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Probabilistic Neural-Network Structure Determination for Pattern Classification
K. Z. Mao, K.-C. Tan, and W. Ser

Abstract—Network structure determination is an important and the parameters of the components were estimated from
issue in pattern classification based on a probabilistic neural the training set by using a Gaussian clustering self-organizing
network. In this study, a supervised network structure determi- algorithm. In [14], the clustering technique of the restricted

nation algorithm is proposed. The proposed algorithm consists of . .
two parts and runs in an iterative way. The first part identifies Coulomb energy paradigm was used to find cluster centers and

an appropriate smoothing parameter using a genetic algorithm, associated weights corresponding to the number of samples
while the second part determines suitable pattern layer neurons represented by each cluster. Basically, all the above mentioned
using a forward regression orthogonal algorithm. The proposed PNN reduction algorithms are based on the clustering approach.
algorithm is capable of offering a fairly small network structure  gjnce the classification error has not been used directly in the
with satisfactory classification accuracy. . - -
process of neuron selection, these algorithms can be classified
Index Terms—Genetic algorithms, orthogonal algorithm, into the category of unsupervised learning.
pattern classification, probabilistic neural network (PNN). In this study, we propose a supervised PNN structure deter-
mination algorithm. A strength of this supervised learning algo-
|. INTRODUCTION rithm is that the requirements on classification error rate and

Applications of neural network to pattern classification havrgpdel size are incorporated directly in the process of deter-

. o . . mining the network structure. Indeed, we propose to solve th
been extensively studied in the past many years. Various ki g ewo . Indeed, we prop € the

: . . . NN structure determination problem by minimizing the net-
of neural-network architecture including multilayer perceptron P y g

(MLP) neural network, radial basis function (RBF) neural nei/ivork size under the constraint of meeting a specific classifica-

o on error rate. The proposed algorithm consists of two parts and
work, self-organizing map (SOM) neural network, and proba-" "~ : . ) ;
L fups in an iterative way. The first part of the algorithm performs

bilistic neural network (PNN) have been proposed. Because 0 . . : :
. s o 'smoothing parameter selection. Since there is no known quan-
ease of training and a sound statistical foundation in Bayes%hn

L . tive relationship among the network size, classification error
estimation theory, PNN has become an effective tool for solvin grive relationsnip among te neawork size, classtiication €1ro

many classification problems (e.g., [7], [10], [11], [13], [16]) dte and the smoothing parameter, a genetic algorithm (GA),

However, there is an outstanding issue associated with Pll\[ﬁtead of others that demand such a quantitative relationship,

. S . ..1s employed to find an appropriate smoothing parameter. The
concerning network structure determination, that is determinin .
. . second part of the proposed algorithm performs pattern layer
the network size, the locations of pattern layer neurons as we . : )

. euron selection. With the use of the smoothing parameter al-

as the value of the smoothing parameter. As a matter of fact, the . . . .
. . ready determined in the first part, the output of a summation
pattern layer of a PNN often consists of all training samplesIP

) . ag/er neuron becomes alinear combination of the outputs of pat-
which many could be redundant. Including redundant sample :
tern layer neurons. Subsequently, an orthogonal algorithm ([1],

can potentially lead to a large network structure, which in tur_]) is employed to select important neurons. Because of the

induces two problems. First, it would result in higher comput ) . :
. . . incorporation of an orthogonal transform in neuron selection,
tional overhead simply because the amount of computation ngc-

. . : The proposed algorithm is computationally more efficient than

essary to classify an unknown pattern is proportional to the siz . . .
Other algorithms that use genetic algorithms (GAs) to search all
of the network. Second, a consequence of a large network struc-
) " " - ~.pdrameters of the neural networks structure (e.qg., [20]).
ture is that the classifier tends to be oversensitive to the traini : ; . 7 .
o - o " his paper is organized as follows. In Section I, a brief

data and is likely to exhibit poor generalization capacities to the

unseen data ([2]). On the other hand, the smoothing parame \é?rwew of the PNN is presented and the associated problems

; . o ._are analyzed. Pattern layer neuron selection using an orthogonal
also plays a crucial role in PNN classifier, and an appropria] . C . ) .
. . algorithm is discussed in Section IlI-A. In Section 1lI-B, a
smoothing parameter is often data dependent.

