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Abstract— The TAM (Topographic Attentive Mapping) net-
work is a biologically-motivated neural network. Fuzzyrules 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 realizereceptive field of human visual cortex.

I. INTRODUCTION

Several models which translatethe human visual cortex
into neural model have been proposed[}[6]. Recently the
modelfor the receptve field on the retinal-ganglioncell and
visual cortex cell have beenproposed[F[11]. A cell on the
visual cortex hasvisual field where respondgo slit singnals
with visual anglesvaried from 0° to 5°. We call the visual
field asreceptve field. The receptie fields are representedby
adjacentON and OFF regionsfilled, respectiely, with plus
and minus signs, and they have the orientation selectvity to
makea responsef eightdirections from 0° to 315° per45°.
More thanone hundredreceptve fields are overlappingat the
samevisual field. An approachor modelingreceptve field is
using Gaborfunctior{12], [13]. Gaborfunction is definedby
a oscillatorwhichis a complec sinusoi@l planewave of some
frequeny and orientaton within a Gaussianervelope and
sine/cosindunction, andthey wereextendedo two-dimension
by Daugman[13].

On the otherhand, TAM (Topogaphic Attentive Mapping)
network is a biologically-motivated neural networK6], [14],
[15]. The TAM networkis composedf threelayerswherefea-
turelayerimitatestheretina,category layerimitatesthe lateral
geniculatenucleusandin the classlayer, the outputis givenby
the nameof objectgroupng. In this paperwe formulateGabor
type input layer for TAM netwok. The biological motivation
for Gaborfunctions lies in their goodnesf fit to receptve
field in humanvisual system.One of the advantageof using
Gaborfilters is that they achieve optimal resoluton in both
edgefiltering andorientaton selectvity. By theadwantageswe
expect an approachof image processingising TAM network
is achieved. In the formulation of Gabortype input layer for
TAM network,eightorienationsaredetectedn thevisualfield
dependingon thefiltering size of Gaborfunctionsandthe size
of receptve fields. Thefeaturesn theinputlayeraredefinedas
the strengthof eightorientatiors. The strengthof orientatons
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is passedo the catgory layer of TAM networkandtheimage
processings achieved at over the catgyory layer We formulate
herefirst the Gabortype input layer. The consisteng between
GaborfunctionandTAM networkis next discusse@ndfinally

shav the usefulnes®f TAM networkthroughsomeexamples.

Il. GABOR FUNCTION

Gaborfunctionis a modelfor realizing the receptve field
of visualcortex. Let z, 0 < z < F'andy, 0 <y < F denote
axes on two-dmensionx andy, respectiely. We call the size
of F' x F asfilter size. The generalform of two-dimensional
Gaborfunctions,G, is representeds follows;
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where, K is amplitude, (., 11,/) is the centercoordinateof
Gabor function, o, and o, are the standarddeviations, and
f and f,, arethe frequencieon z andy, respectiely. In the
caseof ¢ = /2, the sineform is equalto the cosineform of
Gaborfunction.

Fig. 1. GaborFunction

An example of Gaborfunction is shavn in Figure 1. The
filter's sizein Figurel is 20 x 20. Givenanimage,the general
orientaton of theimageis detecteddy the centercoordinateof
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Gaborfunction scanningsomereceptve fields correspondig
to the whole image. We call the scale of receptie field as
receptve field size and denoteit as R x R.

I1l. Fuzzy TAM NETWORK WITH GABOR TYPE

RECEPTIVE FIELDS

The structure of the TAM Network is shavn in Figure
2. The Gaborfiltering is explainedin Figure 3. The Gabor
functionis incorporatednto the input layer of TAM network
to detectthe generalorientaton of the given image. Feature
maps, f;», are definedasthe follows;

fin = Gin(z,v), (2

where,i denoteghe featurenumberand M is the prodict of
the numberof receptive fields and eight orientatons. The size
of receptve field is denotedL = R x R.
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Fig. 2. TAM Network

Whenfeaturemaps, f;1, are calculatedthe outpu signalto
the catgory layer, y;, arecalculatedusingthe nodes weights,
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wherez;; are actvities, p representshe vigilance parameter
andb;; areinhibitory weights.
The output prediction, K, is calculatedas follows:
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Fig. 3. GaborFiltering

where, z;, arethe outputat eachnodeof outputlayerandp ;i
are weightedconnections.

