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Bayesian and neural network pattern recognition : a 
theoretical connection and empirical results with handwritten 
characters 
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11260 

bEastman Kodak Company, Rochester, New York 14650 

Abstract 

Statistical Pattern Recognition and Artificial Neural Networks provide alternative 
methodologies to the classification of patterns represented as featme vectors. This paper 
provides a theoretical relationship and an empirical comparison between the Ilayes de­
cision 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) arc prc-scntcd. The experiments arc 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 betwC<'n pixels. 
With structural features, the first-order Bayes and backpropagation have similar perfor­
mance. However, training of a backpropagation network is much more involved. lnhcrcnt 
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 a.pproaches to pattern 
recognition exist [Fuk72, DTI73, TG74]. 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 [WK89] 

Amanda Koch
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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 Daycs 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 backpropaga.tion 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 data.base of more than 
20,000 handwritten characters. Comparisons of these classifiers and practical problems 
in training them arc 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 prio1·i and class-conditional probabilities [DH73]. Il 
minimizes conditional risks for any loss function. 

Let the input x be a vector of d random variables, and let C1, C2 , ... , Cn be the n 
classes to which all possible input vectors may belong. Bayes rule states that 

P(C ·I ) = P(xlCi)P(Cj} 
, x P(x) ( l) 

where 

n 

P(x) = L P(xlCi)P(Cj), (2) 
i=I 

By assigning x to the class with maximum a poslerio1-i probability, P(C,lx), the proba­
bility of error is minimized. Defining the discriminant function 9i(x) for e,ach class Ci as 
the a 7iosteriori probability for class j 

(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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(4) 

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 a ll discriminant functions. The result is 

g;(x) = log P(xJC,) + logP(C;). (5) 

In order to use this discriminant function, we need to know the probability density 
function of x with respect to each class C;, and the prior probability of each class C;. In 
practical pattern recognition problems, complete knowledge of either is rare. More often 
we a re provided with a finite number of samples, and are forced to estimate the a priori 
and c/ass-condilio11al 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 challengi ng task. Since 
there are 2d possible d-d imensional binary vectors, 2d probabilities need lo 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 

ff the components of x a rc all statistically independent of each other, the class-conditional 
probabili ty can be expressed as the product of conditional probabilities of each compo­
nent, as 

d 

P(xlC;) = IT P(x.JC;), (6) 
i=I 

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

If we let 

P,; = P(x, = IIC;) (7) 

and 

l - P;; = P(x, = OIC;) (8) 
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then 

d 

P(xjCj) = IT P.j•(l - P;1 )l-x; 

i=I 

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

d p. . d 

91 (x) = LX; log--'1 - + Llog(l - P;1 ) + log P(C1 ). 
i=I I - P;; i=I 

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

d 

g;(x) = LX;w,1 + b; 
•=1 

where 

and 

P,j 
w·=log---

•1 l - P,1 

d 

b1 = L log{l - P;;) + log P(C;)-
i=t 

(9) 

{l 0) 

( l I) 

( 12) 

(13) 

Therefore, the discriminant funct.ion for each class can be efficiently characteri7,ecJ by 
a bias factor and a d-dimcnsional weight vector. 

2.1.2 Estimating Parameters 

Since the input vector is binary, and its components arP independent under our assump­
tion, the class-conditional probabilities can be estimated by building a nxd histogram. 
Then P,1 can be approximated by the sample mean k;1 /s1 , where sJ is the number of sam­
ples for class j, and k,1 is the number of occurrences of l 's in the ith component among 
a ll sJ samples. One common problem encountered using this approach is to determine 
a suitable valuP for P,j when k;; = 0, s1 = 0 or k,; = Sj. Any one of those situations 
leads to representing either infinity or negative infinity. A useful technique that avoids 
this problem is lo estimate P,1 by {k;; + 1)/(s1 + 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 l /3sj when P,j is 0. 

With a given set of feature vectors, with complete knowledge of a priori and condi­
lion<il probabi lit ies, the Oayes decision rule will provide the minimum error rate. The 
discriminant 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 pall<'rn 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 lo rnmpromise between working under the assump­
tion of strict slalislical indep<'ndence among components and having lo estimate 2d 
probabilities. One technique is to use a generalized decision function which has lhe form 

m 

L c;t/>;(x), (14) 
•=O 

where t/l;(x) arc orthogonal functions and c; are their coefficients. 

