Shape approximation of arc patterns using dynamic neural
networks
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A shape representation technigue for two-dimensional patierns using a dynamic variation of Kohonen's self-organiz-
ing feature maps 35 disenssed. In Kohonen’s map, the number of processors is fixed and is to be specified a poord. This
number, if not properly chosen, can cause either wastage or shortage of processors. The problem is overcome, in this
paper, by incorporating dynamic growing and shrinking capabilities in the network. Shape of only arc patterns is
considered here,

Zusammenfazsuong

Es wird einc Form-Reprisentationstechnik fiir eweidimensionale Muster diskutier!, dic eine dynamische Vanation
von Kohonens selbstorganisierender Merkmalstiste darstellt. Tn Kohonens Liste ist die Anzahl von Prozessoren
festgelegt und mul a-priori sperifiziert werden. Wenn diese Anzahl nicht geeignet gewihlt ist, kann dieses entweder
Verschwendung oder Mangel an Prozessoren bewirken. Um dieses Problem z vermeiden, werden in dieser Arbeit
dynamische Zuwachs- oder Schrumplungs-Eigenschaften des Netzwerks cingebracht. Hierbel werden nur Formen von
Bogen-Mustern betrachtet.

Résume

[Ine technique de représentation de forme de gabarits bi-dimensionnels utilisant une varante dynamique des réseaux
de Kohonen auto-organisants est discutée. Dans le réseau de Kohonen, le nombre de processeurs est fixe est doit étre
specifié a priori. Ce nombre, 5] n'est pas correclement choisi, peul causer soit un gaspillage soil un manque de

processeurs. Ce probléme est résolu, dans cet arficle, en incorporant une capacité dynamigue de croissance et de
dimtinution dans ce réseau. La scule forme conswdénée ici est Marc de cercle.
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1. Introduction

In the last few yoars, there has been a preal
interest in neural networks, especially in the hield of
pattern recognition and compter vision [1, 2, 3. 5,
&]. In this paper, a simple model of nearal networks
is proposed for 4 common image processing prob-
lem, namely, the skeletonization of two-dimen-
sional patteros. Here we will deal with only arc
patterns which may be in the form of a point sel or
a binary or gray level image. The neural net con-
nections and the updation rules are similar to those
in Kuhonen's sel-organizing one-dimensional fea-
lere map [4]. But while the number of processorsin
F.ohonen's feature map is fixed, the present net-
wirk s dynamic im the sense that during learning
process new processors can be added w or old
processors can be deleted from the petwork, A
major advantage of such a dynamic model is that
the number of processors need not be known
a priori, tat can be learnt. On the other hand,
a model with a fixed number of processors can
cause some processors 1o be overloaded and some
processers 1o remain unosed. Dynamic peural net-
works have been nsed to model the probability
distribution in the plane [3] and to classify shapes
(7] In the present work, the sttuciure of the neoral
net after convergence gives an approximation of
shape in the form of a skeleton.

2, The network and updation rule

Kaohonen's feature map uses an array of proces-
sors where each processor stotes & weight vector,
The map is learnt on the basis of a set of inpot
signals. The dimension of the array of processors 15
normally either one or two and the dimension of
the weight veclors is the same as that of the input
signals which can be urbitrary, Suppose the array is
one-dimensional and Js represented as {x,, 7,

.. .M.} where the processor 7, is connected o the
processars m, o and m;  (the two end processors
are connected Lo exactly pne processor each). The
processor m; has a weight vector W, whose dimen-
sion is m. Suppose the set of input signals is
§ ={P..P; ... Py}, where the dimension of each
P; is alsa m. The neighbourkood of & processor o, is

Impp=i—gi—g~-L...,i+g—1i+gq} for
some positive integer . Updation tule for the
welght vectors is as follows,

Suppose al time instance t, P; is presented to
the feature map and let Wolrh = (W, (0), Wi,
s Wealth) be the nearest weight veclor w P,
Then, only the 2g + 1 weight vectors (of the proces-
sors falling in the neighbourhood of ;) are npdated
in the following way [4];

WA+ 19 = W00 + af) [P, — W,{f] (il
forp=k—gq .. .k+uq

where the starting weight vectors W Q) are chasen
randornly, (1) is the gain term at time ¢ satisfying (i)
afr) decreases to O as ¢ lends to oo, () Taith = o
and (i) Tt} < o=. Thesc conditions ensure con-
verpence of W1

Our netwotrk 18 a2 one-dimensional  asrray
(@, ®a .o, T, of processors as above with g = 1
Here the input signals are (wo-dimensional points
and hence m = 2.

Here § = {P. Py, ... Pyt is a set of N planar
points where P; = (x;, y;). On the basis of the points
in %, the weight vectors W, of the processors w; will
be updated iteratively. Suppose, the initial weight
vectors are M0 = (W, (0L W .{00. Let the point
F; be presented at the eth iteration. #; updates the
welght veclors 1 the following way. Let

dist [Py, W) = Min[dist(P), W 1.

That is, W, w5 the neacest weight vector from the
point P, The neighbourhood of m consists of
Imepmeqp ifFk—1=00r k+1=n+1, then
we igoore the corresponding neighbour). P; up-
dates the weight vectors of w,_y, me and me 44 only
in the following way:

Wolt + 1) = W) + af)[P; — W itl]
forp=4f— LAk k<L {23

Omne presentation each of all the points in
Y makes one sweep consisting of N iterations. After
onc sweep is completed, iteration for the next sweep
starts again from P, to Py Several sweeps make
one phase. One phase is completed when the weight
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vectors of the current set of processors have con-
verged, that is, when

| Wity — Wit + 1)) = ¢ foralli (3

where ¢ is a predetermuned small positive value. The
condition {3) is guaranteed from a property of
Kohonen's feature map [4].

