithm:
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Figure 4: The system with the median filter

Compute Gradient 3 (t)

For all weights and bxases{
lf(aE(t 1) * 2 (t)>0)then{

A,,(t) = mmlmum(A,,(t —1)*n%, Amas)

Aw;i(t) = — sign (g5 (1) * At )
wyi(t+1) = waz(t) + Awji(t)
pan(t=1) = 55 (1)

}

else if (g (t~1) * 35 (t) < 0) then {

J.(t) = maxxmum(A,,(t —1)*n7, Amin)

wﬁ(t 1) =0

else if (2 (t~1) * #2-(t) = 0) then {
Awji(t) = — sign (awj,- (&) * A(t)
wyi(t+ 1) = wyi(8) + Adwji(t)
8?5,- (t-1= a?qu-,- (®)

}

Until (converged)

2.4. Enhancement of the System

2.4.1. The Resilient Back-Propagation System
with Median Filter

The new network which is proposed here is ex-
plained with Figure 4. In this case, the network
adopts the Median filter.

In the older version of the system, only the pro-
jection data of the unknown image was used as a
teaching signal. This system has two teaching sig-
nals, not only for the output layer but also for the
hidden layer on which the reconstructed image ap-
pears. The reconstructed image passes the median
filter and the resultant image is used as a teach-
ing signal. The learning method with the median
filter is explained below. Suppose that y; is the
the j-th node in the hidden layer (a pixel of the
reconstructed image) and g; is a j-th pixel value of
the reconstructed image which passed the median

Table 1: Parameters

P 5.0

Ag 5.0e~3
Bom: Amas] | 105,506

[77_777-F] [0.5, 1.2]

B 5.0e~°

filter, and that the total error is given by:

1 )
Egmy; = 5u5 = 95

The sum of E(p,); is the error of the image:
E(m) = D Bim)j
J

and wj; is renewed as follows:

0Bm)
’LU'~~ = wjiiAji_ﬂ—aﬁ

1
= wj; Ay - ﬁﬁ(yj — 9;)yi

where the parameter § is a scaling constant.

2.4.2. Ezxamination of the parameter

We optimize the parameter empirically. Now, The
initial value of weight Wj; is determined by us-
ing the values of weight M. The magnification
M2W _Bias is an important parameter:

Wji(mit) = Mkj x M2W _Bias

First of all, the system makes about 100 trials. 1t
repeats again with changing the parameter value.
Thus an optimal value of the parameter is searched

The efficacy of the parameter is demonstrated
by experiments.

3. EXPERIMENTS AND THE RESULTS

We show reconstruction results for two images.
The number of the projections is four at angles
0°, 45°, 90°, and 135°.

Figures 5 and 6 show reconstruction results,
and the simulation was done with the parameter
values in Table 1. The proposed system recon-
structs the images satisfactorily despite the smaller
number of projection directions. The system with
optimized parameter brings about good results,
even without the median filter.
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Figure 5: Results(A)

4. CONCLUSIONS AND FUTURE
WORK

Effectiveness of the Resilient Backpropagation sys-
tem with/without median filter was demonstrated.

Performance of the Resilient Backpropagation could

be improved by optimizing the magnification pa-
rameter. Adopting a new algorithm for modifying

the

weight wj; and other type of filters are consid-

ered at present.
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