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Abstract

Statistical Pattern Recognition and Artificial Neural Networks provide alternative

methodologies to the classification of patterns represented as feature vectors. This paper
provides a theoretical relationship and an empirical comparison between the Bayes de-
ision rule and the backpropagation model. It is shown that backpropagation performs
least mean square approximation to the Bayes discriminant function. While a three-
layer backpropagation network (one hidden layer) with a sufficient number of hidden
units is known to possess universal mapping ability, gradient-descent based backprop-
agation learning does not guarantee finding the minimum probability of error solution.
Experimental results with handwritten character recognition (digits and letters extracted
from handwritten addresses) are presented. The experiments are with two different rep-
resentations of characters : binary pixel arrays and structural features represented as
binary vectors. With pixel arrays, the backpropagation model performs better than
the first-order Bayes discriminant that assumes statistical independence between pixels.
With structural features, the first-order Bayes and backpropagation have similar perfor-
mance. However, training of a backpropagation network is much more involved. Inherent
difficulties with both classifiers are discussed.

1 Introduction

Pattern recognition has been an active field of research for over thirty years inspiring many
theoretical and experimental results. Well-developed statistical approaches to pattern
recognition exist [Fuk72, DHT3, TGT74]. Recently much attention has been diverted to
pattern recognition using the artificial neural network approach, with many successful
experiments reported [Fuk88, Bur87, RMS89, DJG*89]. Weiss and Kapouleas [WKS9]
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have done a thorough empirical comparison of pattern recognition, neural network, and
machine learning classification methods.

This paper focuses on the statistically optimal Bayes classifier and a popular neu-
ral network architecture, the backpropagation network. In particular, our interest is
in experimental evaluation for the case of binary feature vectors arising from the prob-
lem of handwritten character recognition. In analyzing these two classifiers from both
theoretical and empirical aspects, we hope to gain some insight into their relationships.

The organization of the paper is as follows. Section 2 introduces the Bayes classifier
and its approximation for the case of binary feature vectors. Section 3 introduces artifi-
cial neural networks and the backpropagation concept. Section 4 provides a theoretical
analysis of the generalized delta rule used in a backpropagation network and relates it to
the error rate achieved by the Bayes classifier. It is shown that backpropagation performs
least mean square error approximation to the Bayes discriminant function. Section 5 de-
scribes experiments with both classifiers trained and tested on a database of more than
20,000 handwritten characters. Comparisons of these classifiers and practical problems
in training them are discussed in section 6.

2 Bayes Classifier

The Bayes decision rule is a well-studied statistical classification method which is de-
fined to be optimal with known a priori and class-conditional probabilities [DH73]. If
minimizes conditional risks for any loss function.

Let the input x be a vector of d random variables, and let Cy,C;,...,C, be the n
classes to which all possible input vectors may belong. Bayes rule states that

p(c;he) = ZEEIRE) 0
where
P(x) = 3" P(x|C;)P(C)). @)

i=1
By assigning x to the class with maximum a posteriori probability, P(C;|x), the proba-

bility of error is minimized. Defining the discriminant function g;(x) for each class C; as
the a posteriori probability for class j

gi(x) = P(C;j[x) (3)

the mininum probability of error can be achieved by selecting the class whose discriminant
function has the highest value, or
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gi(x) = CEDRE), )

Since P(x) is independent of the classes, it can be eliminated without affecting the
decisions. We can further reduce this equation by applying a monotonically increasing
function, such as log, on all discriminant functions. The result is

9;(x) = log P(x|C;) + log P(C;). (5)

In order to use this discriminant function, we need to know the probability density
function of x with respect to each class Cj, and the prior probability of each class C;. In
practical pattern recognition problems, complete knowledge of either is rare. More often
we are provided with a finite number of samples, and are forced to estimate the a priori
and class-conditional probabilities based on the training set.

2.1 Binary Case

We will now consider the case where the components of x are binary. In general, the a
priori probability, P(C;) can be estimated quite accurately if the training set is large.
However, approximation of class-conditional probabilities is a challenging task. Since
there are 2% possible d-dimensional binary vectors, 2¢ probabilities need to be calculated
for each class. The large dimensionality often encountered in pattern recognition prohibits
us from making such approximations.