PNN smoothing parameter selection algorithm is proposed.

The two problems mentioned a_bove have beep reahzed l%merical examples are presented in Section IV to demonstrate
some researchers and some algorithms for reduction of tram{ﬂ% effectiveness of the proposed algorithm

samples have been proposed ([3], [12], [14], [17], [21]). The
vector quantization approach was employed to group training
samples and find cluster centers to be used for PNN in [3] and
[21]. In[12] and [17], the probability density function of a PNN II. A BRIEF REVIEW OF THE PNNsS
was approximated by a small number of component densities
The PNN was first proposed in [13]. The architecture of a typ-
ical PNN is as shown in Fig. 1. The PNN architecture is com-
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Fig. 1. Diagram of a PNN.
inthe pattern |ayer. On I’eceiving a patte:l‘fllom the input Iayer, ( Generate some random numbers as the initial values of
the neurone;; of the pattern layer computes its output candidate smoothing parameters; J
]
T r Select important neurons corresponding to each
1 (.’L’ — ‘TU) (.’L’ — ‘TU) candidate smoothing parameter value generated using
(/)U (.’L’) = m exXp | — 952 (1) an orthogonal algorithm;
U g 1
Whered_denOtes the dimens_ion of the pattem Ve@tw is the 1 Construct PNN classifiers using the selected neurons
smoothing parameter and; is the neuron vector. The summa- corresponding to each candidate smoothing parameter
. . . . and classify the training samples;
tion layer neurons compute the maximum likelihood of patteri L
x being classified inta”; by summarizing and averaging the l
OUtpUt of all neurons that belong to the same class Generate new candidate smoothing parameters using
a genetic algorithm;

N;
PRSI S U S T CE) I Py
Di - (27T)d/20d Ni pt % 20.2

= Fig. 2. Diagram of the proposed PNN structure determination algorithm.

)

here N: denotes the total b ¢ les in ol it Ill. DETERMINING THE PNN STRUCTURE USING AN
where ' _eno es ...e otal number of samples in class ORTHOGONAL ALGORITHM AND THE GENETIC ALGORITHM
the a priori probabilities for each class are the same, and the

losses associated with making an incorrect decision for eacHn this section, we propose a supervised PNN structure deter-
class are the same, the decision layer unit classifies the pattefiination algorithm that incorporates an appropriate constraint
in accordance with the Bayes’s decision rule based on the outpdtclassification error rate. The proposed algorithm consists of
of all the summation layer neurons two parts and runs in an iterative way as shown in Fig. 2, of

which the first part identifies a suitable smoothing parameter
using a genetic algorithm (GA) [6], while the second part per-
C(z) = arg max{pi(x)}, i=1,2,---,m  (3) forms pattern layer neurons selection using an orthogonal algo-
rithm [4]. Recently, an algorithm with similar architecture for
where C(z) denotes the estimated class of the patterand RBF neural networks structure determination was proposed [5].
m is the total number of classes in the training samples. Ohlewever, we developed our algorithm independently, and sub-
outstanding issue associated with the PNN is the determinatioiited our work for review before the publication of [5]. The
of the network structure. This includes determining the netwokfference bewteen our algorithm and that in [5] is discussed in
size, the pattern layer neurons and an appropriate smoothfegtion Ill-A.
parameter. Some algorithms for pattern layer neurons selection ) )
have been proposed ([3], [12], [14], [15], [17], [21]). Since thé&- Construct the _Pattern Layer Using the Forward Regression
classification error has not been used directly in the processftnogonal Algorithm
PNN structure determination, the algorithms mentioned aboveAt this stage, it is assumed that the smoothing parameter has
can be classified into the category of unsupervised learning. been chosen. The objective is to select representative pattern
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layer neurons from the training samples. As described in tfg the more important the corresponding neuron is. The crite-
previous section, for thith training pattern in class; denoted rion given by (7) is simple to implement and often provides a
by vectorz;, the maximum likelihood to be classified €@ is  satisfactory evaluation of the importance of the neurons.
N The neuron importance evaluating and ranking procedure is
pilan) = 1 1 Z summarized as follows:
o (2m)4/20¢ N; = 1) To determine the most representative neuron for class
‘ NT B C;, all the NV; training samples in clags; are consid-
|: (xzk - .’L'”) (xzk - ng):| H H i

-exp |— ered as the possible candidate. It requires a computa-

2
N 20 tion of the output of each candidate neuron to classify
- all training samples in class;
=" ¢ij(mir) 4)
=1 ga):d)av a:1727"'7Ni;
where d)a = [¢a(1)7¢a(2)7'"7¢a(Ni)]T' (8)
— 1 1 (@i — zi) " (zin — wiy) The importance is evaluated as follows:
pulow) = gz 3 [~ | o o '
a) aT e _ . .

