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Abstract. Most of the Neural Network models proposed during the last few
years are capable of solving several complex problems such as recognition, fore-
cast or reconstruction of different phenomena. A crucial feature of these models
is that they tackle a wide variety of classification problems, and although these
models work accurately within a limited particular context, they require numer-
ous resources; this makes its efficient hardware implementation nearly impossi-
ble. In this paper we propose a novel alternative which uses Testor Theory,
which is a useful tool in pattern recognition within the logical-combinatorial ap-
proach, to reduce the dimension of neural network models. We test the accuracy
of the proposed method by recognizing real-world objects in images. We show
that, under some circumstances, it is possible to reduce the dimension of a neural
network without affecting its capability to solve classification problems or modi-
fying its effectiveness.

1 Introduction

Humans have several complex cognitive capabilities such as memorizing, recalling,
learning and recognizing. In the last 50 years, scientists and researchers of different
communities have strived to implement these capabilities into a computer. Along these
years, several approaches for achieving that goal have emerged, for example neural
networks. Since the rebirth of neural networks, several models inspired in neurobio-
logical processes have been proposed. Such models are often dedicated and incorporate
some existing clustering or classification algorithm. Among these models, perhaps the
most popular one is the feed-forward multi-layer perceptron trained with the back-
propagation algorithm [10].

Other very popular neural models are associative memories. Several of these asso-
ciative models have been proposed, for example: Anderson [6] presents a simple neural
network generating an interactive memory; Kohonen [7] presents an unsupervised
learning network as an explanation of the existence of ordered maps in the brain. Other
associative models can be found in [3], [9], [26], [27], [28], [29], [32] and [33]. Advan-
tages of neural networks are: adaptability, robustness, and ease of implementation in
software.

Most of the neural network models are capable of solving several kinds of complex
problems such as face recognition, object recognition, plate recognition, hand-writing
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recognition and some other classification problems. Despite the fact that these models
work accurately. they require too many resources, thus making their efficient imple-
mentation on hardware nearly impossible.

In this paper we propose a novel alternative to reduce the dimension of neural net-
work models by using Testor Theory, which is a useful tool in pattern recognition un-
der the logical-combinatorial approach. We test the accuracy of the proposal by solving
an object recognition problem using several images of realistic objects. In the experi-
ments, we expect to reduce the dimension of the neural network models used for solv-
ing the problem by reducing the dimensionality of the features they take as input.

2 A Survey of Dimensional Reduction Techniques

When working with high-dimensional datasets it is often the case that not all the meas-
ured variables have the same “relevance” for understanding the underlying phenomena
of interest. Certain computationally-expensive methods can construct predictive models
with high accuracy from high-dimensional data. Still reducing the dimension of the
original data prior to any modeling is of the outmost interest. This reduction process di-
rectly modifies the dimension of any neural network or associative memory.

In mathematical terms, the problem under study can be stated as follows: given a p-

. T . . .
dimensional random variable x = (xn---,-",,) , find a lower dimensional representation

of it, s =(55...,5 )7 with k < p . that captures the content in the original data, accord-

ing to some criteria, usually stated within a supervision/learning/training set.

Several statistical techniques, such as principal component analysis [11], [13] and
factor analysis have been proposed for achieving this dimensional reduction. Although
these techniques based on second-order statistics are computationally expensive they
are widely used. In other cases, when dealing with statistically normal variables (those
with mean = () the covariance matrix already contains all the necessary information
about the data. Second-order methods for dimensional reduction are relatively easy to
code, as they require only simple matrix operations. However, many datasets of interest
are not suitable for studying within a Gaussian distribution. For those cases, higher-
order dimensional reduction methods, using information not contained in the covari-
ance matrix, are more appropriate. Examples of these methods are independent compo-
nent analysis and projection pursuit [20]. Another interesting method is random projec-
tions. which is a simple, yet powerful dimensional reduction technique that uses
random matrices to project data into lower dimensional spaces [12], [15], [17], [21].