J\n example of a generalized decision function is one based on Ilahadur-Lazarsfcld 
polynomials [OT173]. The class-conditional probability can be calculated by 

2•-1 
P(xlC,) = P,(x lC,) L a1;t/>j;(x), (15) 

i=O 

where 

( 16) 

is the cxpeclc-d value of ib,,(x), ,rnd 

1 i=O 
Yi i = I 

Yd i=d 

t/;;;(x) = 
Y1Y2 i=d+l 

(17) 

Yd-tYd i = d + l + d(d - 1)/2 
Y1Y2Y3 i = d + 2 + d(d - 1 )/2 

and y; is lhc normalize-cl variable, 
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The weighting function P1(x) is precisely the conditional probability under the indepen­
dence assumption, 

d 

P1(x) = IT p~• (1 - p,)i-r,. (18) 
1:=: I 

From the definition of tp, it is clear that ajo = I and a,1 = a,2 · · · = aid = 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 li ttle is gained at a cost of many more coefficients. 
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 ct.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 (MRC86, Lip87]. 

Although the generafo:ed delta rule can be applied to any network, we will concentrate 
on a particularly popular laye1--ed feedforwaiYl 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 rnnnected 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 oulpul 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. ln the forward 
direction, input data is transmitted from input to output layer, layer by layer, using the 
propagation rule. 
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(19) 

where the output of unit j, o,, is determined by the weighted sum of outputs of all units 
in the preceding layer, :[;, w;1o;, and a bias term, O,, applied on an activation function f 
An example of/ suggested in [~IRG86) is the sigmoid function, 

1 
f = 1 + c-r· (20) 

However, any choice of continuous, non-decreasing, differential function will be appro­
priate. The d<'rision of the system is measured at the output layer. For the purpose of 
pallcrn recognition, it is common to assign an input patl<'rn to the class whose co1-re­
sponding out put unit has the highest value among all output uuits. 

The decision surface for a DP is formed during training phase by a series of weight 
adjustments. Th<'se weight adjustments arc determined by the error signals transmitted 
in the backward direction. As each labeled pattern is fed in from the input layer and 
propagat<'d lo lhP output layer, values of the output units arc compared lo the desired 
output responses. The amount of error attributed by each unit, 61 , is calculated, layer 
by layer, from output lo input layer. For output units, 

where ti is thP ideal output response. For hidden units, 

6, = Oj( 1 - Oj} I>u,kck, 
k 

(21) 

(22) 

where 6k is tlw <'rror contributed by each unit in the layer immediately above. After 6 is 
calculated for rarh unit, every weight is adjusted by 

(23) 

where 6.w;,(i) is the weight change at iteration I; 'f/, the learning rate and, a, the mo­
mentum, arc scaling factors. The choice of these two parameters has great effect on the 
convergence rate of the system. In experiments described in Section 5, WP used a learning 
rate of 0.75 and a momentum of 0.5. It has also been observed that BP performance is 
innuenccd by the number of hidden units available [KII88, GWG89). For digit recognition 
we chose 15 hidden units, and for alphabet recognition we used 70 hidden units. 

4 Relat ionship 

We will rirst derive a theoretical relationship between t he Tiaycs decision rule and back­
ward error propa~ation. 
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The Ilayes 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. /\s staled, 
this requires complete knowledge of the underlying probability density function for each 
class. However, in prnctice, finite training samples and high dim('nsionality 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 
hi off by a series of theoretical analysis on their capabilities. Many important works have 
demonstrated lhe universal mapping ability of a backpropagation model under various 
constraints [HN89, /\ra89, IMSS, SW89, Shv90]. 

In order to understand the theory behind backpropagation , we need to study the 
d<'J"ivation of generalized delta rule, which originates from minimizing the squared error 
sum between network and desired oulpul responses over all patterns. 

(24) 

where lxj and Oxj arc, respect ively, the desired and actual response of jth output unit 
lo pattern x. To minimize E with respect lo each weight w,j, it is necessary to find the 
root for its partial derivative, 

(25) 

Thus it is sufficient 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 Ex after each presentation, i.e. , 

The detailed dcriwition ran be found in [MTIG86]. for our purpose, it suffices to stale 
the result: 

(26) 

where 

(27) 

for output units and 



Dxj = /'(L, W,jOxi + O;) L, DxkWkj 
k 
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(28) 

for hidden units. fn Equation 28 and 29, f' denotes t he first derivative off When J is 
the sigmoid fu nction in Equation 20, it can be shown that 

J'(x) = J (x)( l - f (x)) (29) 

and we obtain the formula in Equation 21 and 22. 