Let K* denotethe index of the “correct” supervisedutpu
class. If the netwok’s output prediction K is not similar
enoughto K*, we do p = p + p(**P) until either zx- /zx >
OC or p > p{maez) whereOC' is the maximalvigilancelevel.
Oncethe subjectof zx+«/zx > OC' is satisfied, the feedback

signaly; is calculatedfor the learningstep.
M %
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zp = 1if k=K, z; =0 otherwise (6)

The learning parametersw;;n, pjir, bji, are obtainedas
follows:
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An; = ay;(l—ny) (10)

where,a, X andb\"***) are parameters.

The algorthm ojf the TAM networkincluding learningsteps
and pruning stepsis representeds follows:

[Step 1] The outputprediction, K, is calculated.

[Step 2] If K is not similar enoughto K *, we do p = p +

plstep) When p reachsthe maximal level, one nodeis added
to cateyories.

[Step3] If zx+ /2x > OC, thelearningstepstarts. Paraméers,
wjin, Pjk andb;;, are updated.

[Step4] Until zx«/zx > OC, let the algorihhm repeatfrom

step1l to step3.

[Step5] After learning,the pruningstepstarts.The datasetin

which fg;, s = 1,2,---, R is divided into learningdataand
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checking data. The informatian entropy H (i), is calculated
using the learningdatafor featureselectionswhere ), is a
setof the dataof the classk.
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[Step6] The following feature:* is extractedasan imporiant
featureandwe setI* = {i*}.
i* = {i|max H(i)} (15)
[Step7] If thefollowing conditon is satisfiedfor checkingdata
at a cateyory j, the link connectionsbetween; and outpus
K, k' =1,2,---,U, k' # k, are removed. Simultaneously
the connectionsdetween; andfeaturesi’ ¢ I*, are removed,
wheren is a threshadl.
Gjr > (16)
[Step 8] If the following condition is satisfiedfor checking

dataat the category 7, the link connectiondbetween; and i,
andi’ ¢ I*, areremoved, where@ is a threshold.

1 R
72 s <0
s=1

[Step 9] If the following condition is satisfiedfor checking
dataat K, the link connectionshetweenK and cateyories,
i, j = 1,2--- N, j' # j, are remoed, where ¢ is a
threshold.
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[Step10] Whena category haslost connectiongo all outpus
or features,the categyory is removed. Any outputand feature
which has been disconnectedfrom all cateories is also
removed.

[Step 11] Until all featuresare selectedat step 6, let the
algorithm repeatfrom step5 to step10.

Whenthealgorithmis terminatedthe neuralnetworkwhose
needlessconnectionsand nodesare prunedis obtained.We
should notice that the algorithm is a kind of fuzzy tuning
methodssincethe dataprocedures the sameasthat of fuzzy
logic. Thus,we canacquirefuzzy rulesfrom the TAM network
asa knowledgerepresentaion.

IV. EXAMPLES

In order to shav the efficiengy of the Gabor type input
layer, some examplesare hereillustrated.The alphabets;'A
andB”, arefilled in the electronicpad correspondingo the
visual field. The size of the electronicpadis 16 x 16. The
training imagefor TAM networkis shovn in Figure4 and5.
The orientatonsfor two alphabets;A andB” arefirst detected
by Gaborfunction andtheir orientatiors are next composeds
somedatasets.All datasetsarepiled tentimesafter shufling
themandbe totally a datasetof thirty. The parameter®f the
TAM networkare setasfollows:

L = RXxR rho it = 0.0
oCc = 038 rho step = 0.1
« = 0.0000001 rho max = 100.0
A = 033 bt = 0.01
n = 0.8 0 = 0.03
5 = 05 Nset = 6
e = 0.0 Hy = 0.0
o, = 202 oy = 1.87
fz = 0.123 fy = 0.123
10} =0

The image as the checkingdatais shavn in Figure 6. The
results for the training image and the checkingimage are
shawvn in Tablel. The correctratesof boththetrainingimage
(training data: TRD) andthe checkingimage (checkingdata:
CHD) areshavn by a combinationof thefilter sizeof F' x F'
andthe receptve field sizeof R x R. The numberof receptive
fieldsis dependingnthefilter sizeandthereceptve field size.