Note thatp;(x;:) is a nonlinear function of the smoothing M =rrer, a=12--, N ©)
parameter and the pattern layer neuron vecteysBut if the The sample that corresponds to the maximum impor-
smoothing parameter is set to a prespecified value, and the tance index, say;;, is considered as the most repre-
output of each neurom;;(x;) is considered as an auxiliary sentative neuron for clags; and is used to generate
regression variabley;(xz;;) becomes a linear combination of o}

these auxiliary variables as shown in (4). Linear orthogonal 2y To determine thgth representative neuron for clags
transforms can therefore be applied to decompose the coupling all the remainingV; — j + 1 samples in clas€}, say

petween these auxiliary variables so as to facilitate an evalua- Prys Phss s Prn. 41, A€ considered as the candi-
tion of th_e importance of each_ neuron. _ date. Compute the importance index
Equation (4) can alse be written in a matrix form as
j—1
P =0 ®) Q]('a) = Pk, — 27’1(2)5217
=1
where a=1,2--- N,—j5+1 (10)
9:[171771]T 71(((;) :Q?(bkn/Q?le
P:[pi(xil)7pi(xi2)7"'7pi(xi]\7i)]T Q@ = 1,2,,N7—j+1, l < 'L (11)
pin(ea)  dialwi) oo din(win) The sample with the maximum importance index is
= Pin(ziz)  diawiz) oo dini(@i2) ' considered as thith representative neurons.
: : : : The orthogonal transform has been employed in determining
bir(zin,)  bialzin,) - din, (zin,) the structures of RBF and fuzzy basis funcion (FBF) neural net-

. . _works ([4], [5], [18], [19]). If extended to multiple-output sys-
Applying an orthogonal transform 1o the regression maxx tems, the algorithms in [4], [5] are applicable to pattern clas-
one can obtain sification problems. Determining the structure of the mutiple-
output RBF structure using the extended algorithms of [4], [5]

®=QR=[0) Q2 QWIR ©) is equlivalent to determining the structure of the PNN based

whereQ1, Q2,---,Qy, are an orthogonal basig is a trian- on the minimization of the mean squared error (MSE) between
gular matrix as follows: the output vectors of summation layer neurons and the desired
1 rs s o Tin s _ output vgctors, whose elements can be setto one or zero to indi-

0 1 » 3 o ‘:_ ] cate the input patterns belonging to or not bel_ongmg to the class.

23 TaNi=1 72N However, for the PNN-based classifier, one is more concerned

R=1:! : : . with the error of decision layer than that of the summation layer

o 0 0 --- 1 TN, _LN; since a smaller MSE of the summation layer does not neces-

o 0 0 --- 0 1 sarily lead to a better classification. Therefore we have chosen

. . . . . todetermine the structure of the PNN based on the minimization

The importance of thgth candidate neuron in class; is of the decision layer error, in which the Bayesian decision rule
evaluated based on the normj is incorporated in the process of determining network structure.
T, = Q;‘PQJ @) This is the ma?r.l differenqe between our algorithm and those in

[4], [5]. In addition, algorithms developed in the present study

Under the condition that all neurons have the same smodghapplicable to problems with small numbers of training sam-
parameter, a larger value bf. indicates that more neurons areples. Indeed, PNN’s were considered as variants of RBF neural
closest to the corresponding neuron. Therefore the largdr thaeetworks. But unlike the RBF neural networks whose weights
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are adjustable, the weights of PNN's are all set to one. Pratiassification error tolerance. Since there is no known quantative
ably because of this, PNN’s is applicable to problems withralationship among the network size, the classification error rate
small number of training samples and is less likely to overfit thend the smoothing parameter, a GA [6], instead of others that
training data. This is an advantage of PNN since a small numlzeamand such a quantative relationship, is empolyed to slove the
of training sample is often encountered in pattern classificaticabove optimization problem. The GA-based network structure