Some very useful non-statistical methods for dimensional reduction were proposed
in the mid-fifties in the former Soviet Union and were later developed in other Eastern
European countries and in Cuba. These logical-combinatorial methods are based on
Testor Theory (formerly referred to as “Test Theory”) and use the concepts of Testor
and Non-reducible Testor [24] which were introduced for the first time by Yablonskii
and Cheguis [1], [2] and later applied to classification problems by Dimitriev et al [5].
Testor Theory methods are used in this research to reduce the dimensionality of the
data taken as input to different neural network models.
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3 Dimensional Reduction Using Testor Theory

In this section, some aspects of Testor Theory applied to feature selection and dimen-
sional reduction problems are applied. We also describe a technique, devised by
Godoy-Calder6n et al [25], used to compute a set of special kind of Testors called Su-
per-Testors used to reduce the dimension of a neural network model.

3.1 Basics of Testor Theory

This section is based on [30]. In the framework of the logical-combinatorial pattern
recognition [16], [19], [22], feature selection or dimensional reduction could be made
by using Non-reducible Testors [23]. If R is the whole set of attributes of the objects
under study and thus the corresponding patterns are R -dimensional, a Testor is de-
fined as follows:

Definition 1. A feature subset 7 < R is a Testor if and only if when all features, ex-
cept those from 7, are eliminated from the descriptions, no pair of similar sub-
descriptions remain in different classes. This definition indicates that a Testor is a fea-
ture subset, which allows complete differentiation of objects from different classes.
Within the set of all Testors, there are some which are Non-reducible. These kind of
Testors are called Typical Testors and are defined as follows:

Definition 2. A feature subset 7 < R is a Typical Testor if and only if 7 is a Testor

and there is no other Testor 7' such that 7' C 7. This definition indicates that a Typi-
cal Testor is a Testor where every feature is essential. this is, if any of them are elimi-
nated the resultant set is not a Testor.

The dimensional reduction approach based on Testor Theory was first proposed by
Dimitriev [5] and the basic idea is the following: A Testor is a feature subset, which
does not induce confusion between any pair of sub-descriptions of objects from differ-
ent classes. Moving, from a Testor to a Typical Testor (eliminating features, when it is
possible) we get an irreducible combination of features, where each feature is essential
in order to keep differences between classes.

3.2 Testors and fuzzy classification of objects.

Let O be a set of objects denoted by 0,, each object is described in terms of a set of
n features denoted by x'=8 (Oi) and these objects are grouped into € classes. Let
M= [m,.k ]pxc be the membership matrix where p is the number of descriptions, ¢

the number of classes and m,, = 4, (5(0,.)) the membership of object 0, to class k

given by:
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p @
(o)) = JX.(ﬂ(a(Oi)’5(°f)) * Hy (5(01)))
where ,3(5(0,.), 5(oj)) is any similarity function between 0, and 0; which yields a

result in the range [0,1]. Confusion between objects in different classes depends on
their membership to each class. An object 0; is confused between two classes a and

b ifand only if &(0,) € (ar‘\b) 3

Definition 3. The Discrimination Error £ of an object 0; is given by:

£(6(0))= T Haew, (5(0)) @

i,jell,c]

this is the sum of its membership to any intersection between classes. The Cumulative
Discrimination Error £ is given by:

e gg(a(o,.)) =

Definition 4. A feature subset 7 < R is a Testor with Level n if and only if

P
E= Z & (5(0,. )L) =n. When n =0 this definition is equivalent to Definition 1.

i=0
Definition 4 allows any subset of Rto be a Testor but with a different level. Of

course, the most interesting Testors are those which have level zero.

4 Dimensional Reduction of a Neural Network Model

Now we will show how a neural model, which solves a supervised classification prob-
lem, can be optimized by using Super-Testors. In this paper several neural network
models used for solving object recognition problems. as in [31], were optimized.

4.1 Associative Memories

AP ]
Let (xg ’I)£=1 ,x* €R",i=1,...,cbeasetof p-fundamental couples (SFC) formed

by a pattern x¢ and its corresponding class-index i. We want to build an associative
memory M, using this SFC, that allows us to classify the patterns into their corre-

sponding classes, i.e. M®x? =i for £=1,..., p and which, even in the presence of
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distortions, classifies them adequately, ie. M ®X¢ =i, where X°is an altered ver-
; £ ’ : ; :
sion of x°. Operator ® is chosen such that, when pattern x¢ is operated with matrix

M, it produces the corresponding index class of pattern X,
The associative memory M is built in terms of a @ function as follows:

4
M=]|: “

¢

where each @, represents the i-th row of a matrix M and this function is a codification

of all patterns belonging to class i. In this case @, is defined as:

i 2t A
[ > 5)
where
" P )
7! = y(x) ©)
and
71t : 7
J e &,J
Al = g/:](xi )

i stands for the object’s class and j goes from 0 to 7. the size of the pattern. It can
be seen that the idea is to build a hyper-box enclosing patterns that belong to class i, by
means of max “V ” and min “ A set operators.

