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which is quite away from a zero pixel under consideration. If for

a binary image Nd(p; q) contains at least one pixel with nonzero

value then the performance of the FNNU and FNNU with reduced

connections are identical.

To get around the other problem of generating more classes than

the actual number pattern classes, one can make a supervised version

of the FNNU with the same architecture except the number of nodes

in the output layer which is predetermined and is set exactly equal

to actual number of classes C. In order to facilitate derivation of

a gradient descent learning algorithm, the activation function of the

nodes in the third layer is changed from min to a soft-min operation.

Nodes in the second layer may still compute max or use a soft-max

operation. A possible soft-max (min) operator SM could be

SM(x1; x2; � � � ; xn) =
i

xie
�sx

i

e�sx
where s is a parameter of SM . SM can effectively realize min with

a large positive value of s and max with a large negative value of s.

We can now really learn � and � as follows. Let XT =
fX1;X2; � � � ; Xlg be the set of training patterns and fT1; T2; � � � ; Tlg
be the set of class label vectors where Xi is an m�n image pattern

and Ti is its C-dimensional label vector such that

tir =
1 if Xi 2 class r

0; otherwise.

Let the output of the C nodes in the third layer with Xi as input

be denoted by the C-dimensional vector Yi, where yir = y3r . Let

ei = kTi � Yik
2. Now using gradient descent we can find a set of

� and � such that

E =

l

i=1

ei =

l

i=1

kTi � Yik
2 =

l

i=1

C

r=1

(tir � yir)
2

is minimum.

We made some computational experiments similar to those in

Kwan and Cai [1] using the supervised version of the net both

with reduced and full connections as well as with the conventional

multilayer perceptron (MLP).

III. CONCLUSIONS

1) This network as proposed in [1] is not a classifier, but a

clustering net that dynamically determines the number of

classes and, in the worst case, the number of extracted clusters

can be equal to number of patterns in the training set.

2) The massive connections between layer 1 and layer 2 are

neither necessary nor desirable. Computational experiments

showed that the local connectivity over a neighborhood is

enough.

3) The algorithm does not have any learning capability for its

parameters. Equipping the FNNU with a gradient descent

learning eliminated some of its problems and it could achieve

generalization comparable to that of an ordinary MLP, but the

MLP usually required less learning time when both algorithms

are terminated using the same criterion.
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