2.1.1 First-Order Approximation

If the components of x are all statistically independent of each other, the class-conditional
probability can be expressed as the product of conditional probabilities of each compo-
nent, as

d
P(x|C;) = I_I] P(zi|C;), (6)

where x; is the ith component of x. Therefore, we need to estimate d probabilities for
each class.

If we let
Pyj = P(z; = 1]C;) @)
and
1 — Py = P(zi = 0[C}) (8)
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then
d
P(X|C1) = H Pé‘(l - P;J)]_Ii (9)
=1

Substituting Equation 9 into Equation 5, it is simple to derive the following.

Z.r. log1 2y +Zlog(i — Py;) + log P(C;). (10)

Since this equation is linear in z;, we can rewrite Equation 10 as

w B g el (1)
i=1
where
b
w;j = log 7 _‘}‘j (12)
and
d
b = Elog (1= P;)+log P(C)). (13)

i=1

Therefore, the discriminant function for each class can be efficiently characterized by
a bias factor and a d-dimensional weight vector.

2.1.2 Estimating Parameters

Since the input vector is binary, and its components are independent under our assump-
tion, the cluss-conditional probabilities can be estimated by building a nxd histogram.
Then F;; can be approximated by the sample mean k;;/s;, where s; is the number of sam-
ples for class j, and k;; is the number of occurrences of 1’s in the ith component among
all s; samples. One common problem encountered using this approach is to determine
a suitable value for P;; when kij = 0, s; = 0 or kij = s;. Any one of those situations
leads Lo representing either infinity or negative infinity. A useful technique that avoids
this problem is to estimate P;; by (k;; + 1)/(s; +2). In fact, it has been shown this is
the best estimation in case of a mean square error loss function. Good results have also
been observed by assigning P;; the value of 1/3s; when P;; is 0.

With a given set of feature vectors, with complete knowledge of a priori and condi-
tional probabilities, the Bayes decision rule will provide the minimum error rate. The
diseriminant function in Equation 10 would be appropriate if the components in the
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feature vectors are indeed statistically independent and all conditional probabilities are
known. In some pattern recognition problems, neither of those assumption can be justi-
fied. Consequently, working under the above assumptions, we run the risk of obtaining
suboptimal performance.

2.1.3 Higher-Order Approximation

There are techniques which allow us to compromise between working under the assump-
tion of strict statistical independence among components and having to estimate 2
probabilities. One technique is {o use a generalized decision function which has the form

Zcid’;(x): (14)
1=0
where ¢;(x) are orthogonal functions and ¢; are their coefficients.

An example of a generalized decision function is one based on Bahadur-Lazarsfeld
polynomials [DII73]. The class-conditional probability can be calculated by

|
P(x|C;) = Pi(x|C;) Y ajivsi(x), (15)
i=0
where
aji = Eihi(x)] (16)

is the expected value of ;;(x), and

1 fir=
i §=1
Yd t=d
Yiyz i=d+1
Yix) =1 . (17)

Ya-1Yd i=d+1+dd—1)/2
Y1y2y3 i=d+2+d(d—-1)/2

Wiya-oya i=20-1
and y; is the normalized variable,

Ty — I),'j

i =t
VEi(1 = Fy)
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The weighting function Pj(x) is precisely the conditional probability under the indepen-
dence assumption,

d

Pi(x) =] (L —ma)' . (18)
=1

From the definition of %, it is clear that a;p = 1 and a;; = a;;--- = a;3 = 0. There-

fore, the discriminant function in Equation 10 is simply the first order approximation
by Bahadur-Lazarsfeld expansion. The probability density function can be estimated
more accurately by going into higher order terms. For our database, empirical results
discourage us from such expansion as little is gained at a cost of many more coeflicients.
Nevertheless, in general this trade off between accuracy and efficiency will depend on the
nature of the problem at hand.

3  Artificial Neural Networks and Back Propagation

Artificial neural networks have been used in pattern recognition problems as early as
1957 when Rosenblatt introduced the perceptron [Ros57]. It is well- known that they are
incapable of discriminating between non-linearly separable classes [MP69].

One major contribution in the revival of neural networks is the generalized delta rule
of Rumelhart et.al. [MRG86], which was discovered independently by Werbos [Wer74]
and Parker [Par85]. This rule provides a learning scheme for a multi-layer perceptron-
like network with non-linear activation functions, thus allowing generation of any type of
decision surface. Of course, other neural network architectures have been attempted for
pattern recognition and other applications. However, we will not give a comprehensive
overview of all neural network models here. A good introduction to various models can
be found in [MRG86, Lip87].

