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ABSTRACT

The project aims at developing an incremental neural network model which is able

to learn a ‘stick figure’ of a given image . Some of the ideas are similar to those in
Growing Neural Gas model by Bernd Fritzke which learns the topologies of a data

. distribution P(¢) . At first , it has been shown that a different criterion for growth of the
network ( which we have called Vote Counting Method) has the same performance as
Growing Neural Gas model. Then we have introduced a different approach to growth

which leams a ‘stick figure' of a given image .

keywords: Neural net ; Stick figures ; Binary Image ; Skeleton : Delauny

triangulation



1.Introduction

Artificial neural network models have been of great interest for several years
in various areas like Pattern Recognition , Computer Vision , Image Processing .
Extracting the skeleton of a binary image is an important topic of Image Processing
. In this work , we have proposed a neural network model that is able to extract our

desired form of skeleton ( ‘Stick figures’) of a binary image .

Topology learning is a special field of interest in neurocomputing . Given a
high-dimensional data distribution P(c) , topological learning means finding a
topological structure which closely reflects the topology of the data distribution .

Various methods have been used for topology learning .

Two remarkable methods are

a. Competitive Hebbian learning(CHL) proposed by Martinez[3] in 1993
b. Neural Gas method proposed by Martinez and Schulten[4] in 1991

In CHL a number of neurons are chosen in R" first . Then for each input
signal s the two neurons which are the closest and second closest to the signal are
connected by an edge , thus producing a subgraph of the Delauny triangulation .
This subgraph is called induced Delauny triangulation . The induced Delauny
triangulation is restricted to those areas of the input space R" where P(¢) > 0 and

thus reflects the topology of the data distribution P(g) .

The neurons which are distant from the region of the input space where P(c)
>0 are not useful in topology learning and are often called dead units . They can be

used in topology learning if they can be gradually moved towards the areas of the



input space where the signals come from . For this purpose Martinez and Schulten
introduced the Neural Gas method which is as follows:

For each input signal s move the k nearest neurons towards the signal where

K decreases from a large initial to a smali final value .

In the discussion we have repeatedly used the term ‘stick figure’ . By ‘stick

Jigure’ we mean a kind of skeleton giving an idea about the shape of an image e.g.
the ‘stick figure’ of an image of a one dimensional object is the image itself , for two
dimensional object a ‘stick figure’ is the one dimensional skeleton (obtained by

neglecting the insignificant dimension) and the two dimensional skeleton for an

image of a three dimensional object .

The Growing Neural Gas method[5] which is very efficient in topology

learning is discussed in a brief next .

2. Growing Neural Gas Method

The network consists of

o a set A of units(or nodes) . Each unit ce A has a reference vector w.eR"

associated with it .

e a set of edges among pairs of units . A counter age is associated

with each link .

The parameters of the network are MaxAge ,ep, €5, A, 00 .d .

The algorithm is

1. Start with two neurons at random positions w, and wy, in R".

2. Generate an input signal ¢ according to P(c) .

3. Find the nearest unit s1 and second nearest unit s2 .



4. Increment the age of all the edges emanating from s1 .
5.  Add the squared distance between s1 and G to the error counter of sl .
6.  Move sl towards the signal s by €,, times the distance between sl and ¢ and
all
direct neighbours k of n by €, times the distance between ¢andk .
7. If sl and s2 are connected by an edge , set the age of this edge to zero . If
such
‘an edge does not exist, create it .
8. Remove edges with an age greater than MaxAge . If this results in points
having no
emanating edges, remove them as well .
9. If the number of input signals generated so far is an integer multiple of A,

a. Find the unit M with the largest accumulated error and its neighbour m with

largest error variable .

'b. Insert a neuron g midway between M and m .
c. Remove the link between M and m .
d. Insert a link between M and q , as well as , between q and m .
1. Decrease the error variable of both of M and m . multiplying them by a

constant ¢ .
f. Set the error variable of q equal to that of M .
10. Decrease all error counters by multiplying them with a constant d .

I1. If a stopping criterion (e. g. net size or some performance measure)

is not yet fulfilled, go to Step 2 .

