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Abstract Classification is important in data mining and networks, decision trees, and statistical methods. However,
machine learning. In this paper, a classification approach based many previous research works show that neural network
on evolutionary neural networks (CABEN) is presented, which - ¢|5ssifiers have a better performance, lower classification
establishes classifiers by a group of three-layer feed-forward error rate. and more robust to noise than the other two

neural networks. The neural networks are trained by an thod fi d ab Th d classificati
improving algorithm synthesizing modified Evolutionary methods mentioned  above. € proposed classincation

Strategy and Levenberg-Marquardt optimization method. The based on evolutionary. .neural netvyorks described in this
class label of the identifying data can first be evaluated by each paper employs modified Evolutionary Strategy and
neural network, and the final classification result is obtained Levenberg-Marquardt optimization method. The
according to the absolute-majority-voting rule. Experimental performance of the proposed network is evaluated against
results show that the algorithm is effective for the classification, Bayesian and decision trees.
2821'02??gthchbgt;erespaerrlfc;rr]gagggs!gnCtis:;f,%astgglglr e?;lcmé This paper is organized as follows. Following this
| WI yesl I1SI y lally . . . .
complex classification problems with many classes. |ntrodL_Jct|on, section 2 presents the ar(_:hltecture_ of t_he
evolutionary neural networks. The learning algorithm is
Keywords classification, evolutionary neural networks,described in section 3. In section 4, the experimental results

Levenberg-Marquardt, absolute-majority-voting are demonstrated and discussed. Finally, section 5 is the
conclusions.
[. Introduction [I. The Proposed Model

In the past decades, data are being collected ambe architecture of the evolutionary neural networks classifier
accumulated at a dramatic pace. Therefore, there is igna group of three-layer feed-forward neural networks as
urgent need for a new generation of computationghown in Figure 1. Firstly abstract the input data set and the
techniques and tools to assist humans in extracting usefabel set according to the problem. Then construct the model
information (knowledge) from the rapidly growing volumesduring training the networks by the improved method. Lastly
of data [1]. This arouses many researchers to study into §hgut the identifying data in the trained model, evaluated by
area of data mining. One of the data mining functionalitiegach neural network, and identify the final classification
which plays an important role in business decision-makingccording to the absolute-majority-voting rule.

tasks, is classification. Classification is the process ofrhe characteristic of the proposed model is that the neural
finding a set of models that describe and distinguish dg@tworks are trained by an improving algorithm synthesizing
classes or concepts, for the purpose of being able to use figjified Evolutionary Strategy and Levenberg-Marquardt
model to predict th_e class of quects whose class Igbel df)timization method. CABEN can improve the whole
unknown [2]. A variety of techniques have been applied 9 /tormance, because the evolutionary strategy has the ability
deal with the classification problems, such as neurgf fine gighal search, and LM method has the advantage of
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short time in learning. A. Train the Neural Networks Model
. . In this phase, CABEN employs the Evolutionary Strategy to
[ll. The Learning Algorithm train the neural networks, which include individual

. . ) resentation, initial population, mutation, fithess evaluation.
In CABEN, two phases of learning are involved: Phasea 1) Individual Presentation

(Trlain 'thehn(?;wor.k S o destablish the model) and PhaseE%m neural network is a three-layer feed-forward neural
(Classify the identifying data ). network, where, s, h denote the number of input, output and

hidden nodeswi:} (i=1..,r,j=1...,h pre the weights of

input to hidden,wij2 (i=1...,h,j=1...,s are the weights of
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Figure 1. Framework of CABEN

thresholds of hidden and output nodes. The individual is

presented by the ordered vectors of all weights and thresholtfe"
of each neural network. Multi-neural networks have the same, ..\, _ K a .
structures, so they have the same number nodes. (a7 (1)) =(B+ AL (X)) ") o (i) (2)

1) Initial Population 1P i=1... —1 .. —0E~
Randomly produce P initial father samples whiare =1 kp’_J L Lthk L Kimax B 0'5_ L
(X1, X3,...,X5), where P is the number of the neural a=lor2, f(Xy) is the i" father sample’s fitness,
networks. A=C/min{(f(X{))?}, C=05~2 ao(j) is the "

2) Mutation component ofd, , herea,(j) =1, j=12,--L.

Mutation operator is the main way to form the newly 3) Fi .

i K Kk - ) Fitness Evaluation
generation. To any" =(x,0;") , the newly offspring is | this evolution strategy, direct suppose each individual
(xik)',wherek is the evolution generation. fithess the objective function, which is the problem to be
optimized. The fitness function used in this research is as
follows:

f(X) =1(EG) +DH
E0=[v-v], g ©

ly individual(aik)' by mutation as the follows:

X (j=12,--L), the component ok’ in X} forms the

newly individual(xi'j ¥ by mutation as the follows:
06)" = +oi () IN(OD (1)

where L is the length of;’ .
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Where X| is thei" father sample of thid" generation, Y is Calculate thé™ neural network output, which is each label’s
outputci;,Cp, ...y (t is the class number) ;