Once the associative memory is trained, pattern classification is done as follows:
Given a new pattern x¢ € R" the index class i is given as
®

m n
i=M®x* =arg Av|m; -x)|
P RSV U

Operators v = max and A = min execute morphological operations on the dif-
ference of the absolute values of element m;; of M and the components X; of pattern

n
x¢ 10 be classified. v my —le is a metric formed with the maximum between row /
j=1

n
of M and pattern x°, thus it can be written as d(x,m;)= v m; —x,, m, row of
j= '
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M . With this metric, pattern classification is the process of assigning pattern x% to
the class whose row index is the nearest.

4.2 Optimizing the Associative Memory

The SFC can be seen as the set of objects denoted by 0, with cardinality p ; each ob-
ject is described in terms of a set of 1 features denoted by x' = 5(0.') and grouped

into ¢ classes. Optimization of the associative model is done by computing the cumu-
lative error of each testor 7 , as shown in the next algorithm:

Select a feature subset T .

Compute membership matrix as in section 3.2, using equation 1 with
Testor T .

Compute accumulative error using equation 3.

Go to step 1 until the cumulative error of the whole feature subset

7 has been computed.

5. Select feature subset 7, where level N of the Testor is the
minimum.

6. Finally with this feature subset 7, train the associative memory.

N e

oW

5 Experimental Results

In this section, the proposal is tested with the set of realistic objects shown in Figure 1.
Objects were not directly recognized by their images but instead from their invariant
descriptions. The associative memory M is built with these invariant descriptions.
Twenty images of each object in different positions, translations and scaled changes
were used to get the invariant descriptions.

(@ (®) (© (@ (e)

Fig. 1. The five objects used for training the associative memory. (a) A bolt, (b) A washer, (c)
An eyebolt, (d) A hook, (e) A dovetail

A standard threshold [8] was applied to each of the 20 images in order to get their bi-
nary version. Small spurious regions from each image were eliminated by means of a
standard-size filter [14]. Next, for each of the 20 images of each object (class) seven
well-known Hu geometric moments invariant to translations, rotations and scale
changes, were computed [4]. After applying the methodology described in Section 4.1,
the associative memory M is:
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0.4394 0.1598 0.0071 0.0028 1.96E-5 0.0011 -847E-6

0.1900 8.72E-5 747E-6 128E-14 7.23E-14 -293E-10 -1.6E-14
M =(0.7092 0.2895 0.1847 0.0730 0.0088 0.0394 -0.0015

1.4309 1.6009 0.7944 0.2097 0.0831 0.1565 0.0118

0.2475 0.0190 25E-5 B8.66E-5 4.82E-9 120E-5 -14E-9

A new set of images was used to test the efficiency of the proposal. This set consisted
of 100 images shown in Figure 2 (20 for each of the five objects), different from those

used to get the associative memory M . Using this memory all objects of the set of im-
ages were put in their corresponding class. Thus, the performance of the proposal was
100%.

(a) (b) (c) (d) (e)

Fig. 2. The five objects used in the experiments: (a) A bolt. (b) A washer. (c) An eyebolt. (d) A
hook. (e) A dovetail

In order to optimize the associative memory and reduce its dimensionality we applied
the algorithm described in section 4.2. By applying this algorithm, we found that the

feature subset 7, where level n of the testor is the minimum, was Tea ={xl} g

Ty, = {xz} and Ty, = {x,,x._,}. After applying methodology described in Section

4.1, the corresponding associative memories are defined as:

0.4394 0.1598 0.4394 0.1598
0.1900 8.72E-5 0.1900 8.72E-5
M, =]0.7092| M, =| 0.2896 M,, =(0.7092 0.2896
1.4309 1.6009 1.4309 1.6009
0.2475 0.0190 0.2475 0.0190