EEE

Fig. 4. Training Imageof ‘A’

REREE

Fig. 6. Checkinglmage

Fig. 5. Training Imageof ‘B’

In Tablel, all correctratesfor the training dataare higher
than 98.3%. All correctratesfor the checkingdataare over
75.0%. The bigger filter size is, the better the correct rate
is. The highestcorrectrate at eachfilter size is the caseof
the receptve field divided by 16 x 8. The division by 16
x 8 means to divide the whole visual field by two receptive
fields with horizortal. We guessit is easierto recognizethe
differencebetween’A’ and‘B’ thanthe virtical case We also
guessthe numberof nodesin the cateyory layeris averagdy
two becausehe numberis dependingon two alphabets, A’
and‘B’.

The orientaton selectvity of the left side of imagesin
Figure 4 is shavn in Figure 7. In Figure 7, the orientaton
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TABLE |
CORRECT RATE AND CATEGORIES

TABLE I
CORRECT RATE FOR ROBUSTNESS

Filter Size(F x F): 4 x 4
Numberof RF 1 2 2 4 Filter Size: 16 x 16 of the left-side
RF Size (R x R) 16x 16 | 8x 16 | 16 x 8 | 8x 8 Numbe of RF 1 2 2 4
Nodesof Categoy 2.1 24 22 2.0 RF Size 16 x 16 | 8 x 16 | 16 x 8 | 8 x 8
Features 8 16 16 32 Nodesof Category 2.2 2.0 2.6 2.1
CorrectRateof TRD (%) 1000 100.0 | 1000 | 10Q0 Features 8 16 16 32
CorrectRateof CHD (%) 75.0 75.0 75.0 75.0 CorrectRateof 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
Numberof RF 1 2 2 4 Numbe of RF 1 2 2 4
RF Size (R x R) 16x 16 | 8x 16 | 16x 8 | 8x 8 RF Size 16x16 | 8x 16 | 16x8 [ 8x 8
Nodesof Categoy 22 2.1 2.1 24 Nodesof Category 25 2.3 2.0 2.2
Features 8 16 16 32 Features 8 16 16 32
CorrectRateof TRD (%) 1000 100.0 | 1000 | 983 CorrectRateof CHD (%) 1000 100.0 | 100.0 | 100.0
CorrectRate of CHD (%) 92.5 77.5 95.0 75.0
Filter Size (F x F): 16 x 16
Numberof RF 1 2 2 4
RF Size (R x R) 16x 16 | 8x 16 | 16x 8 | 8x 8
Nodesof Categoy 24 2.3 2.2 2.3 However, we needmore experimentsand discussionin order
Features 8 16 16 32 find ch istiof th b .
CorrectRateof TRD (%) || 1000 | 1000 | Toao | foao | (O find characteristiof the Gabortype input. o
CorrectRateof CHD (%) 1000 80.0 1000 | 875 This reseach is partialy supportedby the Ministry of

f

Fig. 7. ImageafterFiltering

/

angle of the left-upper side indicates0° and be moving the

right sideoneby oneto be 45°, 90°, 135°, 180°, 225°, 270°,
315°, respectiely. The good edgeelementsacoording to the

orientaton selectvity are detected.

gl

Fig. 8. Checkig Imagefor Rokustnes

Finally, we discussthe robustnessof TAM network given
the smaller alphabet'A’ comparedwith the original image.
The checkingimagesfor robustnesss shavn in Figure8. The

resultis shavn in Tablell. 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 networkis partly capableof robustnessAll

resultsupportthe usefulnesof the TAM netwok with Gabor

type input layer.

V. CONCLUSIONS

We fromulated here the TAM netwok with the Gabor
typeinput layer andshaved the usefulnesghrowgh examples.
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