We should po int out that back propagation performs gradient descent in E. Ilowever , 
by adjus ting t he weights a fter each pattern is presented, we deviate from true gradient 
descent. Nevert heless, Rumelhart noted that by selecting sufficiently small learning rate, 
17, a good approximation of gradient descent can be obtained through sequences of small 
movements[t11TIG86]. 

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

P(x, C;) 
P(x) 

Consider a single output unit f1 (x, w) and random classification variable In which is I 
if x E C; and O otherwise. 

{ 
1 if x E C'; 

t;(x) = 0 if x rf_ C
1 

Then the criterion function J, is defined. 

J,(w) = L,[/i(x,w)- t;]2 

X 

= L, [/;(x, w) - 1]2 + L [J1 (x, w) - 0]2 
XEC, x~C, 

n; I '°' 2 n - n; l '°' 2 = n[-- w [/;(x, w) - 1] + ----. w /;(x, w)] 
n n; xEC, n n - n, x~c, 

(30) 

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

Applying t he law of large numbers and Oaycs rule, we obtain the following result. 

lim .!.J,(w) 
n- oo 71 

J (x , w) 

P(C,) j[J1(x, w) - 1]2 P (x lC;)dx + P(C;,;,;) j Ji(x , w)2 P (x lC;,;,3)dx 

J[f3(x , w) - 1]2 P(x, C3 )dx + J J;(x, w)2 P(x,C;,;,;)dx 
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= j fi(x, w)2 P(x)dx - 2 j /j(X, w)P(x ,Cj)dx + j P(x, C;)dx 

= j f,(x, w)2 P (x )dx - 2 j fi(x, w )P(C,l x)P(x )dx + j P(C,lx)P(x)dx 

j [/1(x, w) - P (Cjlx)]2 P(x)dx + j P(C1 lx)P(C;;t1 lx) P(x )dx 

In the last equation, since the second term on the right hand s ide is indrpendent of 
w, what.ever minimizes J,/n also minimizes the first term. Therefore, backpropagation 
learning seeks least mean square approximat.ion of the posterior density function in weight 
space. This is an extension of the analysis of two class linear classifiers given in [DH73]. 

Knowing that the output of a backpropagation network approximates the posterior 
density function, it is reasonable to ask whether a minimum probability of rrror solu­
t ion exists. Tn [I III90] it has been shown t hat when the probability density funct.ion is 
Gaussian, a pcrc('ptron with a sigmoid transfer function approximates the a posteriori 
probabilities. We will exlcnd this resu lt to multiclass problems without rrstricling the 
form of underlying density funct.ions. 

Using the criterion func1 ion in our previous analysis, we can minimize the total error 
by finding the root lo the fi rst partial derivative of J(w, x) with respect. tow. Therefore-, 

All possible w which achieves local minimum must satisfy t his condition. However. 
a ny solution which satisfy this requirement may not b(' a minimum in E space. In fact, 
it may well be a local maximum or saddle point. To ensure the local minimum property, 
we need lo exam the sign of the second derivative. The solu tion is a minimum if and 
only if 

~evertheless, we will proceed lo analyze its most obvious solution. This condition 
can be satisfied when 

for all x. Under the assumption that of,(x, w)/ow is integrable and nonzero every­
where, the above equation can be simplific-d to 

(1 -!·( )) P (C,)P(xlC;) = J·( )P(C;;tj)P(xlC;h) 
,x, w P(x) ix,w P (x ) 
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The multiplicative constant P(x), of course, has to be nonzero. By applying Bayes rule 
(Equation 1), we obtain 

(1 - /;(x, w))P(C;lx) = /;(x, w)P(C;1; lx) 

Thus, 

P(C;lx) = J;(x, w)P(C;¢;Jx) + /;(x, w)P(C;lx) 

Since 

the following conclusion is reached : 

f,(x, w) = P(C,lx). (32) 

