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Abstract— The TAM (Topographic Attentive Mapping) net-
work is a biologically-motivated neural network. Fuzzy rules are
acquired from the TAM network by the pruning algorithm. In
this paper, we formulate a new input layer using Gabor function
for TAM network to realize receptive field of human visual cortex.

I. INTRODUCTION

Several models which translate the human visual cortex
into neural model have been proposed[1]-[6]. Recently, the
model for the receptive field on the retinal-ganglion cell and
visual cortex cell have been proposed[7]-[11]. A cell on the
visual cortex has visual field where responds to slit singnals
with visual angles varied from 0° to 5°. We call the visual
field as receptive field. The receptive fields are represented by
adjacent ON and OFF regions filled, respectively, with plus
and minus signs, and they have the orientation selectivity to
make a response of eight directions from 0° to 315° per 45°.
More than one hundred receptive fields are overlapping at the
same visual field. An approach for modeling receptive field is
using Gabor function[12], [13]. Gabor function is defined by
a oscillator which is a complex sinusoidal plane wave of some
frequency and orientation within a Gaussian envelope and
sine/cosine function, and they were extended to two-dimension
by Daugman[13].

On the other hand, TAM (Topographic Attentive Mapping)
network is a biologically-motivated neural network[6], [14],
[15]. The TAM network is composed of three layers where fea-
ture layer imitates the retina, category layer imitates the lateral
geniculate nucleus and in the class layer, the output is given by
the name of object grouping. In this paper, we formulate Gabor
type input layer for TAM network. The biological motivation
for Gabor functions lies in their goodness of fit to receptive
field in human visual system. One of the advantages of using
Gabor filters is that they achieve optimal resolution in both
edge filtering and orientation selectivity. By the advantages, we
expect an approach of image processing using TAM network
is achieved. In the formulation of Gabor type input layer for
TAM network, eight orientations are detected in the visual field
depending on the filtering size of Gabor functions and the size
of receptive fields. The features in the input layer are defined as
the strength of eight orientations. The strength of orientations
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is passed to the category layer of TAM network and the image
processing is achieved at over the category layer. We formulate
here first the Gabor type input layer. The consistency between
Gabor function and TAM network is next discussed and finally
show the usefulness of TAM network through some examples.

I1. GABOR FUNCTION

Gabor function is a model for realizing the receptive field
of visual cortex. Let z, 0 <z < Fand y, 0 <y < F denote
axes on two-dimension x and y, respectively. We call the size
of F' x F as filter size. The general form of two-dimensional
Gabor functions, G, is represented as follows;
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where, (uz, /1y) is the center coordinate of Gabor function,
o, and o, are the standard deviations, and f, and f, are the
frequencies on z and y, respectively. In the case of ¢ = /2,
the sine form is equal to the cosine form of Gabor function.

Gabor Function

Fig. 1.

An example of Gabor function is shown in Figure 1. The
filter’s size in Figure 1 is 20 x 20. Given an image, the general
orientation of the image is detected by the center coordinate of

620



Gabor function scanning some receptive fields corresponding
to the whole image. We call the scale of receptive field as
receptive field size and denote it as R x R.

ITII. Fuzzy TAM NETWORK WITH GABOR TYPE
RECEPTIVE FIELDS

The structure of the TAM Network is shown in Figure
2. The Gabor filtering is explained in Figure 3. The Gabor
function is incorporated into the input layer of TAM network
to detect the general orientation of the given image. Feature
maps, fin, are defined as the follows;

.ﬁih: Als h:1127"'L (2)

where, ¢ denotes the feature number and M is the product of
the number of receptive fields and eight orientations. The size
of receptive field is denoted L = R X R.
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Fig. 2. TAM Network

When feature maps, f;, are calculated, the output signal to
the category layer, y;, are calculated using the node’s weights,
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where zj; are activities, p represents the vigilance parameter

and b;; are inhibitory weights.
The output prediction, K, is calculated as follows:

K = {k{ml?xzk}
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Fig. 3. Gabor Filtering

where, z;, are the output at each node of output layer and p
are weighted connections.

Let K™ denote the index of the “correct” supervised output
class. If the network’s output prediction K is not similar
enough to K*, we do p = p + p(tP) until either zg/2x >
OC or p > p{™a%) where OC is the maximal vigilance level.
Once the subject of zx«/zx > OC is satisfied, the feedback
signal y; is calculated for the learning step.
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The learning parameters, wjin, Pjk, bji, are obtained as
follows:
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where, o, A and b{"**) are parameters.

The algorithm of the TAM network including learning steps
and pruning steps is represented as follows:

[Step 1] The output prediction, K, is calculated.

[Step 2] If K is not similar enough to K*, we do p = p +
p*tP). When p reachs the maximal level, one node is added
to categories.

[Step 3] If zxe« /25 > OC, the leaming step starts. Parameters,
Wik, Pjk and bj;, are updated.

[Step 4] Until zx-/zx > OC, let the algorithm repeat from
step [ to step 3.

[Step 5] After learning, the pruning step starts. The data set in
which fs;, s = 1,2,---, R is divided into learning data and
checking data. The information entropy, H (i), is calculated
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using the learning data for feature selections, where i is a
set of the data of the class .
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(Step 6] The following feature ¢* is extracted as an important
feature and we set I* = {i*}.
i* = (il max H(D) 1s)
1
[Step 71 If the following condition is satisfied for checking data
at a category j, the link connections between j and outputs
K,k =1,2,---,U, k' # k, are removed. Simultaneously,
the connections between j and features i’ ¢ I*, are removed,
where 7 is a threshold.
Gijk =21 (16
[Step 8] If the following condition is satisfied for checking

data at the category 7, the link connections between j and i,
and i’ ¢ I*, are removed, where 8 is a threshold.
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[Step 9] If the following condition is satisfied for checking
data at K, the link connections between K and categories,
i, i = 1,2,---,N, j' # j, are removed, where £ is a
threshold.

an

D selg Yis X DiK
N
Zj:l ZSEI‘K Vis X PiK

2¢

ik = (18)

[Step 10] When a category has lost connections to all outputs
or features, the category is removed. Any output and feature
which has been disconnected from all categories is also
removed.