Identify the classify result of thé™ neural network
i=max(i1,Ci, . ..Cit)-

Step 3: Identifyx's class label according to the absolute-
majority-voting rule in each classification resgijt

the expect outputy is the fact outputE(i) is the error'sL,
norm. The individual is much better while the fitness is large

After define the training, a description of the algorithm 1
used in CABEN is given below:

Algorithm 1: CABEN training
Input: the training data sets.
Output: the P neural networks model, (P>1). To test the performance of the proposed approach, the

Step 1: Initial parameters: Define the size (P) of thexperiments have been conducted on 5 benchmark data sets
population, the maximum of evolution generatiop.fk the from UCI Machine Learning Database[9] as shown in Table

IV. Experimental Results

first value of the root mean squared vectoy ). 1.
Step 2: Randomly form P initial father samples
(X<, XK., XE), calculate each fitnes§(X ) using Data set Samples Attributes  Classes
Equation (3). 1 Cleveland n;316ber nulr;lber nuzmber
. K :
Step 3: Mutate any father samplke” by using the formula 2 Glass 214 9 6
(2), mutat&rik(j) by using the formula (2). 3 lris 150 4 3
. . - kyr 4 Lymphography 148 18 4
Step 4: Calculate P fithess values of offspribg X)) 5 Vehicle 846 18 4

using Equation (3).
Step 5: Selection operator employs the evolution
strategy (u+A)-ES , being u=P,A=P , while the

Table 1.Description of experimental data sets.

Employ the method (5 fold cross validation) to the

individual set isselec(lmax(f(Xik)' ) experiment on the data sets above for 5 times. The
. =P . ) experimental results denote the classification precision.

Step 6k+1, if k>kmax then skip to step 7, otherwise back tQ-5cyate the averages of the 5 experiments, then compare to

step 3. _ Bayesian classifiers, Bayesian networks, C4.5, the results are
Step 7: Construct P neural networks with the same structWig;wn in Table 2.

according toX £, XX, ..., XE . The weights and thresholds of  The parameters setup in experiment are: Rz6:20,
i neural network are: the weights of input to hidden arel,B=0.5,C=0.5, the hidden nodes respectively are 5,8,5,7,7

Xi;((j =1...r0h) , the weights of hidden to output areln the data sets Cleveland_, Glass, Iris, Lymphography and
Vehicle. The last column in Table 2 denotes the average

xi'j‘(j =rbh+1...,rOh+h0s), the thresholds of hidden difference between CABEN and the former 3 methods, it is:
((CABEN -|NB)) + (|CABEN - |BN|) + (CABEN -|C4.5))/3

. where || represents the test set's precision to the
thresholds of output nodes avé,‘(J =rh+hOs+h+1 corresponding method.

...,rOh+h0s+h+s).
Step 8: Setup the parameters of LM, the maximum training

nodes arex(j=rCh+hOs+1...,rCh+hOs+h ) the

number {ax, prediction error€rr). NB BN C4.5 CABEN Average
Step 9: Continue to train the networks by LM, if a difference
predetermined number of iteration is reached or the end1 82.76 81.39 73.31 84.16 4.99
condition is satisfied, stop the algorithm. 2 69.66 55.57 69.62 73.09 9.27
. 3 93.33 94.00 94.00 95.60 1.62
B. Classify , 4 7972 7503 77.03 86.49 9.23
After established the neural networks model in Phase 1, inthisg  gg »g 61.00 69.74 86.10 23.09
phase we classify the identifying data according to the

Table 2.Comparison with Bayesian and decision trees

algorithm 2. methods (testing precision:%)
Algorithm 2: Classify Process
Input: the identifying data. It is apparent, for the data sets Glass, Lymphography and
Output: the class label C which belongto Vehicle, CABEN's average difference outperforms them by a
Step 1: Input the identifying data into the trained mod&¥ide margin, which indicates CABEN has the best
NN, NN, NN, classification precision among the compared methods.
Step 2: foii=1 to P Meanwhile we observe the classes number are 4 or 6,

indicating the complex classification problem with many
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classes, otherwise, CABEN has the better performance classification and regression’Neural Networks

comparing with Bayesian and decision trees. 16(5-6),pp.561-568,2003.
[5] Ajith A. “Meta learning evolutionary artificial neural
V. Conclusions networks”.Neurocomputing,56c¢,pp.1-38,2004.

] o ) [6] Buhrman H, de Wolf R. “Complexity measures and
In this paper, the classification based on evolutionary neural  gecision tree complexity: A survey’Theoretical

networks, which applies the modified Evolutionary Strategy  computer Scienc288(1),pp.2-43, 2002.

and Levenberg-Marquardt optimization method to the; ajith A. “Meta learning evolutionary artificial neural
artificial neural network, is proposed and its performances are  petworks”.Neurocomputing56c, pp. 1-38, 2004.

compared with B;\yesian and decision trees. The results of [h]e Plagianakos VP, Vrahatis MN. “Parallel evolutionary
proposed evolutionary neural networks are the best among training algorithms for hardware-friendly neural

those of the compared methods. networks”. Natural Computing 1(2-3), pp.307-322,
2002.
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