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M ost conventional approachesto pattern classification
using unsupervised ANN use clusterification with the
entire feature set. The redundancy (dependence) of
some features in such cases makes feature space di-
mensionality too complex to handle. Early conver-
gence is another factor desired for the training phase
in networks trying different neural architectures or
learning algorithms. Asapproachesevolveand areap-
plied, the hybridization of neural concepts with other
tools hasyielded useful results. A rough set isone such
approximation tool that works well when in environ-
ments heavy with inconsistency and ambiguity in data
or involving missing data. Approaches using rough
sets may be used at the preprocessing, learning and
neuron architectural levels. Preprocessing and archi-
tectural approaches are discussed here using Rough
sets to improve overall performance of pattern classi-
fiersused in character recognitions.

Keywords: unsupervised ANN, pattern classification,
rough sets, reducts, rough neuron

1. Introduction

Rough sets have been proposed for numerous applica-
tions, especially rough set theory for artificial intelligence
and cognitive sciences, e.g. machine learning, knowl-
edge discovery, datamining, expert systems, approximate
reasoning and pattern recognition. Artificial Neural Net-
works (ANNSs) in their most general form target the de-
velopment of systems functioning similarly to the human
brain. Connections and data exchange in the network are
application dependent. Rough sets and neural networks
are combined because they yield hidden patterns in am-
biguous data and provide tools for data and pattern anal-
ysis. Rough sets are useful in dealing with inconsistent
data, having the following advantages[1, 2, 3]:

« Providing efficient algorithmsfor discovering hidden
patterns in data.

« ldentifying relationships not otherwise found using
statistical methods.
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« Enabling both qualitative and quantitative data to be
used.

« Finding minimal sets of data that can be used for
classificationsi.e., data reduction.

« Evaluating the significance of data.
« Generating sets of decision rules from data.

Rough set theory is applied in the following three
stages in neural-network based pattern classifiers:

Preprocessing stage: For any pattern classifier making
choice of optimum feature sets containing all significant
and independent features only is very critical. Hence be-
fore actual neural-based classification, it is essentia to
eliminate insignificant and dependent attributes. Rough
set concepts can be used in the preprocessing stage for re-
ducing number of attributes and thereby the complexity
of hardware implementation. Rough set concepts are also
used in selecting appropriate, relevant attributes alone
during feature extraction. Rough—set based methods can
also be used without adversely affecting neural classifier
classification accuracy [4].

Learning algorithm stage: Competitive learning is
widely used when neural networks are trained unsuper-
vised. To speed up convergence and increase classifier
classification accuracy different rules are used to update
weights. These training rules give better results when
are combined with different widely used soft computing
tools. Rules based on rough set theory are similarly de-
fined on the set consisting of winner and adjacent neurons.

Architectural stage: In dedling with rea-life data,
rough—set—based improvement in the first two stages
definitely enhances pattern classifier performance. Clas-
sification accuracy—can further be improved using archi-
tectural changes based on the principle of rough sets. This
involves modifying regular neurons in to rough neurons
and using neural rough—neuron topol ogy.

The sections that follow detail the use of rough set the-
ory conceptsin neural network architecture, together with
the preprocessing stage approach.
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Tablel. IS

Fig. 1. Image pre-processing stages.

2. Image Preprocessing

Implementing the pre-processing dataset approach us-
ing rough sets and reducing the size of feature space, re-
quires the tabular formatted dataset known as an infor-
mation system (IS) [4]. Numerous image preprocess
ing and feature extraction steps are taken on input data
set of various character images of different fonts to form
the required IS. Pre-processing mainly targets. binariza-
tion, noise reduction, skeletonization, boundary extrac-
tion, stroke compensation [4, 5, 6, 7] truncation of redun-
dant image portion and resizing to a specific size. Im-
age binarization converts a gray scale image to a binary
image. Noise is reduced using morphologica operations
such as dilation, and erosion. Skeletonizing the image
yields an approximate single-pixel skeleton that aids in
subsequent feature extraction and classification stages.
The image's perimeter is extracted to further obtain the
boundary—related attributes such as chain codes and num-
bers of loops. Stroke-width compensation repairs char-
acter strokes, fills small holes and reduces character un-
evenness. Because white areas surrounding an image
can create noise in feature extraction and increases image
size unnecessarily, truncation removes this white portion.
Eventually resizing the image to a pre-defined size: — 64
x 64 pixelsin this case. Fig. 1 shows preprocessing for a
sample input image.

