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

I . INTRODUCTION

Several models which translatethe human visual cortex
into neural model have been proposed[1]-[6]. Recently, the
model for the receptive field on the retinal-ganglioncell and
visual cortex cell have beenproposed[7]-[11]. A cell on the
visual cortex hasvisual field where respondsto slit singnals
with visual anglesvaried from

���
to � � . We call the visual

field asreceptive field. The receptive fields arerepresentedby
adjacentON and OFF regions filled, respectively, with plus
and minus signs,and they have the orientation selectivity to
makea responseof eight directions from

���
to ����� � per 	
� � .

More thanonehundredreceptive fields areoverlappingat the
samevisual field. An approachfor modelingreceptive field is
usingGaborfunction[12], [13]. Gaborfunction is definedby
a oscillatorwhich is a complex sinusoidal planewave of some
frequency and orientation within a Gaussianenvelope and
sine/cosinefunction,andthey wereextendedto two-dimension
by Daugman[13].

On the otherhand,TAM (TopographicAttentive Mapping)
network is a biologically-motivated neural network[6], [14],
[15]. TheTAM networkis composedof threelayerswherefea-
turelayerimitatestheretina,category layerimitatesthelateral
geniculatenucleusandin theclasslayer, theoutputis givenby
thenameof objectgrouping.In this paper, we formulateGabor
type input layer for TAM network. The biological motivation
for Gabor functions lies in their goodnessof fit to receptive
field in humanvisual system.Oneof the advantagesof using
Gabor filters is that they achieve optimal resolution in both
edgefilteringandorientationselectivity. By theadvantages,we
expect an approachof imageprocessingusingTAM network
is achieved. In the formulation of Gabortype input layer for
TAM network,eightorientationsaredetectedin thevisualfield
dependingon thefiltering sizeof Gaborfunctionsandthesize
of receptivefields.Thefeaturesin theinputlayeraredefinedas
the strengthof eightorientations. The strengthof orientations

is passedto thecategory layerof TAM networkandthe image
processingis achievedatover thecategory layer. We formulate
herefirst theGabortype input layer. The consistency between
GaborfunctionandTAM networkis next discussedandfinally
show theusefulnessof TAM networkthroughsomeexamples.

I I . GABOR FUNCTION

Gaborfunction is a model for realizing the receptive field
of visualcortex. Let ��� ��
 � 
��

and ��� ��
 � 
��
denote

axeson two-dimensionx andy, respectively. We call the size
of
�����

asfilter size.The generalform of two-dimensional
Gaborfunctions, � , is representedas follows;
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where,  is amplitude, �UTVBW�.T�NX� is the centercoordinateof
Gabor function, Y0B and YXN are the standarddeviations, and
@*B and @*N arethe frequencieson � and � , respectively. In the
caseof

R �S?AZ*= , the sineform is equalto the cosineform of
Gaborfunction.

Fig. 1. GaborFunction

An exampleof Gabor function is shown in Figure 1. The
filter’s sizein Figure1 is = �Q� = � . Givenan image,thegeneral
orientation of theimageis detectedby thecentercoordinateof
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Gaborfunction scanningsomereceptive fields corresponding
to the whole image. We call the scale of receptive field as
receptive field sizeanddenoteit as [ � [ .

I I I . FUZZY TAM NETWORK WITH GABOR TYPE

RECEPTIVE FIELDS

The structureof the TAM Network is shown in Figure
2. The Gabor filtering is explained in Figure 3. The Gabor
function is incorporatedinto the input layer of TAM network
to detectthe generalorientation of the given image.Feature
maps, @�\�] , aredefinedas the follows;

@*\U]^���_\�]0�U���������a`K���$�O=b�Cc*cCcedf�hgi���$�O=b�Cc*cCcej (2)

where, ` denotesthe featurenumberand d is the product of
the numberof receptive fieldsandeightorientations.The size
of receptive field is denotedjk�l[ � [ .
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Fig. 2. TAM Network

Whenfeaturemaps, @ \�] , arecalculated,theoutput signalto
thecategory layer, �(m , arecalculatedusingthenode’s weights,n m�\U] .
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where � mu\ are activities,
w

representsthe vigilanceparameter
and

{ mu\ are inhibitory weights.
The output prediction,  , is calculatedas follows:
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Fig. 3. GaborFiltering

where, � � arethe outputat eachnodeof outputlayer and ��m �
areweightedconnections.

Let  �� denotethe index of the “correct” supervisedoutput
class. If the network’s output prediction  is not similar
enoughto  �� , we do

w � w^J w '�������� 7 until either ���.� Z ��� �
�¡ 

or
w � w '�¢¤£ B 7 , where

�¥ 
is themaximalvigilancelevel.

Oncethe subjectof �¦�.� Z ��� � �¥ 
is satisfied,the feedback

signal �§�m is calculatedfor the learningstep.