Although the generalized delta rule can be applied to any network, we will concentrate
on a particularly popular layered feedforward network, the backward error propagation
(BP) model. The network consists of three types of layers, each of which is composed
of various number of units. Units in adjacent layers are connected through links whose
associated weights determine the contribution of units on one end to the overall activation
of units on the other end. There are generally three types of layers. Units in the input
layer bear much resemblance to the sensory units in a classical perceptron. Each of them
is connected to a component in the input vector. The oufput units, analogous to the
response units in a perceptron, represent different classes of patterns. Arbitrarily many
hidden layers may be used depending on the desired complexity. Each unit in the hidden
layer is connected to every unit in the layer immediately above and below.

Data flow in a BP can be either in forward or backward direction. In the forward
direction, input data is transmitted {from input to output layer, layer by layer, using the
propagation rule.
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0j = f(3_ wijoi +6;) (19)

where the output of unit j, oj, is determined by the weighted sum of outputs of all units
in the preceding layer, 3; w;;0;, and a bias term, #;, applied on an activation function f
An example of fsuggested in [MRG86] is the sigmoid function,

1

=— 20
/ 1 e (20)
However, any choice of continuous, non-decreasing, differential function will be appro-
priate. The decision of the system is measured at the output layer. For the purpose of
pattern recognition, it is common to assign an input pattern to the clags whose corre-

sponding output unit has the highest value among all output units.

The decision surface for a BP is formed during training phase by a series of weight
adjustments. These weight adjustments are determined by the error signals transmitted
in the backward direction. As each labeled pattern is fed in from the input layer and
propagated to the output layer, values of the output units are compared to the desired
output responses. The amount of error attributed by each unit, §;, is calculated, layer
by layer, from output to input layer. For output units,

6_,’:(!)'—0‘,;)0}'(]70)'), (2])
where t; is the ideal output response. For hidden units,

6,‘ =0;(1 — Oj)ijusk, (22)
k

where &y is the error contributed by each unit in the layer immediately above. After § is
calculated for each unit, every weight is adjusted by

Awijy) = nbjo; + abwijg-n, (23)

where Aw;jiy is the weight change at iteration £ 7, the learning rate and, a, the mo-
mentum, are scaling factors. The choice of these two parameters has great effect on the
convergence rate of the system. In experiments described in Section 5, we used a learning
rate of 0.75 and a momentum of 0.5. It has also been observed that BP performance is
influenced by the number of hidden units available [KH88, GWG89)]. For digit recognition
we chose 15 hidden units, and for alphabet recognition we used 70 hidden units.

4 Relationship

We will first derive a theoretical relationship between the Bayes decision rule and back-
ward error propagation.

Ex.1009 / Page 13 of 26
TESLA, INC.



96

The Bayes decision rule performance is optimal for a given set of features in the
sense that it minimizes the probability of error and the conditional risk. As stated,
this requires complete knowledge of the underlying probability density function for each
class. However, in practice, finite training samples and high dimensionality compound
this simple decision theory. The difficulty in actuating the class-conditional probability
often makes the performance less than optimal.

Unlike the empirical approach in the 60’s, the resurgence of neural networks has been
led off by a series of theoretical analysis on their capabilities. Many important works have
demonstrated the universal mapping ability of a backpropagation model under various
constraints [HHN8Y9, Ara89, IM88, SW89, Shv0].

In order to understand the theory behind backpropagation, we need to study the
derivation of generalized delta rule, which originates from minimizing the squared error
sum between network and desired output responses over all patterns.

1
B=3 Ex=3 52 (tx—ox)* (24)
x x J

where fy; and oy; are, respectively, the desired and actual response of jth output unit
to pattern x. To minimize E with respect to each weight w;, it is necessary to find the
root for its partial derivative,

aE JEy 5
3!1,‘.'_,' s x Bw,-]' (2'))

Thus it is sullicient to minimize Ex. Gradient descent is the standard technique for
solving such problems. An approximation of gradient descent is achieved by making
weight changes proportional to Ey alter each presentation, i.e.,

Jbx

Axwi; < — i
61{.‘,’j

The detailed derivation can be found in [MRG86]. For our purpose, it suffices to state
the result:

Axw;; = Nbxjoxi, (26)
where

Oxj = (lxj — ij)f'(ZIU;ijf +9;) (27)

for output units and
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Sxi = J'(O_ wijoxi +0;) Y bxkwij (28)
i Py

for hidden units. In Equation 28 and 29, f’ denotes the first derivative of f. When f is
the sigmoid function in Equation 20, it can be shown that

f'(@) = f2)(1 = [(z)) (29)

and we obtain the formula in Equation 21 and 22.