3. Feature Extraction

Feature extraction as used here involves two features
types—statistical and structural [8,9, 10]. Magjor statisti-
cal features used are: zoning, crossings, pixel density,
Euler numbers and compactness. Structural features are
based on topological and geometrical character features,
such as the aspect ratio, loops and strokes and their direc-
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Fig. 2. Zoning. Fig. 3. Crossings.

tions. The image boundary is obtained and its chain code
calculated involves counting of number of ones, twos till
number of eights. Chain code is employed as a useful dis-
cernibility attribute between two classes. The number of
loops and image perimeter are also obtained. Figs. 2 and
3 show zoning and crossings used in feature extraction.

Having thus extracted feature table for each input im-
age atable of features extracted for each input image, each
of the columns or attributes is called a condition attribute
and the entire table becomes the required the IS. Table 1
shows 32 condition attribute extracted and the|S. In all 32
such condition attributes extracted and the respective ISis
shown in Table 1. Using rough sets reduces the numbers
of these attributes.

4. Reduct Based Preprocessing

Pure competitive neural—based classification uses the
entire set of input features [11, 12]. Many attributes of
this set are redundant or insignificant however, and con-
tribute little to classification. Many hybrid approaches
have been attempted to unify neural processing with other
soft computing tools to speed up convergence with an op-
timum number of training attributes having the desired
accuracy. The neuro-fuzzy hybridized approach widely
used and result oriented but is limited by lengthy mem-
bership function calculation and an inability to strongly
approximate for any type of datai.e. consistent, inconsis-
tent or incomplete [13, 14]. Recent approaches combining
neural processing and rough sets are used at different lev-
els, as stated, discussed earlier. The hybrid rough neuro
approach we propose adds a neural network with arough
set—based input data preprocessor, To reduce redundant
calculation and implementation overhead. The neural net-
work is also made to provide the desired accuracy with an
optimum number of features as shown in Fig. 4. Subse-
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Fig. 4. Hybrid rough neuro approach.

quently implementing a rough neural classifier combines
the second and third approaches discussed earlier. Our
thus unifies all three approaches.

The basic principle of rough—set-based learning is find-
ing redundancies and dependencies between given fea
tures of data to be classified. Rough set theory efficiently
handles uncertainty (upper and lower data point approx-
imations) and granular computing using the discernible
objects in the information of the systems[13, 14]. Condi-
tion attribute play a major role in IS processing with the
theory’s application directly suggesting the use of reducts
and cores to obtain reduced feature sets. The following
arguments are constructed when such reductions are ap-
plied to an unsupervised artificial neural network using
the Kohonen learning rule:

« If the cardinality of the reduced space islessthan the
number of decision classes, then the reduction may
not directly aid in making classification efficient. Ef-
ficiency obtained with original feature space may re-
duce significantly.

» Evaluating cores and hence the useful reduct set is
not always necessary when applied to the case of
neural networks.

The following four types of reduction proposed using
thetheory of rough setsare useful in easily identifying and
arranging significant discriminative contributors useful in
partitioning the input signal in Rough Neuron Architec-
ture discussed later. The key to reducing the number of
attributes lies in the discernibilty matrix and probabilities
in rough set theory.

Consider IS = (U, A, V, f) where U is the universa
sets containing all objectsi.e., U = {X1, X2, X3,....., Xn},
n is the total number of objects; A = CU{d} where C
denotes the set of condition attribute and d is the decision
attribute; V denotes sets of values taken by each condition
attribute; and f is a function between the element in U
and its value, and the value of object xi to attribute ais
a(xi). The total number of condition attributes is m i.e.
|C| = m. The number of decision classesisti.e |Vd|
= t. Discernibility matrix (t x t), whose entries contain
the relative significance of each attribute is explained as
follows[15, 16].

4.1. Method 1

Method1 for relative attribute significance in discerning
between two compared classes x and y is as follows:

P(X)X,Y|a. e ()
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Table 2. Relative contribution of different condition attributes.