Using associative memories M, and M,, all objects of the set of images were put in
their corresponding class. Thus, performance of the two optimized associative memo-
ries was of 100%. For the case of the associative memory M,, the performance was

reduced to 84 %,.This result indicated that second moment of Hu is less representative
than first moment . Table 1 summarizes the classification results for all associative

memories tested.
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Fable 1. Comparative classification percentages of the associative memory with respect to the

nplllmlnl ussociative memories

M M » MM M%
Bolt 100% 90% 100% 100%
Washer 100% 100% 100% 100%
Eycebolt 100% 65% 100% 100%
Hook 100% 100% 100% 100%
Dovetail 100% 85% 100% 100%

In order to demonstrate that this technique is independent of the network architecture
used, we performed several experiments using other neural networks. The same ex-
periments were performed using the associative memories described in [32] and [27].
These associative memories use three different operators: prom operator, med operator
and median operator. On the other hand we used the well-known multilayer neural
network trained with the back-propagation algorithm as described in [10].

By applying the algorithm described in section 4.2, we found that the feature subset

7. where level n of the Testor is the least, was Toi ={x,}, 75 ={x2} and

P {-"w"z} for the different neural models.

For the case of prom operator, by using associative memories My, and Mg, all

objects of the set of images were put in their corresponding class. Thus, the perform-
ance of the two optimized associative memories was of 100%. For the case of the asso-

ciative memory M,, the performance was reduced to 88 %. Table 2 summarizes the

classification results for all associative memories tested trained with prom operator.

Table 2. Comparative classification percentages of the associative memory using prom operator
with respect to the optimized associative memories

M M,, M., My,
Bolt 100% 90% 100% 100%
Washer 100% 100% 100% 100%
Eyebolt 100% 65% 100% 100%
Hook 100% 100% 100% 100%
Dovetail 100% 85% 100% 100%

For the med operator case, by using associative memories M,,, M, and Mg,
the performance was 82 %, which is the same result obtained with the complete de-

spriplion (e.g. with M). Table 3 summarizes the classification results for all associa-
tive memories tested and trained with med operator.

Table 3. Comparative classification percentages of the associative memory using med operator
with respect to the optimized associative memories
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M M;, M, My,
Bolt 100% 100% 100% 100%
Washer 100% 100% 100% 100%
Eycbolt 70% 70% 70% 70%
Hook 50% 50% 50% 50%
Dovetail 90% 90% 90% 90%

101

For the case of the median operator, by using associative memories M,,, M, and

M,, the performance was 95 %, again the same result obtained without reducing the

network. Table 4 summarizes the classification results for all associative memories

tested trained with median operator.

Table 4. Comparative classification percentages of the associative memory using median opera-

tor with respect to the optimized associative memories

M M32 M 64 M96
Bolt 100% 100% 100% 100%
Washer 100% 100% 100% 100%
Eyebolt 90% 90% 90% 90%
Hook 50% 50% 50% 50%
Dovetail 85% 85% 85% 85%

For the case of the multilayer neural network trained with the back-propagation al-
gorithm, the performance for M,,, My, and My, was 89 %, 100% and 100%, while

for M it was 98%. Table 5 summarizes the classification results for all neural networks
trained with the back-propagation algorithm.

Table 5. Comparative classification percentages of the neural network with respect to the opti-

mized neural network.

M (7-4-1) My, (1-4-1) M (14-1) M, (24-1)
Bolt 100% 95% 100% 100%
Washer  95% 100% 100% 100%
Eyebolt  95% 70% 100% 100%
Hook  100% 95% 100% 100%
Dovetail _ 100% 85% 100% 100%
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6 Conclusions

In this paper we have described a new technique to optimize the size of an associative
memory in a object recognition problem. This technique uses Testor theory, widely
used in the logical-combinatorial approach to pattern recognition.

We describe an algorithm which allows us to calculate the most relevant features in
the patterns used to train neural network models as associative memories and multi-
layer neural networks.

Throughout several experiments we test the accuracy of the proposal by using im-
ages of real objects. In those experiments first we train the neural models and then we
show that by applying the procedure described in section 4.2 we can reduce the size of
the neural models. We also show that in some cases the accuracy of the models is in-
creased; like in the multilayer neural network, and in other cases the accuracy is the
same. We are presently working in a comparison between classical dimensional reduc-
tion techniques and Testor Theory techniques applied to the neural network optimiza-
tion task and also testing this approach with more complex objects.
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