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ABSTRACT

A system based on a neural network framework is consid-
ered. We used two neural networks, an Elman network
[1][2] and a Kohonen (concurrent) network [3], for a cate-
gorization task. The input of the system are objects derived
from three general prototypes: circle, square, polygon. We
varied the size and orientation of the objects in a contisuou
way. The system is trained using a new algorithm, based
on recurrent version of backpropagation and Kohonen rule.

The system achieves the capacity to predict the shape of the

objects with a remarkable generalization [4]. We compare
our results with the results using a classical EIman network
The model is implemented by a Matlab/Simulink environ-

ment.
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1 Introduction

One important task in artificial vision (and more in general
in the autonomous robotics field) is the capacity of a
system to predict the shape (the contour) of objects with a
reasonable degree of generalization [5][6][7]. Our model
is based on atrtificial neural networks: they are bio-inspire
networks of neuron-like system that work together to carry
out intelligent computing task. There are many different
kinds of neural networks: we use Elman networks and
Kohonen networks.

The Elman network commonly is a two-layer network
with feedback from the first-layer output to the first layer
input. (see first schema in figure 1). The Elman network
differs from conventional two-layer networks in that the
first layer has a recurrent connection (in figuré1s the
feedback). The delay in this connection stores values from
the previous time step, which can be used in the current
time step. This recurrent connection allows the Elman net-
work to both detect and generate time-varying patterns.

Another kind of neural network is competitive
network, in our model Kohonen network (see the second
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Figure 1. Examples of Elman (above) and Kohonen (be-
low) network.

schema in figure 1). As usual, inputs are applied to the
input layer, and outputs from the output layer nodes is
considered. A node with its weight vector which is closest
to the vector of inputs is declared the winner, and only its
weights are adjusted by the Kohonen rule. This process is
then repeated for each input vector, over and over, for a
number (usually large) of cycles. The Kohonen learning
rule isA IW;; = nA(i,i*)(&; — IW;;), IW is the weight
matrix, ¢ and j are input and output nodeg; is the
winner, 7 is a learning parameterA is a neighborhood
function that returng for 7 = ¢* and falls off with distance

|r; — =] between units and:* in the output array. The
Kohonen network is a classifier: it divide the inputs into
different output categories.

A typical task in which we can test neural network
ability is perception. We identify two different kinds
of perception: active perception and passive perception
[8][9][10][11]. In passive perception the stimulus is
presented as a pattern of inputs, ‘hic et nunc’; there is
no real interaction with the input. Vice versa in active



perception there is an interaction between the subject and
the environment; the stimulus is acquired step-by-step,
during the time [12][13][14]. A connected tasks for every
action of perception, passive or active, is prediction [15]
A typical example of neural network application regarding
the problem of perception and prediction is given in [16].
These authors explore the possibility of providing robots
with ani nner wor | d based on internal simulation of
perception, rather than an explicit representational avorl
model. Recurrent neural network is evolved to control
collision-free corridor following behavior in a simulated
Khepera robot and it predicts the next time step’s sensory
input as accurately as possible.

In a neural network simulation we can distinguish
two different steps; typically there is a learning phase and
then a test phase.

During the learning phase the weights in the system
will be modified. For Elman network, a pattern is presented
at the inputs units; the pattern will be transformed in its
passage through the layers of the networks until it reaches
the output layer. The outputs of the networks as they are
now compared with the outputs as they ideally would have
been if this pattern were correctly classified. On the basis
of this comparison all the connection weights are modified
a little bit. The differences between the actual outputs and
the idealized outputs are propagated back from the top
layer to lower layers in order to be used at these layers
to modify connection weights. For Kohonen network,
we use the Kohonen learning rule (see section 3 for details).

Vice versa during the test phase a new pattern of
inputs is presented to the system. The weights are not
adjusted; the system ‘manipulates’ the information and
tries to solve the problem.

The paper is divided in three parts:

e The description of the model is in section 2. We de-
scribe the features of the objects, the structure of the
system, the learning algorithm and the parameters. We
show that the input of the system is a periodic signal
and we analyze the spectrum by a DFT tool.

¢ In the section 3 we describe a new algorithm to clas-
sify the objects.

¢ In the sections 4 and 5 we describe the results of the
simulations and we sketch some general conclusions.