Class 1 2 3
1 - Euler(0.24), Euler(0.33),
PixDen(0), PixDen(0),
AvgPixDen(0.79) | AvgPixDen(0.56)
2 Euler(0.66), - Euler(0.33),
PixDen(0), PixDen(0),
AvgPixDen(0.49) AvgPixDen(0.66)
3 Euler(0.66), Euler(0.24), -
PixDen(0), PixDen(0),
AvgPixDen(0.5) AvgPixDen(0.39)

Where P(x)X, y|&; isthe probability of an object belonging
to class x given the only information as attribute g (i =
1,2,3,...,m) when objects of x are discerned fromy. If
the value is 1, the particular attribute is most significant
and if the value is 0, then the particular attribute is the
least significant.

4.2. Method 2

In method 2, relative attribute significancein discerning
between two compared classes x and y is as follows:

P@a(x)xyla. . ... ... ..... (2

Where P(a(X))x,Yy|a is the probability of attribute value
a(X) which discerns class x from y, given the only infor-
mation as attributeg; (i =1,2,3,...,m).

4.3. Methods3 and 4

In methods 3 and 4, the relative significance of each
attribute in discerning two compared classes x and y is as
follows:

PX)x,yla+P@x)xya . . . . . . .. (3
P(X)x,y|a; * P(a(x))X,y|a. N ()

Where terms P(x)xy|a and P(&;(x))xy|a are explained
above. The algorithm used is as follows,

Step 1. Obtain the IS whose feature space must be re-
duced.

Step 2. Discrenibility matrix (txt) is constructed and
the entry for each attribute is given by one of
methods 1 to 4.

Step 3. The relative sum for each attribute is obtained
i.e,. the contribution of each attribute over the
table is summed.

Step 4. The most significant contributors based on the
relative sum are selected based on the require-
ment or set threshold.

This results in a set of reducts [15, 16] to be used for
training the neural network. With this we also get the rel-
ative contribution of each condition attribute. Using these
values we easily determine which attributes are most sig-
nificant for classifying the two classes under considera-
tion as clarified in Table 2. Row and column headings
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Fig. 5. Rough Neuron Structure.

are classes. So Table 2 defines data for a partial case of
athree-class classification problem for which limited data
is used from the original |IS. Each entry related to a row
and column crossing defines the contribution of different
attributes for discerning classes. A close look at this pat-
tern recognition data shows that conditional attribute Pix-
Den (zonel) isredundant., so only Euler Number and Avg
PixDen are needed to make a decision. These reduced at-
tributes are called reducts.

5. Rough Neuron Based Uann

In most conventional neural networks data given to the
network is precise and expected to be consistent through-
out the process an assumption rarely borne out in real life
situations, so data is pre and post processed to achieve
this. Given that most datainherently contains randomness
or impreciseness that cannot always be processed renders
the neural network unable to deal with such data. Given
this situation, the rough neuron considers random or er-
roneous parts of data and processes it to help classify the
pattern. Data is divided into significant, more contribu-
tory parts and redundant, less contributory parts using the
rough concepts described earlier. The rough neuron con-
sists of a combination of two individual neurons, lower—
boundary and upper—boundary [17, 18] in which the lower
boundary neuron, deals only with definite or certain in-
put data and generates its output as a lower boundary—
signal. The upper boundary neuron processes only that
input data in the upper boundary region evaluated based
on rough sets concepts to generate output called an upper-
boundary signal. This upper and lower boundary region
interpretation islimited only by neural network’slearning
or training stage, as detailed in Fig. 5.

Lower and upper—boundary neurons have a generalized
sigmoid transfer function. Rough neuron output is calcu-
lated asfollows:

FX)=a/(14+8%. . . . .. ... (5
Both upper and lower neuron input is:
(input) = Y (X —weight)2. . . . . . . . (6)
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The output of the lower and upper neuronsis as follows:

(output),ger = MIN(F(iNPUL e ), F(input™PP?))

7
(output) PP = max (F(input ey, F(input“pper)).( )
Making combined rough neuron outpuit:
Output = (output), e + (OUtput) PP, .. (8

6. Training

In the unsupervised mode used here the neural network
operates on the competitive learning principle, where ev-
ery neuron competes with every other neuron to win given
input. Once the winner is determined only that neuron’s
weight is updated. To make the system more adaptive, ad-
jacent are also be updated appropriately, making neurons
unique triggers for objects of the same class. For agiven
test input set, output for al rough neurons is calculated
using Egs. (5) to (8). For each input, the neuron whose
weight closely matches input is declared the winner, i.e.,
the neuron with the lowest output value. Once the winner
is declared the weights of that neuron is updated based on