We should point out that backpropagation performs gradient descent in E. However,
by adjusting the weights after each pattern is presented, we deviate from true gradient
descent. Nevertheless, Rumelhart noted that by selecting sufficiently small learning rate,
1, a good approximation of gradient descent can be obtained through sequences of small

movements[MRG86].

The statistical significance of minimizing squared error can be shown in the following
analysis. First, we rewrite the Bayes decision rule for notational convenience.

P(x|C)P(Cy)  _ P(x,Cj)

PG = S PG P(Ce) ~ PO

Consider a single output unit f;(x,w) and random classification variable {;, which is 1
il x € C; and 0 otherwise.

wo={ 4 B8

Then the criterion function J, is defined,

Ji(w) = Y Ih(x,w) — 4]
= Z[fj(wi)_ l]2+ Z[L‘(X,W)—OIZ
XeC; x¢C,
= nfEL T W) -1+ S fw)
i x€C; i xgC,

where n is the total number of training samples, and n; is the number of samples for
class Cj.

Applying the law of large numbers and Bayes rule, we obtain the following result.

1
Jim ~Ji(w) = J(x,w)

1l

P(C,) [Ustxw) — 1EP(IC; dx + P(Cigs) [ Syl w ) PUxICig e

i) = 17 PG i+ [ fix, w2 G
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/ £(% W) P(x)dx — 2 j £i(x,w)P(x,C;)dx + / P(x,C;)dx
/ £;(x, )2 P(x)dx — 2 j Ji(x, W) P(C;]x) P(x)dx + j P(C;1x) P(x)dx
/[fj(x,w) - P(lex)]zl’(x)dx+/P(Cj{x)P(Ci¢j|x)I’(x)dx

1]

In the last equation, since the second term on the right hand side is independent of
w, whatever minimizes J,/n also minimizes the first term. Therefore, backpropagation
learning seeks least mean square approximation of the posterior density function in weight
space. This is an extension of the analysis of two class linear classifiers given in [DHT73].

Knowing that the output of a backpropagation network approximates the posterior
density function, it is reasonable to ask whether a minimum probability of error solu-
tion exists. In [ITH90] it has been shown that when the probability density function is
Gaussian, a perceptron with a sigmoid transfer function approximates the a posteriori
probabilities. We will extend this result to multiclass problems without restricting the
form of underlying density functions.

Using the criterion function in our previous analysis, we can minimize the total error
by finding the root to the first partial derivative of J(w,x) with respect to w. Therefore,

0.7 o 9
i =2P(0;) [ (051 ﬂ’;—”") PG4 201-P(C) [ o QL) x| )05 = 031)

All possible w which achieves local minimum must satisfy this condition. However,
any solution which satisfy this requirement may not be a minimum in £ space. In fact,
it may well be a local maximum or saddle point. To ensure the local minimum property,
we need to exam the sign of the second derivative. The solution is a minimum if and
only if

a*J S0
dw?

Nevertheless, we will proceed to analyze its most obvious solution. This condition
can be satisfied when

A f;(x, afi(x,
P~ Fx,w) 22D pixicy) = (1 PC 00 w) LA i)

for all x. Under the assumption that df;(x,w)/dw is integrable and nonzero every-
where, the above equation can be simplified to
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The multiplicative constant P(x), of course, has to be nonzero. By applying Bayes rule
(Equation 1), we obtain

(1 = f3(x, W) P(Cy[x) = [;(x, W) P(Cig;x)
Thus,
P(C;lx) = [5(x, W) P(Cigj|x) + £;(x, W)P(C;|x)
Since
P(Cjl|x) + P(Cigjlx) =1
s Tollowing continsion s veachied
Li(x,w) = P(C;x). (32)

Not surprisingly, one solution is the posterior density function. The implicit as-
sumption being made in the above analysis is that f is functionally capable of rep-
resenting P(Cj|x). A three layer BP model with infinite number of hidden units is
necessary and sufficient to approximate any posterior density function to any degree of
accuracy [HN89, Ara89, SW89]. The diagnosis of a more realistic feedforward network
with bounded fan in can be found in [Shv90]. Without any prior knowledge of forms of
the density functions, using a two layer network (no hidden layers) or a linear activation
function will severely limit the representation power of our classifier.