� �m �
p
\<qts � mu\ � ¨� qts � �� � m ��

mª© qts
p
\rqts � m © \ � ¨� qts � �� � m © � (5)

� �� � � :6« ~ �� �­¬ � �� � � G¯®�°²±´³¶µ :�8 ± (6)

The learning parameters,n mu\�] � � m � � { mu\ , are obtainedas
follows:

· n mu\�] �
¸ �§�m �O�.¹»º s�¼ p �u��@ \U] ¹ n mu\�] �

� ¸ ¹�����º s�¼ p J¾½ m �´ºÀ¿ � � �L��� (7)

· � m � �
¸ �§�m � � �� ¹ �Xm � �¸ J¾½ m (8)

· { mu\�� { '�Á¶£¦��� 7m � �m �U��mu\Â¹ { mu\u� (9)· ½ m � ¸ � �m �O�.¹ ½ m � (10)

where, ¸ �´º and
{ '�Áª£¦��� 7m areparameters.

The algorithm of theTAM networkincluding learningsteps
andpruningstepsis representedas follows:

[Step1] The outputprediction,  , is calculated.
[Step 2] If  is not similar enoughto  Ã� , we do

w � w�J
w '<������� 7 . When

w
reachsthe maximal level, onenodeis added

to categories.
[Step3] If � � � Z � � � �¡ 

, thelearningstepstarts.Parameters,n mu\�] , �Xm � and
{ mu\ , areupdated.

[Step4] Until �Ä�.� Z ��� � �¡ 
, let the algorithm repeatfrom

step1 to step3.
[Step5] After learning,thepruningstepstarts.Thedatasetin
which @ � \ �¡Å^� �$�u=b�CcCc*ce�C[ is divided into learningdataand
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checkingdata. The information entropy, Æ �U`*� , is calculated
using the learningdata for featureselections,where Ç � is a
setof the dataof the class ~ .

Æ �U`*� � ¹
�

m.qts
È m

¨
� qts

�Qm �ÊÉ GÌË y �Qm � (11)

È m �
Í
� qts � mu\ ��

m.qts
Í
� qts � mu\ � (12)

� m � � �´Î�ÏÑÐÓÒ m � � � m �Í
� qts Ò m � � � m � (13)

Ò m � �
\ ÎÄÔ �

��mu\ � � ��mu\ � (14)

[Step6] The following featurè¯� is extractedasan important
featureandwe set ÕÑ�Q��}à`¦� � .

` � ��}2`*�������\ Æ �U`*� � (15)

[Step7] If thefollowingcondition is satisfiedfor checkingdata
at a category Ö , the link connectionsbetweenÖ and outputs
~Ì×�� ~Ø× � �$�u=b�Dc*cCc��ÚÙM�^~Ó×ÜÛ� ~ , are removed. Simultaneously,
the connectionsbetweenÖ and features̀%×ÝÛ¿ÞÕß� , are removed,
where à is a threshold.

� m � � à (16)

[Step 8] If the following condition is satisfiedfor checking
dataat the category Ö , the link connectionsbetweenÖ and ` ,
and ` × Û¿ÞÕ � , are removed, where

H
is a threshold.

�
[

Í

� qts Ò m �âá
H

(17)

[Step 9] If the following condition is satisfiedfor checking
data at  , the link connectionsbetween  and categories,
Ö�×��¾ÖÌ× � �$�u=b�Dc*cCc��Úã^�äÖ²×åÛ�æÖ , are removed, where ç is a
threshold.

è m � � �¦Î­éÂê Ò m � � � m ��
m.qts �¦Î­éÂê Ò m � � �Xm �

� ç (18)

[Step10] Whena category haslost connectionsto all outputs
or features,the category is removed. Any outputand feature
which has been disconnectedfrom all categories is also
removed.
[Step 11] Until all featuresare selectedat step 6, let the
algorithm repeatfrom step5 to step10.

Whenthealgorithm is terminated,theneuralnetworkwhose
needlessconnectionsand nodesare prunedis obtained.We
should notice that the algorithm is a kind of fuzzy tuning
methodssincethe dataprocedureis the sameasthat of fuzzy
logic. Thus,we canacquirefuzzy rulesfrom theTAM network
asa knowledgerepresentaion.