Eq. (9).
Whew =Woid + a(t) x h(t) X (X =Weig). . . (9)

Where o(t) is the time varying learning constant and
h(t) is the adjacent function .The learning rate, an im-
portant parameter in the learning process lies in 0 to 1.
Larger values of o may speed up convergence but also
may cause oscillations in output. Smaller oo may lead to
the network requiring an unusually long time to converge
despite less error at convergence. The learning rate gen-
eraly is application—dependent and is typically chosen
through experiments. Here, however it is chosen based on
the principle of adaptive learning. In the rough neural net-
work used here training occurs at two levels, meaning that
the two parallel processes run through the network in pa-
rameter approximation, one through the lower neuron and
the other through the upper neuron [18]. Learning rates of
individual neurons differ, are generally time-varying and
decreases with the number of iterations. The rough neural
network thus uses a dynamic or adaptive learning con-
stant. The learning rate of the lower neuron is expected
exceed that of the upper neuron because it has significant
information, which helps in discerning patterns. A net-
work’s point of convergence is that at which no further
significant change occurs in neuron’s weight. At conver-
gence we expect input to be classified into distinct classes
by input value. At this point the network is declared to
have been trained.

7. Results and Conclusions

The character recognition problem is used to verify our
proposed approaches. A data set is formed by images of
English lettersin 18 different fonts. Fig. 6 showsthetrain-
ing data subset. Fig. 7(a) and (b) show sample images
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Fig. 6. Subset of data used for training and forming the IS.

@

(b)

Fig. 7. (a) Sample Images. (b) Sample of IS after boundary and skeleton extraction.
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Fig. 8. Number of Reductsvs Classification accuracy for all
four methods.
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Fig. 9. Epochsvs Classification Accuracy for various o values.

with boundary and skeleton extraction. This data forms
the required 1S. So the work here is considered for veri-
fying the application of the rough neuro hybrid approach
for consistent and inconsistent types of data. Verification
for the application of such an approach to missing datais
projected work.

The result for reduct based preprocessing is summa-
rized asfollows:

« Algorithms proposed for obtaining reductions are
advantageous, because they do not use the step, eval-
uating cores and reducts of the set.

« Such reductions provide more flexibility in choosing
useful information for neural network based classifi-
cation.

« The Classification accuracy of the pure neural net-
work depends on the number of input features fed to
it. Dueto reduct calculation, 32 input features are re-
duced to atargeted number of reducts. As shown by
the graph in Fig. 8 methods 1, 3 and 4 works reason-
ably better than method 2. Excessive attribute reduc-
tion for all methods may result in loss of informa
tion, in turn reducing classification accuracy. When
the number of attributes is below 18, accuracy falls
dramatically. Even if we consider the case of 25 in-
put features, the resulting reduction is 21% for atotal
number of 32 attributes. Reduction is maximum and
44%, if the attributes numbers 18.
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Fig. 10. Number of Epochs vs Classification accuracy for
three methods for oo = 0.4.
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Table 3. Results.

Network | Number of Learning Classification
Type iterations rate (o) accuracy (%)
Pure 1000 0.4 94.78
Neural
Pure 1000 0.4 93.54
Neural
with
reducts
Rough 100 04,03 94.84
Neural (Lower and

Upper neu-

ronsresp.)

Thegraph in Fig. 9 shows variation in classification ac-
curacy vs values of epochs. Efficiency is maximized at
learning co-efficient (a:), 0.4 and epochs numbering 1000.
Efficiency rises from 500 to 1000 epochs, but, the effi-
ciency for 1000 epochs is as good as or better than that
for 1500 epochs.

Figure 10 shows gradually improving classification ac-
curacy with the increasing number of epochs for al the
three methods for a common learning constant value of
0.4. Convergence occurs early for the third method and
classification accuracy remains the same without signifi-
cant improvement. The network based on the rough neuro
hybrid approach gives almost compatible classification
accuracy with reduced attribute numbers and convergence
time compared to the other two methods.

For rough neural network testing results are bench
marked with results of conventional pure neural networks.
In both cases training to test the set percentage ratio was
80:20. The selected number of reducts for both cases was
20. Table 3 summarizes results. The value for ¢ is 0.4
based on the graph in Fig. 9.

Table 3 shows that classification accuracy of the neural
network increased with fewer iterations proving that the
introduction of rough neurons significantly increases the
network performance.
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