For example, only seven training samples are available for eatdgtermination algorithm is outlined as follows.

class in Experiment 3. 1) Generate a set of random real number for the
Based on the sample importance evaluating and ranking pro- smoothing parameter.

cedure Steps 1), 2), the PNN classifier construction procedure 2) Set the smoothing parameter to the values already de-

is summarized as follows. fined, construct classifiers using the orthogonal algo-
1) Selectthe most representative neuron for each class rithm-based PNN construction procedure Steps 1)—-4)
from all the training samples using the neuron impor- of Section IlI-A.
tance evaluating and ranking procedure Step 1). 3) Classify all the training samples and compute the clas-
2) Construct a probabilistic neural-network classifier sification error rate for each class.
using all the selected representative neurons. Classify 4) Perform genetic operations on the values of smoothing
the training samples in each class and compute the clas- parameter and generate a new set of smoothing param-
sification error rate, which is defined as the ratio of the eter.
number of misclassifications to the number of training  5) Go to Step 2) until the number of iteration reaches a
samples in each class. prespecified value.

3) Select one additional representative neuron usingGAs are a class of random search procedure which were ini-
the neuron importance evaluating and ranking proctally motivated by the principles of natural evolution and popu-
dure Step 2) for classes that the requirement on claskstion genetics ([6]). GA-based optimization is a guided random
fication error rate is not satisfied. search method which could find an optimal solution without ex-
4) Goto Step 2) until the requirement on classificatioaustively testing all possible solutions.
error rate of all classes are satisfied. If the training sam- Typically, a genetic algorithm consists of the following
ples are poor, the required classification accuracy migbperations; encoding, fithess value assignment, reproduction,
not be met even if all the training samples are used twossover and mutation. Details of the GA-based PNN structure
construct the pattern layer. If this is the case, a highdetection algorithm are described below.
classification error rate will be used. 1) Encoding: GA works with the coding of parameters
Because only the most important neuron is selected at evéagher than the parameter themself. If samples are normalized,
step, the above procedure is capable of selecting a fairly snth smoothing parameter should be smaller than one, only

PNN with satisfactory classification accuracy. fraction part needs to be coded. A four-bit decimal coding
is employed in the present study to encode the smoothing
B. Selecting the Smoothing Parameter Using Genetic parameterr. For example, one individual is = 0.6257, this
Algorithms value can be represented by the following decimal string:
In Section IlI-A, it is assumed that the smoothing parameter by be b by
is set to a prespecified value. But an appropriate smoothing pa- e T e Ut St

rameter is often data dependent. Therefore, it requires a proper 6 2 5 7

Egosceegg:z for smoothing parameter selection as we shall p\r/vq%erebi denote the bit of 10°. The physical interpretation of

When a neural-network classifier is constructed, classificth-e above string is that the 10 bit is six, the 10°* bit is two,

) ) ) e 1072 bit is five, the 107 bit is seven.
tion accuracy and network size are the most important aspec ?) Fitness Evaluation:Each individual represents a
that need to be taken into consideration. Often it is desired tha ’ P

the network architecture could be minimized under the Con(ﬁ[noothlng parameter value. With the use of neuron selection

tion that the classification error rate is smaller than a prespe%!gomhm developed in Section III-A and smoothing parame-

fied tolerance bound. Therefore we solve the PNN structure é%[s defined by all |nd|V|.duaIs, a num_ber.of ct‘andlda.te_ ngtwork
sfructures can be obtained. The objective is to minimize the

termination as the followin nstrain timization problem . : .
e ation as the following constrained op ationp Obeneural—network size, therefore the fitness function should be
in the present study : :

inversely proportional to the number of selected neurons. The

min{n} (12) fitness can be computed using the following mapping scheme:

Subject to Pmax — Pmin (

Pi = Pmax — n; — nmin) (14)