[Step 11] Until all features are selected at step 6, let the
algorithm repeat from step 5 to step 10.

When the algorithm is terminated, the neural network whose
needless connections and nodes are pruned is obtained. We
should notice that the algorithm is a kind of fuzzy tuning
methods since the data procedure is the same as that of fuzzy
logic. Thus, we can acquire fuzzy rules from the TAM network
as a knowledge representaion.
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IV. EXAMPLES

In order to show the efficiency of the Gabor type input
layer, some examples are here illustrated. The alphabets, “A
and B”, are filled in the electronic pad corresponding to the
visual field. The size of the electronic pad is 16 x 16. The
training image for TAM network is shown in Figure 4 and 5.
The orientations for two alphabets, “A and B” are first detected
by Gabor function and their orientations are next composed as
some data sets. All data sets are piled ten times after shuffling
them and be totally a data set of thirty. The parameters of the
TAM network are set as follows:

L = RxR rho init = 0.0
oCcC = 08 rtho step = 0.1
«a = 0.0000001 rho max = 100.0
A = 033 ) = 0.01
n = 08 9 = 0.03
€ = 05. Niet = 6.
te: = 0.0 ey = 0.0
o = 202 Oy = 1.87
f, = 0123 £y = 0.123
1) = 0

The image as the checking data is shown in Figure 6. The
results for the training image and the checking image are
shown in Table 1. The correct rates of both the training image
(training data: TRD) and the checking image (checking data:
CHD) are shown by a combination of the filter size of F' x F'
and the receptive field size of R x R. The number of receptive
fields is depending on the filter size and the receptive field size.

Fig. 4. Training Image of ‘A’ Fig. 5. Training Image of ‘B’

Fig. 6. Checking Image

In Table I, all correct rates for the training data are higher
than 98.3%. All correct rates for the checking data are over
75.0%. The bigger filter size is, the better the correct rate
is. The highest correct rate at each filter size is the case of
the receptive field divided by 16 x 8. The division by 16
x 8 means to divide the whole visual field by two receptive
fields with horizontal. We guess it is easier to recognize the
difference between ‘A’ and ‘B’ than the virtical case. We also
guess the pumber of nodes in the category layer is averagely
two because the number is depending on two alphabets, ‘A’
and ‘B’.

The orientation selectivity of the left side of images in
Figure 4 is shown in Figure 7. In Figure 7, the orientation



CORRECT RATE AND CATEGORIES

TABLE 1

Filter Size (F x F): 4 x 4

TABLE II
CORRECT RATE FOR ROBUSTNESS

""Number of RF 1 2 2 4 Filter Size: 16 x 16 of the left-side
RF Size (R x R) 16 x16 | 8x16 | 16x8 | 8x38 Number of RF 1 2 2 4
Nodes of Category 71 74 79 2.0 RF Size 16 x 16 | 8 x16 | 16 x8 | 8 x8
Features 3 16 16 37 Nodes of Category 2.2 2.0 2.6 2.1
Correct Rate of TRD (%) 100.0 100.0 100.0 100.0 Features 8 16 16 32
Correct Rate of CHD (%) 75.0 75.0 750 75.0 Correct Rate of CHD (%) 0.0 0.0 0.0 60.0
Filter Size (F x F): 8 x 8 Filter Size: 16 x 16 of the right-side
Number of RF i 2 2 3 Number of RF 1 2 2 4
RF Size (R X R) 16 Xx16 | 8x16 | 16x8 | 8 x 8 RF Size 16x16 [ 8x 16 [ 16 x8 | 8x 8
Nodes of Category 22 2.1 2.1 24 Nodes of Category 25 23 2.0 22
Features g 16 16 37 Features 8 16 16 32
Correct Rate of TRD (%) 100.0 100.0 100.0 083 Correct Rate of CHD (%) 100.0 100.0 100.0 100.0
Correct Rate of CHD (%) 92.5 77.5 95.0 75.0
Filter Size (F x F): 16 x 16
Number of RF 1 2 2 4
RF Size (R X R) 16 x 16 | 8 x 16 | 16 x 8 | 8 x 8
Nodes of Category 24 23 22 23 However, we need more experiments and discussion in order
Features 8 16 16 32 find ch .. f the Gab .
Correct Rate of TRD (%) || 1000 | 100.0 | 1000 | 1000 to find charactenstic of the Gabor type input. N
Correct Rate of CHD (%) 100.0 30.0 1000 87.5 This research is partially supported by the Ministry of

Fig. 7.

angle of the left-upper side indicates 0° and be moving the
right side one by one to be 45°, 90°, 135°, 180°, 225°, 270°,
415°, respectively. The good edge elements according to the
orientation selectivity are detected.

Image after Filtering

Fig. 8.

Finally, we discuss the robustness of TAM network given
the smaller alphabet ‘A’ compared with the original image.
The checking images for robustness is shown in Figure 8. The
result is shown in Table II. The correct rate in the case of the
left-side is lower compared with Table I, but the correct rate
in the case of the right-side is better than we expected. That
means the TAM network is partly capable of robustness. All
result support the usefulness of the TAM network with Gabor

t'pe input layer.

V. CONCLUSIONS

We fromulated here the TAM network with the Gabor
1 'pe input layer and showed the usefulness through examples.

Checking Image for Robustness
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