Only at the end of a phase are processors
inserted or deleted. That is, during the iterative
process in a phase, the sei of processors remains
unchanged. Suppose, after the sth phase is com-
pleted, the weight vectors of the processors are
Wilty - » Waylts) where nis) is the number of pro-
cessors during the sth phase and t, is the total
number of iterations needed to reach the end of the
sth phase, from the siart of the first phase. If now
the weight vectors of two neighbouring processors
become very close, the processors are merged. If
their weight vectors are far apart, a processor is
inserted between them.

More formally, if

| Wt — W (e

== Min

I=1,....0i51 -1

| Wty — Wit < &y, {4

then the two processors m and m ., are merged
and the new processor has the weight vector as
[Wit) + Wyt )]/2. I on the other hand,

[t — W os it
=  Max

i=1, LH(s)-1

IWiltd — Wiyt > 6a (3}

then one processor is inserted between wm; and
;. ; and the new processor hax the weight vector as
[Wit) + W, (1,)]/2. Note that &, and 3, are iwo
predetermined positive guantities such  that
d, < &,

After the insertion and deletion of processars, the
next phase staris with the new set of processors.
The iterative process continues until

S; 2 WO — Wl =6, forali (6)

It can be seen that the process of insertion and
deletion of «, cannot fall in an infinits loop because
alt) goes 1o 0 as ¢t tends to infinity in opdation rule

{2). Condition (6) means that the weight vectors of
no two neighbouring processors are either too close
or too far apart. The processors (on the basis of
their weight vectors) a1 this stage give an approxi-
mate global shape of the inputl pattern,

The Algorithm
begin {begin of algorithm}
while condition (b} is not true
begin
{phase}
while condirion (3) iz not true
begin
{sweep}
for each input vector P; do
benin
present F; to the net;
update weights of the processors
accurdiog to (2%
end:
end,
merge {delete} or msert processor
according to (4) or (5);
end;
end {end of algorithm}

3. Results and conclusions

A planar point set 5, (N = 36) and the starting
weight vectors of the processors (n = 3) are shown
in Fig, 1{a). The input points are indicated by dots
and the weight vectors by circles. Fig. 1{b) shows
the weight vectors of the processors at the end of
the first phase (which occurred after 27 sweeps)
when the first new processor (its weight vector is
indicared by a solid circle in Fig. 1{b)) is inserted in
the network. An intermediate output obtained after
211 sweeps has 9 processors and is shown in Fig
lic). The final output (that is, when condition (6) is
satisfied} having 14 processors (obtained after 358
sweeps) 15 shown in Fig, 1{d).

Another point set Ss (N = 229) generated at ran-
dom from an ‘5" shape is shown in Fig. 2(a). Three
skeletons {in the farm of the stabilized network) of
85 using different numbers of processors are shown
in Fig. 2(b)—{d). For both sets §, and 8., our learn-
ing alporithm has been tested with several choices
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Fig. 1. A point set 8, (N = 36) and the network at several stages
of learning. Here mit) = 00271 + 1/1000], & = 0001, & = (L5,
iy = 10, {a) Before learning starts; (B) after 27 sweeps: (o) after
211 sweeps; {d) final output {after 358 sweeps).

of the starting weight vectors of the processors and
the final output is found to be independent of the
slarting vectors.

The skeletonization process described tn Section
2 can be applied to binary images in a straightfor-
ward mannet. The input signals in that case will be
the co-ordinates of the obiect pixels. The extension
of the algorithm to gray level images can be done in
the following way. Suppose for a gray level arc
pattern, g,, is the gray value of the pixel g at the rih
row and sth column. Then the updation rules
replacing Eq. (2} will be

Wit + 1) = W (1) + alt)[P; — W ,(0)]gy:
forp=&—1,k &+ 1

Moultiplication by g,, means that the amount of
updation will be more for pixcls with high gray

Fig. 2. [a) A point set 8; (N = 229), Its skeletons (using different
numhbers of processors) are givenm in (b). {¢) and (d) where
alt) = 0.2/[1 + /100007, £ = 0.01. (b} The network after conver-
gence has 8 processors where 4, = 18, &; = 36 (after 217
sweeps). (c) The network after convergence has [3 processors
where 4, = 12, §; = 24 (after 310 sweeps). {d) The network after
convergence has 16 processors where §; = 11, 8, = 22 {after 481

sweeps).

level values and less for pixels with low gray level
values.

In the case of a binary image, a desirable prop-
erty of its skeleton is that it should lie totally inside
the object in the image. However, if, for some rea-
son, the number of processors is small, our output
skeleton may not lie totally inside the object {Figs.
Lic), 2(b)). But by having a sufficient number of
processors (which can be controlled by 4, and 4,),
our algorithm can always produce a skeleton that
will lie totally ingide the object (Figs. I(d}, 2{d}).

In the present paper we have considered arc like
patierns, For more complicated patterns that have
forks, crossings, etc. (e.g. character patteros °Y", 'X'),
the algorithm will not work. We are currently
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wotking on extending the present algorithm where
we start with an initial ope-dimensional array of
processirs and then grow it adaptively in two-di-
mensions s (hat the junctures (where Lthe input
pattern has forks or crossings) are identified.
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