From the above analysis, we make the following conclusion. Backpropagation per-
forms least mean square approximation to the Bayes decision rule. A minimum probabil-
ity of error solution indeed exists if the network is computationally capable of representing
the a posteriori probability function exactly. A three layer backpropagation model (1 hid-
den layer) with sufficient number of hidden units has been shown to possess universal
mapping ability and, therefore, can approximate any (a posteriori density) function to
any degree of accuracy [HN89, SW89, Ara89].

However, the gradient descent technique used in backpropagation learning rule does
not guarantee convergence to this solution. Networks can get trapped in a local mini-
mum. Without an exact representation of the posterior function, this mean-square-error
approximation may not give us the optimal classifier.

In this section we have shown that a multilayer feed forward network is functionally
equivalent to approximating the a posteriori probability using gradient descent.

5 Experimental Results

Several experiments were conducted on handwritten digits and alphabets using the first
order Bayes approximation and backward error propagation. Original images were di-
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Table I:
95% confidence interval for digit recognition correct rate with 212 PPI images (manual
segmentation)

low estimation high
First-order Bayes (pixel) 91.4 92.2 929

Backprop (pixel) 94.9 95.5 96.0
First-order Bayes (feature) 97.5 97.9 98.3
Backprop (feature) 98.1 98.5 98.8

rectly obtained from handwritten addresses on mail samples. The specification of data
and size of training and testing sets will be described in each section.

Input data for those pattern recognition algorithms primarily consisted of two formats.
The first type of input, which we will refer to as pizelinput, was binarized, size normalized
images. Binarization was achieved by global thresholding, and moment normalization
[Cas70] was used to scale all images to size 16x16.

The second type, which we will call feature input, was uniform length feature vectors
of 636 binary components obtained by various feature extractors described in [LLS90].
Three types of feature extractors were used in constructing the feature vector : struc-
tural, contour analysis and feature templates. The structural approach was based on the
work of [Pav86]. Several parameters and thresholds were adjusted to adapt the variations
in character styles. The contour analysis based method used chaincodes to extract fea-
tures such as holes and concavities. The third extractor implemented feature templates
[BGJHSB]. Detected features ave represented in form of a fixed lengthed binary vector.

5.1 Digit Recognition

Two different experiments were done on handwritten digit recognition. Data from the
first experiment consists of binary images that were scanned by OCR machines at 212
ppi (pixel per inch). These digits were acquired by manually locating the zipcodes on an
envelope, and then segmenting them by a program. Binarization and moment normal-
ization were applied on the images to obtain 16x16 bitmaps. The data has been cleaned
up to eliminate any badly segmented images. The training set used to estimate parame-
ters (section 2.1.2) contained 10,000 images, and the test set was a disjoint set of 5,000
images. Table I shows the 95% confidence interval for the correct rate [Ilig62, CP34].

The images used for the second experiment were scanned at 300 ppi with 256 different
gray scale value, and then thresholded to binary and moment normalized. Segmentation
of digits were performed by a program. The training set, which was composed of 18,650
images, was cleaned up. Whereas the 2711 images in the novel testing set contains an
estimated 3% of improperly segmented images. The performance is shown in Table 1L
Not surprisingly, the performance is not as good as that in the first experiment. Most of
the errors were caused by poor segmentations.
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5.2 Alphabet Recognition

The alphabet recognition experiment involves classification of all handprinted upper and
lower case alphabets. However, since each individual character is presented without the
baseline information, the following classes are combined : C-c, K-k, O-0, P-p, S-s, U-u,
V-v, W-w, X-x, Z-z. After preliminary experiments, it was observed that much of the
substitution error was caused by badly formed characters in class I-i-1, Y-y. Therefore,
those classes are also combined. Thus we have a total of 41 classes.