In this method, it is assumed that illlpul signal ¢ is generated obeying some
unknown probability density function P(¢) . Step 1 is basically creating the initial
network which grows dynamically depending on the signals generated . In step 6
the network is adapted by moving the neurons towards the region of the input space
where the signals come from (i.e., the region where P(¢) > 0 ) . After adapting the
network A times , a new unit is added to the network midway between the unit with

the largest error and its neighbour with the largest error (Step 10 ). The unit with the



the largest error is chosen since it is , most probably , the unit which was either
nearest to the signal maximum number of times or adaptation is maximum for this
unit . Thus this midway position is likely to be very close to the input space and
hence is the ideal position for the insertion of a new unit . An aging scheme has
been used to remove the edges and the units ( Steps 4 and 8 ) which will have no
further role in learning the topology . The fact that those units become second
nearest but never nearest to the signal (see Step 4 and 7) over a number of previous
iterations ( at least MaxAge times ) confirms that they will have no further role in
proper growth of the network . Step 7 also creates a single connection of the
‘induced Delauny triangulation’ . Step 11 is basically introduced to avoid floating

point overflow .

3.Vote Counting Method

Here a local counter vote is attached with every edge , instead of the local
error counter used in Growing Neural Gas Method . Whenever a signal is generated
, the vote associated with the edge nearest to the signal is incremented . At the time
of insertion , the edge with the maximum vote is selected a neuron is inserted in at

the midpoint of the edge . Thus the algorithm is almost same as Growing Neural

Gas method except the necessary modification to step 4 and step 10 of Growing

Neural Gas algorithm .

4. o_insertion method

So far we were concerned with incremental neural networks which learn

topology of a data distribution P(¢) . In this method , a totally different approach to
growth is adopted with an aim to get a ‘stick figure’ of a given image wherein the

signals are simulated by randomly choosing a point on the image .

The network consists of :



e a set of units (representing neurons) . Each unit has an associated

reference vector which may be regarded as position in input

space of the corresponding unit .

e aset of links among pairs of units . A counter age 1s associated

with each link .

The parameters of the network are MaxAge ,€,,, €,,€, .

The proposed algorithm is

I. Generate two signals which are basically two random points w, and wp, on the
image . Add two neurons with reference vectors w, and wy to the network .

2. Let prevNet be the current network and

maxLimit = 20 X size of the network , count =0 .

3. Increment count .

4. Generate a signal which is a randomly chosen position s on the image .

6. Increment the age of all the links outgoing fromn .

1. Move n towards the signal by €, times the distance between s and n and all

direct neighbours k of n by €, times distance between s and k .

9. Remove links with an age greater than MaxAge.
10. Remove isolated neurons .

I1.If count is less than maxLimit go back to Step 3 .
12. If the sum of the distances between the positions of the individual neurons in

prevNet and their current positions is greater than e go back to Step 2 .



13. Find the unit M and its neighbour m such that the length of the link
between them is maximum and greater than § . If such units are
not found , go to Step 2.

14, Insert a neuron q midway between M and m .

13. Remove the link between M and m .

16. Insert a link between M and q , as well as , between g and m .

17. If the network didn’t grow further in last (200 * size of the network iterations) ,
stop .

18. Go back to step 2.

In this method , Step 1 creates the initial network . Then a signal is generated
(Step 4) and the network is adapted (Step 7) maxLimit times . Then the sum of the
shifts in the positions of the individual neurons over the adaptation period is

measured (Step 12) and if it is less than € (i.e. the network is stable w.r.t. adaptation
and therefore more neurons are required for further growth) we go for adding
another neuron to the network (Step 13-16) . In case the sum is greater than € , we
hope that the network may improve by adaptation only and so we go back to Step 2
and start another adaptation phase . We use the same aging scheme as in Growing

Neural Gas method for removing undesirable links . Since the network is designed
to learn a ‘stick figure’ of the image , the position midway between the neighbouring
neurons with spacing greater than or equal to ¢ and minimum age of the connecting

edge is chosen for adding a new neuron . The minimum age edge is chosen to avoid

insertion on an edge which is likely to be removed in near future .

S. Simulation Results

We have implemented the Growing Neural Gas method Counting vote
method and & -Insertion method and applied them on various images to extract their
shapes. The outputs we obtained are shown below . We shall mainly concentrate on

results obtained using 3-Insertion method , since our primary interest is there .
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7.Conclusion

Extracting skeleton has usefulness in Character Recognition and Data Reduction.

- So various methods has been devised to extract the skeleton [6-8] . In this work , a

have introduced a neural network technique to do that .
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