T'max — T'min
po< 6 (13) , L
wherep, denotes the fitness value of thih individual. 7y,

wheren denotes the network size, i.e., the number of selected,.x, and pmin, Pmax are the minimum and maximum size
pattern layer neurong, is the classification error rate which isof candidate network structure in the current population, and
defined as the ratio between the number of misclassificatiotie minimum and maximum fitness values, respectively. In this
and all the training sampleé,is a prespecified upper bound ofstudy p.,,in andpmax are setto 0.5 and 1, respectively.
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3) Reproduction: Theroulette wheebpproach is employed value of each mutated offspring using the procedure
to implement the reproduction procedure. Each string is allo- summarized in Step 2).
cated a slot of theoulette wheekubtending an angle propor- 5) Select then fittest individuals from set$ and©
tional to its fitness. A random number in the range of 0 to 2 by comparing fitness values.
is generated. A copy of string goes to the mating pool if the 6) Reset the s&® with the newly selected individ-
random number falls in the slot corresponding to the string. The uals, reset the number of generatians: ¢ + 1, and
reproduction is repeated to generate a mating pool with a pre- nullify the offspring set®.
specified size. 7) Steps 2)-6) are repeated until a prespecified
4) Crossover: The purpose of crossover operation is to gen- number of generations arrives.

erate new solutions by exchanging bits between individuals. As-Remark 1: A single smoothing parameter is used in the
suming two randomly selected parent individuals are given Bygorithm developed above. This is the same as the original
stringz and stringj PNN. But employing a single smoothing parameter might not
b by b be be a good choice in some cases. Consider a two-class problem,
where samples in class A scatter widely, while samples in class

f , \ , string¢ B concentrate, and region A is very close to region B. Classifiers
i a poem, o using a large smoothing parameter cannot capture the classes
0 4 3 2 string j. well. Employing a small smoothing parameter can capture

the classes, but this would lead to a large network structure.
S0 alleviate this problem, we can employ multiple smoothing
parameters, where each class has a smoothing parameter. By
modifying the coding scheme, the algorithm developed above

First, randomly select the bit at which the two strings will b
changed, for exampl&. Then exchanging the values at bijt
for the two strings yields two offspring strings:

by by bs by is applicable to the case of multiple smoothing parameters. For
D T string example, for a two-class problemy, = 0.7251, o = 0.2103,
b b b b the smoothing parameters are coded as follows:
3 4
N AN AN AN .
0 2 3 2 stringl. by by by ba by b b b

o N et i e i et T e S N
5) Mutation: The purpose of employing mutation is to gen- .7 2 5 1 2 1 0 3 .

erate an individual that is not easy to achieve by the crossover o1 o3

operation. In this study, the mutation is achieved by changing )

the selected bit with a random number between zero to nine. FoRREMark 2: GAs have been used in neural-networks structure

example if the bib, of stringk is supposed to mutate, Changinéietermmatmn ([9], [20] and the references therein), in which

this bit to a random generated number, say eight, yields the f8|L Parameters of the networks were optimized using GAs. The
parameters can be weights of the MLP neural networks, or lo-

lowing string: . . ,
cations of hidden layer neurons and width of RBFs of the RBF
by ba bs ba neural networks. In theory, the GAs could find the optimal so-
8 4 5 7 string z. lution. In practice, however, the optimal solution, even the sub-

optimal solution is difficult to find if the number of parameters
6) Summary of the Proposed Algorithnithe proposed PNN to be optimized is very large. This is because the search space
network structure determination algorithm can be summarizegipands dramatically with the increase of the number of param-
as follows. eters. In our study, the GAs were used in a different way, where
1) Generate an initial population sBtconsisting of the pattern layer neurons were selected using the forward regres-
n individuals, each individual represents a smoothingjon orthogonal decomposition, the smoothing parameter was
parameter. Set the current generation nuniberl. optimized by the genetic algorithms. Since GAs were used to
2) With the use of neuron selection algorithm devebptimize just the smoothing parameter, the large search space
oped in Section llI-A and smoothing parameters dgsroblem mentioned above was alleviated. Of course, our solu-
fined by all individuals, a number of candidate networkion might not be optimal due to the suboptimality of the forward
structures can be obtained. Compute the fitness valuegression orthogonal decomposition that was employed in our
Form a mating poaM using all individuals in the pop- study, but the algorithm is computationally tractable and often
ulation setP at the probabilities assigned to each indiresults in a small network structure.
vidual proportional to the corresponding fithess value.
3) Randomly select a pair of parent strings from the V. EXPERIMENTS
mating poolM. Choose a random crossover point and .
exchange the parent string bits to produce two off* EXperiment 1
springs and put the offsprings in the offspring 6kt In the first experiment, the proposed algorithm was tested
The procedure is repeated until the number of offspringsing the uniformly distributed data set which was used for
strings are the same as the number of parent stringshe work reported in [3]. There are two classes of data and a
4) Mutate each bit of each offspring in the §&with  total of 2000 data samples were generated for each class, where
a prespecified mutation rate and calculate the fitne§§0 samples of each class were used for training, the remaining
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Fig. 3. Training samples for Experiment-t{class 1x—class 2).