2 Themodd

2.1 Theobjects

We use three prototypes to create the objects. We call them
squar e, ci rcl e andpol ygon prototype (see table 1).
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Table 1. Examples of input figures. We use three proto-
types, with a variable orientation and size. Two figures
from squar e prototype (left), two fromci r cl e proto-
type (center) , at the end two figure frqmol ygon proto-

type (right)

Squares Polygons

We put the figure at the center of a square lattice
with side L. = 121 point. The simulation is divided
into discrete n-time steps. An automa goes round the
object, keeping constant the distance from the center of
lattice and the angular velocityy = 0.0349 rad/sec
(see figure 2). During one step, we say = 0, the
automa storex; = 10 distances from the positions
P i = [p,p+p,p+2p,...,p+ Kip] tO the nearest
point on the contour of the figure (obviously coming from
a position to another the automa covers always an angle
p = 0.0349 rad; the angular velocity is constant). In other

words, the automa receives as input a veq,?orf ki] of
sampled distances. The rate of sampling is not constant: in
fact, for small figure, the rate decreases (this is an another
consequence of an constant angular velocity). However,
this information is not available to the system in an explici
way.

The our implicit categorization task consists in pre-
diction of the nextx, = 10 distances. The system will

compute an output vect [ko]. The difference between
prediction and real distances is the error of the system.
Then the system goes to the next step 1, and restart the
sampling-prediction procedure. During the teaching phase
the system runs 060 objects (see section 3 for details).
During the test phase we used new objects; from the proto-
types we have generated new instances with different ori-
entation and size. So, our task is a generalization task: we
are not interested in the capacity of the system to store all
60 object’s shapes. We study the capability of the system
to extract some general features, and to predict the shapes
using, for example, the frequency of changes in the input
vector.



Figure 2. An automa goes around the objects, sampling dis-
tance from its contour. The task is prediction of following
K, = 10 distances, stored in@ vector
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Table 2. Examples of periodic signals, obtained sampling
two squareobject, twocircle and twopolygon

2.2 Analysis of the contour of the objects.
DFT results

The table 2 shows the sampled distances on ayiyuar e
objects, b) twaci r cl e, ¢) twopol ygon. These curves
can be interpreted as a periodic signal. The form of signals
derives from the geometrical features of the objects, for ex
ample the size, or the prototype. We have analyzed the
spectrum of these signals by DTF (Discrete Fourier Trans-
form). As a matter a fact, it is difficult to identify the fre-
guency components by looking at the original signals. Con-
verting to the frequency domain, the discrete Fourier trans
form is found by taking the 512-point fast Fourier trans-
form (FFT): we show that there are three typical patterns
for three different prototypes ( in the table 3): a) two bars
for squar e, b) one bar forci rcl e, ¢) many bars for
pol ygon with height decreasing in function of the fre-
guency.

Squares Circles Polygons
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Table 3. Spectrum of the periodic signals from table 2
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Figure 3. The system schemdnputA is the vector{7
[%:]; the elements are the distances between automa and
the objectInput B is a vector with size:; —1; the elements

are the discrete derivative of [ki] (see section 3)

2.3 System structure

Neural networks have been shown to be successful as pre-
dictive tools in a variety of tasks, predicting the time at
which an event will occur, or predicting the level of some
outcome. In our task, two main factors have an influence:
a) the prediction is a vector; it is not sufficient to predict
the following value in a function; b) the regularities of the
objects are not explicit (see DFT result). Then, the system
have to extract the regularities.

To address these problems, we used an integrated
approach (see figure 3).

The input is divided into two partsinputA, that
contains the vector of the distancésaput B, that contains

a vectorDiff [k; —1]. We build Dif f computing the
discrete derivative of nput A (see section 3).

The InputA is processed directly by the Elman



network. The InputB is processed by the Kohonen
network: the output is a classification of theputB in

16 patterns, that classifies differeftiff. For example

the Kohonen network can identify flat slope (the distance
remain constant during the sampling) with patter0010,

and the bell curve slope (the distance grows and decreases
during thex; sampling) with the patterh010.

Concluding, the EIman network receives two different
inputs: Input A, without preprocessing, informs the Elman
network about the dynamics of the distanceg)ut B, with
derivative preprocessing, informs the network about the ac
tual state of the distances. Naturally the output of the sys-

tem is the vect06 [ko ], with the predicted distances.