All images in the training and testing set were scanned at 300ppi with 256 gray scale
values and then thresholded and moment normalized to 16x16 binary images. Segmenta-
tion was performed on-line manually. The training set consists of 8000 images, unevenly
distributed among classes. The test set contained 2865 previously unseen images. Ex-
perimental results are surnmarized in Table I11.

Samples of images used in both the digit and alphabet recognition problems are given
in the appendix. These images were extracted from addresses on envelopes.

6 Discussion

From the analysis in section 4, we have seen for a specific target function, outputs of
a backpropagation network approximate the a posteriori probabilities. Therefore, by
assigning the input pattern to the class whose corresponding output unit has the highest
value, we effectively maximize the (estimated) posterior probability, and minimize the
probability of error.

In practice, however, the comparison between Bayesian classifier and backpropagation
is complicated by various factors. In most real-world problems, high-dimensionality and
finite training samples inhibit us from making accurate calculation of probability density
functions. Working reluctantly under an assumption of statistical independence or with
low order approximations, we expectedly obtain suboptimal performance.

While backpropagation provides an automated solution to such problems, it also has
its pitfalls. Using a gradient descent technique in a most likely non-parabolic error space,
it is susceptible to local minima. In fact, Hecht-Nielsen [IN89] has shown the existence of

Table II:
95% confidence interval for digit recognition correct rate with 300 PPI images (automatic
segmentation)

low estimation high
First-order Bayes (pixel) 84.9 86.2 87.4

Backprop (pixel) 89.1 90.3 91.4
First-order Bayes (feature) 92.7 93.7 94.6
Backprop (feature) 91.9 92.9 93.8
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Table I11:
95% confidence interval for alphabetic character recognition correct rate with 300 PPI
images (manual segmentation)
low estimation high
First-order Bayes (pixel) — 68.9 70.6 72.2

Backprop (pixel) 72.0 3.7 75.3
First-order Bayes (feature) 89.0 90.1 91.1
Backprop (feature) 874 88.6 89.7

local minima in backpropagation error surface. Although optimization techniques have
been proposed to find global minimum [Was88, Bab90], their effectiveness in complex
problems remains to be seen. Furthermore, the classical backpropagation is vulnera-
ble to other problems such as slow convergence and generalization. Many researchers
have proposed methods to improve the speed of convergence [Fah88, 1?90, ST90, Jac88]
However, there is still some dispute in the definition of convergence itself. It has been
observed that an absolute convergence may not provide the best generalization result.
The ellect of additional hidden units on generalization has not been thoroughly explored
either. Under such conditions, its performance may also be degraded.

From the tables in section 5, we can make the following observations. The accuracies
of Bayesian classifier and BP are comparable in most cases. BP perform better than the
first order Bayes approximation with pizel input. This is not surprising considering the
second classifier, being a first order approximation, is capable of achieving only linear
decision surfaces. Contrarily, the activation function in a backpropagation network allows
it to capture higher order relations.

In the case of feature vectorinput, their relative performance is not clear. The results
in digit and character recognition experiments showed similar accuracy rates for both
classifiers. Although the first-order Bayesian approximation has out performed back-
propagation network in two experiments, their confidence intervals overlap considerably.
If the feature components are indeed statistically independent, the first-order Bayesian
classifier provides optimal decision, and backpropagation network is albe to find good
approximation to such decision. However, it is more likely that the features are not inde-
pendent, and better local minima would have been found had the parameter space been
explored more thoroughly.

We should also take into consideration that while the implementation of first order
Bayes discriminant classifier is straight forward, the optimal configuration for a BP net-
work can only be found with more research. Therefore, backpropagation has much more
potential for improvement.
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7 Conclusion

We have shown for a specific case that the outputs of a backpropagation network are direct
estimations of a posteriori probabilities. Therefore, this neural network model has the
same computational power as the Bayes decision rule. Empirical results obtained in real
world handprinted characters recognition experiments showed that these two classifiers
have comparable performances. A finer comparison would require a detailed analysis of
the nature of input data. It is expected that if the input components are statistically
independent, the Bayes classifier will be optimal. However, if any dependence exists
among input components, backpropagation is likely to out-perform first order Bayesian
classifier. Normally the limitation in computing time and space hinders higher order
approximation of probability density functions. On the other hand, many techniques
have been developed to mitigate the difficulties encounted in training a backpropagation.
Under the circumstance, the neural network approach is a very promising alternative to
Bayesian classification.
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endix : Sample images used in experimentation
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