Not surprisingly, one solution is the posterior density function. The implicit as­
sumption being made in the above analysis is that J is functionally capable of rep­
resenting P(C;lx). A three layer BP model with infinite number of hidden units is 
necessary and su!Ticicnt to approximate any posterior density function to any degree of 
accuracy [HN89, Ara89, SW89]. The diagnosis of a more realistic fcedforward 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. Oackpropagation 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 fun ction exactly. A three layer backpropagation model (1 hid­
den layer) with sufficient number of hidden units ha.s been shown to possess universal 
mapping ability and, therefore, can approximate any (a posteriori density) function to 
any degree of accuracy [IIN89, SW89, Ara89]. 

llowever, the gradient descent technique used in backpropagation learning rule docs 
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 13aycs approximation and backward error propagation. Original images were di-
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Ta.blc I: 
95% confidence interval for digit recognition correct ra.tc with 212 PPI images (ma.nua.l 
segmen ta.lion) 

low esti ma.lion high 
First-order IJa.ycs (pixel) 91.4 92.2 92.9 
Ba.ckprop (pixel) 94.9 95.5 96.0 
First-order Ila.yes ( feature) 97.5 97.9 98.3 
Ila.ckprop (feature) 98.l 98.5 98.8 

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

Input data for those pattern recognition a lgorithms primarily consisted of two formats. 
The first type of input, which we will refer to as pixel input, was binarized, size normalized 
images. Binarization was achieved by global th resholding, and moment normalization 
[Cas70] was used to scale all images to size I 6xl6. 

The second type, which we will call /eal11re 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 featu re templates. The structural approach was based on t he 
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 
[BGJ H88]. Detected fca.turPs are represented in form of a fixe<l lcngthed binary vector. 

5.1 Digit Recognition 

Two different experiments wrre 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. Bina.rization a.nd moment normal­
ization were applied on the images to obtain 16xl6 bitmaps. The <la.ta has been cleaned 
up to eliminate any badly segmented images. The train ing set used to estimate parame­
ters (section 2. l.2) contained 10,000 images, and the test set was a disjoi nt sel of 5,000 
images. Table I shows the 95% confidence interval for the correct rate [llig62, C P34] . 

T he images used for the second experiment were scanned a.t 300 ppi with 256 different 
gray scale value, and then thrrsholded to binary and moment normalized. Segmentation 
of digits were performed by a program. The training set, which was compose<l of 18,650 
images, was cleaned up. Whereas the 2711 images in th<> novel testing set contains an 
estimated 3% of improperly srgmented images. The performance is shown in Table II. 
Not surprisingly, the performance is not as good as t hat in the firs t experiment. Most of 
the errors w<>re c-aused 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-o, 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 16xl6 binary images. Segmenta­
tion was performed on-l ine manually. The training set consists of 8000 images, unevenly 
distributed among classes. The test set contained 2865 previously unseen images. Ex­
perimental results arc summarized in Table III. 

Samples of images used in both the digit and alphabet recognition problems arc 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 [HN89] has shown the existence of 

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

low est imation 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 



102 

Table Ill: 
95% confidence interval for alphabetic character recognition correct rate with 300 PP! 
images (manual segmentation) 

First-order Ila yes (pixel) 
Backprop (pixel) 
First-order Bayes (feature) 
llackprop {feature) 

low estimation 
68.9 
72.0 
89.0 
87.4 

70.6 
73.7 
90.1 
88.6 

high 
72.2 
75.3 
91.1 

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 lo be seen . Furthermore, the classical backpropagation is vulnera­
ble to other problems such as slow convergence and general ization. Many researchers 
have proposed methods to improve the speed of convergence [Fah88, IP90, ST90, J ac88] 
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 effect of addilioual hidden units on generalization has not been thoroughly explored 
either. Under such condit ions, its performance may also be degraded. 

From the tables in section 5, we can make t he following observations. The accuracies 
of Bayesian classifier and BP arc comparable in most cases. BP perform better than the 
first order Bayes approximation with pixel 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 back propagation network allows 
it lo capture higher ord<'r relations. 

In the case of f eature vector input, 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 a re indeed statistically independent, the first -order Bayesian 
classifier provides optimal decision, and backpropagation network is albe to find good 
approximation lo 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 
IJaycs 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 improv<'ment. 
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7 Conclusion 

We have shown for a specific case t hat 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 classi fier 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 t ime 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 
Daycsian classification. 
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Appendix: : Sample images used in experimentation. 
Handwritten Digits (IO classes) 
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Alpha.bets (52 classes) 
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