TABLE |
SELECTED NETWORK STRUCTURE USING
THE PROPOSEDALGORITHM FOR EXPERIMENT 1

ol 1 : L L L L 1

2 L
[} 01 02 03 0.4 05 086 07 08 09 1

Fig. 4. Selected pattern layer neurons for the Experiment 1.

TABLE I
SELECTED NEURONSUSING THE PROPOSEDALGORITHM FOR EXPERIMENT 2

No. | feature 1 | feature 2 | feature 3 | feature 4 | class
number of selected neurons 8 1 5.0 33 1.4 0.2 1
smoothing parameter 0.094 2 6.1 3.0 4.6 14 2
correct classification rate (training set) | 99.8% 3 5.8 2.7 5.1 1.9 3
correct classification rate (test set) 98.85%

(it was reported in [3] that PNN was not effective to classify

TABLE Ii classes with linear boundary).

BESTRESULTS OFLVQ-PNN REPORTED IN[3] FOR EXPERIMENT 1

number of neurons | correct classification rate B. Experiment 2

10 neurons 96.999% . .

100 nerons 98.116% In the second experiment, the popular Iris
data set at UCI Machine Learning Repository
(http://lwww.ics.uci.edu/\A~mlearn/MLRepository.html) was

1500 samples were used for test. The feature space is twotdied to test the proposed algorithm. The Iris data set consists of
mensional, and the training samples are shown in Fig. 3. ThB0 samples of three classes, where each class has 50 samples.
proposed PNN network structure determination algorithm wase dimension of the feature space is four. The 150 samples
used to select neurons and the smoothing parameter. The ewgéite equally divided into two subsets. One subset was used for
selected neurons are shown in [4], the network structure is listiedining and the another subset was used for test.
in Table I. Although only eight neurons are used, the PNN clas-By using our algorithm, only three neurons listed in Table 11|
sifier achieves 99.8% correct classification for the training dateere selected, where each class had one neuron. The PNN clas-
set and 98.85% correct classification for the test data set. Faifieer constructed using the three neurons achieved a result of
comparison, the best results of the (LVQ)-PNN reported in [8nly one misclassification among the 150 samples, where the
are listed in Table II, where 96.999% and 98.166% correct clasamber of misclassification over the training data and the test
sification were achieved for classifiers with ten and 100 pattedata are one and zero, respectively. The automatically selected
layer neurons, respectively. It was not mentioned in [3] whethemoothing parameters for the three classes were 0.2221, 0.2503,
the classification process was carried out based on the trainargl 0.2791, respectively.
data set or the test data set or a mixture of both. But even withComparisions between our algorithm and other commonly
only eight neurons and using the test, but not training, data seted algorithms such as the LVQ, the fuzzy LVQ called
our algorithm achieves a relatively better classification result, 8.VQ-F, the heuristic LVQ called dog-rabbit (DR), the random
well as offering an automatic selection of the smoothing parasearch (RS) and the GAs were performed. The best results
eter (for the LVQ-PNN method [3], the smoothing parametearchieved by using our algorithm and those obtained by using
has to be selected by trial and error). other algorithms reported in [8] are listed in Table IV. Notice
An interesting phenomenen in this example is that thbatin [8] the 150 samples were used for both training and test.
selected pattern layer neurons are approximately symmetricaFrom Table IV, we can see that the PNN classifier having only
about the boundary of the two classes as shown in Fig. three pattern layer neurons achieved the result of only one mis-
Indeed, if the selected neurons are exactly symmetrical, 10@¥assification. This result is better than those of nearest proto-
correct classification can be achieved over both training ahgpe classifiers using the same number of prototypes selected by
test data sets. This result shows that the PNN based classifidM€), GLVQ-F and DR, whose number of misclassification are
quite effective to solve linear boundary classification problenis7, 16, and ten, respectively. Our result is also slightly better
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TABLE IV