3 Learningalgorithm and parameters

Elman network is a recurrent network (see figure 1). As
we have already said, the delay in this connection stores
values from the previous time step, which can be used in
the current time step. Thus, even if two Elman networks,
with the same weights and biases, are given identical
inputs at a given time step, their outputs can be different
due to different feedback states. Because the network can
store information for future reference, it is able to learn
temporal patterns as well as spatial patterns. The Elman
network can be trained to respond to, and to generate,
both kinds of patterns. The teaching function is a classical
backpropagation rule. We u£5 hidden units, dogsig
transfer functionf(n) = 1/(1+ e(—n)) wheren is the net
input. We train the network fo80 epochs for each input
pattern. We us8600 input patterns and we move the au-
toma around the object fao step. The learning rate (s8.

The Kohonen network is a competitive network (see

figure 1). || N Dist|| accepts the input vectar and the in-
put weight matrix/ 1!, and produces a vector havisg
elements. The elements are the negative of the distances
between the input vector and formed from the rows of the
input weight matrix. The”' transfer function accepts a net
input vector for a layer and returns neuron outputd) of
for all neurons except for the winner, the neuron associ-
ated with the most positive element of net inpyt The
weights of the winning neuron (a row of the input weight
matrix) are adjusted with the Kohonen learning rule. Sup-
posing that the,; neuron wins, the elementg, of the row

of the input weight matrix are adjusted as shown below:

dW = a(P —W), if P #0, 0 otherwise (1)

with « learning rate, neuron’s input.

We used a novel teaching algorithm: we teach Ko-
honen network to discriminate dr), 000 Di f f, obtained
sampling60 objects. Dif f is a discrete derivative o
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Figure 5. How the automa predict an object

Each element oDz‘?f is obtained by the difference be-

tweemZ- andﬁﬂ. For example, if the vector for the dis-
tances is

(0.5,0.5,0.5,0.1,0.1,0.5,0.5,0.5,0.5, 0.5)

Diff will be
(0,0,0.5,0,—0.5,0,0,0,0)

Kohonen network ha$ neurons for output. So, thg), 000
Dif f will be categorized intd 6 pattern.

4 Experimental results

We test the performance of the systemith objects
that it has never seen befoi@f course, coming from
one of the three prototypes). We plot the real distances
between automa and objects (in table 4 the continuous
line), together with the predicted distances (in table 4 lin
with circle). We find a good correspondence between real
and predicted distances, but we also find the presence of a
systematic error (indicated in the figures by small arrows).
In figure 4 we draw how the automa sees an object (a
polygon), plotting the distances. In figure 5 we draw how
the automaredictsthe object

We have computed, the average of the absolute dif-
ference between output of the system at stemd the real
distances at step + 1.The table 5 shows the results.
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Table 4. The real and the predicted distances for one
squar e, oneci r cl e, and onepol ygon

System structure S
Elman + Kohonen (our system)0.0311
Elman 0.0416
Kohonen 0.354
Simple FF Network 0.421

Table 5.¢, the average of the absolute difference between outpueof th
system at step and the real distances at stept 1

5 Conclusions and future work

This paper describe a two-neural-network-based system
for object categorization. We use an Elman recurrent

network and a Kohonen concurrent network. An automa

goes around the objects, sampling distances from surface
of the object to the automa: the inputs of the system are

the distance between automa and object. The task is the
prediction of next distances.

We can sketch some general conclusions; (a) We
study a task of active perception: the input is not a single
pattern, but is a sequence of values. The sequence can
be analyzed by a classical tools (for example DFT, see
paragraph 2.2). From this sequence, the system extracts
the internal features (more than DFT results) to compute
the prediction task; (b) The system categorizes the object
correctly (see tables 4 and 5). The prediction of the next
vector of distances is rather precise. The system is very
simple, with a reduced number of components, and the
learning phase is executed off line. These features of our
system are the main difference with the PCNN approach
[11]. (c) During the test phase, the system see new objects.
So, we can say that the system generalize the internal
features.

Nevertheless the networks carry out a good prediction
performance, we observe systematic errors, for example in
the prediction of the circles (see arrows in table 4). We
guess that the problem originates from the fixed path (a cir-
cle) that the automa follows during the categorization task
In these months, we have begun to download the system in
a Khepera robot [17]. We could evolve an control system
so that the Khepera approaches to the object, and then it
keeps on following the contour. We are studying like in-
tegrating the networks of prediction with this new control
system.
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