IV. EXAMPLES

In order to show the efficiency of the Gabor type input
layer, someexamplesare here illustrated.The alphabets,“A
and B”, are filled in the electronicpad correspondingto the
visual field. The size of the electronicpad is 16

�
16. The

training imagefor TAM networkis shown in Figure4 and5.
Theorientationsfor two alphabets,“A andB” arefirst detected
by Gaborfunction andtheirorientations arenext composedas
somedatasets.All datasetsarepiled ten timesaftershuffling
themandbe totally a datasetof thirty. The parametersof the
TAM networkaresetas follows:

j � [ � [ ëWgÂì ` ½ `�í � �²î �
�¡  � �²î ï ëWgÂìðÅ¶í*!u� � �²î �¸ � �ñî �������
��� � ëWgÂìóòõô*� � � ���ñî �
º � �²î ��� { '<Á¶£¦��� 7m � �²î � �
à � �²î ï H � �²î � �
ç � �²î � ã ����� � ö î
TIB � �ñî � T�N � �²î �
YzB � = î � = YbN � � î ïÂ÷
@*B � �ñî ��=�� @LN � �²î ��=��R � �

The image as the checkingdata is shown in Figure 6. The
results for the training image and the checking image are
shown in TableI. The correctratesof both the training image
(training data:TRD) and the checkingimage(checkingdata:
CHD) areshown by a combinationof the filter sizeof

��� �
andthereceptive field sizeof [ � [ . Thenumberof receptive
fieldsis dependingonthefilter sizeandthereceptivefield size.

Fig. 4. Training Imageof ‘A’ Fig. 5. Training Imageof ‘B’

Fig. 6. CheckingImage

In Table I, all correctratesfor the training dataare higher
than 98.3%.All correct ratesfor the checkingdataare over
75.0%. The bigger filter size is, the better the correct rate
is. The highestcorrect rate at eachfilter size is the caseof
the receptive field divided by 16

�
8. The division by 16�

8 means to divide the whole visual field by two receptive
fields with horizontal. We guessit is easierto recognizethe
differencebetween‘A’ and‘B’ thanthe virtical case. We also
guessthe numberof nodesin the category layer is averagely
two becausethe numberis dependingon 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
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TABLE I

CORRECT RATE AND CATEGORIES

Filter Size (F ø F): 4 ø 4
Numberof RF 1 2 2 4
RF Size (ùúø¡ù ) 16 ø 16 8 ø 16 16 ø 8 8 ø 8
Nodesof Category 2.1 2.4 2.2 2.0
Features 8 16 16 32
CorrectRateof TRD (%) 100.0 100.0 100.0 100.0
CorrectRateof CHD (%) 75.0 75.0 75.0 75.0

Filter Size (F ø F): 8 ø 8
Numberof RF 1 2 2 4
RF Size (ùúø¡ù ) 16 ø 16 8 ø 16 16 ø 8 8 ø 8
Nodesof Category 2.2 2.1 2.1 2.4
Features 8 16 16 32
CorrectRateof TRD (%) 100.0 100.0 100.0 98.3
CorrectRateof CHD (%) 92.5 77.5 95.0 75.0

Filter Size (F ø F): 16 ø 16
Numberof RF 1 2 2 4
RF Size (ùúø¡ù ) 16 ø 16 8 ø 16 16 ø 8 8 ø 8
Nodesof Category 2.4 2.3 2.2 2.3
Features 8 16 16 32
CorrectRateof TRD (%) 100.0 100.0 100.0 100.0
CorrectRateof CHD (%) 100.0 80.0 100.0 87.5

Fig. 7. Imageafter Filtering

angle of the left-upperside indicates
���

and be moving the
right sideoneby oneto be 	�� � , û ��� , ����� � , � ï���� , =�=�� � , = ÷���� ,
�0��� � , respectively. The goodedgeelementsaccording to the
orientation selectivity aredetected.

Fig. 8. Checking Imagefor Robustness

Finally, we discussthe robustnessof TAM networkgiven
the smaller alphabet‘A’ comparedwith the original image.
The checkingimagesfor robustnessis shown in Figure8. The
result is shown in TableII. The correctratein the caseof the
left-side is lower comparedwith Table I, but the correctrate
in the caseof the right-side is betterthanwe expected.That
meansthe TAM network is partly capableof robustness.All
resultsupportthe usefulnessof the TAM network with Gabor
type input layer.

V. CONCLUSIONS

We fromulated here the TAM network with the Gabor
type input layer andshowed theusefulnessthrough examples.

TABLE II

CORRECT RATE FOR ROBUSTNESS

Filter Size:16 ø 16 of the left-side
Number of RF 1 2 2 4
RF Size 16 ø 16 8 ø 16 16 ø 8 8 ø 8
Nodesof Category 2.2 2.0 2.6 2.1
Features 8 16 16 32
CorrectRateof CHD (%) 0.0 0.0 0.0 60.0

Filter Size:16 ø 16 of the right-side
Number of RF 1 2 2 4
RF Size 16 ø 16 8 ø 16 16 ø 8 8 ø 8
Nodesof Category 2.5 2.3 2.0 2.2
Features 8 16 16 32
CorrectRateof CHD (%) 100.0 100.0 100.0 100.0

However, we needmore experimentsanddiscussionin order
to find characteristicof the Gabortype input.
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