NUMBER OF MISCLASSIFICATION OFDIFFERENTALGORITHMS WITH THE SAME

NUMBER OF SELECTED PROTOTYPES FOREXPERIMENT 2

algorithm | number of selected samples | number of misclassification

LvVQ 3 17

GLVQ-F 3 16

DR 3 10

RS 3 2

GAs 3 2

our algorithm 3 1

TABLE V
NUMBER OF PROTOTYPESNEEDED TO ACHIEVE ONLY ONE
MISCLASSIFICATION FOREXPERIMENT 2

1015

algorithm | number of samples selected | number of misclassification 0o
GE\\/{S-F ig i ig. 5. Face image examples for Experiment 3.
DR >9 1
RS 7 1
GAs 8 1
our algorithm 3 1

12
than those achieved by using RS and GAs, whose number of:
misclassification are both two. &

On the other hand, to achieve the result of only one misclassi-
fication, our algorithm selected only three neurons, while GAs
and RS based algorithms selected eight and seven prototypes 4}
respectively, as shown in Table V. It was not reported in [8] the :
exact number of prototypes that would be selected to achieve,,
the result of only one misclassification for LVQ, GLVQ-F, and
DR based algorithms, but the number would be larger than nine. |

The above results are not surprising, since our algorithm con-
figures the PNN classifier by minimizing the number of patterpig. 6. Downsized face image examples for Experiment 3.
layer neurons under the constraint of meeting required classifi-
cation accuracy, while LVQ, GLVQ-F and DR e_”?P'Oy other OProw, Jth column of the downsized face image, the feature vector
timization criterion. Beacuse the PNN has additional adjustal )

: . s formed as follows:
parameters (smoothing parameters), our algorithm selects less
prototypes than RS and GA-based algorithms.

V=[z11,212, -, %112, T2,1, T2,2, " - -

T
C. Experiment 3 X212, ,216,1,L16,2, """ 3516,12] .

Face recognition is a typical pattern classification Obviously, the face recognition problem under study is a
problem. Face image database of the University of Beoomplex pattern classification problem which involves 192
(ftp://iamftp.unibe.ch/pub/Images/Facelmages/) was used pattern features and 30 pattern classes.
this experiment. The database contains frontal views of 30The ten samples in each class were first equally divided into
people, where each person has ten face images correspontigsubsets. Then ten samples were randomly selected from one
to different head positions. The image size is of 54242 of the two subsets, and were put into the another subset. The
pixels. subset that contains seven samples was used for training, the

A typical face recognition system consists of three modulesbset that contains three samples was used for test. Totally 210
namely, face detection, feature extraction and classificati@amples were used for training, 90 samples were used for test.
Since the main concern in the present study is the classificait was assumed that the number of neurons for each class
tion algorithm, it was assumed that face images ofx648 (person) was the same. The number of neurons and the corre-
pixels, as illustrated in Fig. 5, had been detected manually gonding classification error rate are listed in Table VI. The dia-
by automatic face detection algorithms. The face images gifam of classification error rate (percentage) versus the number
64 x 48 pixels were downsized to 16 12 pixels by uniform of neurons from each classis illustrated in Fig. 7. The smoothing
subsampling. The downsized face images as illustrated in Figp&ameter for ecah class is 0.15.
were used as features for classification in the present study. Fig. 7 shows that the classifier achieved zero classification

The face images were represented by matrices. To apply #reor over the training data and 8.89% error rate over the test
proposed algorithm, the pattern features are required to put idata when five neurons were selected for each class. With the in-
vector. Assume that;; denotes the greylevel of the pixeldh crease of the number of neurons, the error rate over the test data
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TABLE VI
CLASSIFICATION ERROR RATE AND THE NUMBER OF NEURONS FOREXPERIMENT 3

number of neurons for each class | error rate (training data) | error rate (test data)
2 26.67% 30%
3 10.95% 15.56%
4 2.86% 11.11%
5 0% 8.89%
6 0% 10%
7 0% 10%
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