¥36HE H3W it B P OB % Vol. 36 No. 3
2009 4£ 3 H Computer Science Mar. 2009

ETRESHNMERHMENBNFIEGZ BRIRNEE

B # kT "ME BER =FF!
(BRI AFHENER TL 710072 (RHHELEEKFZE K F 723000)?
(REEL¥EITENZ XA 7230000° (b h k¥ EHFER  KRE 071003)*

B H4MAFOERNERBGINET LB RALEHATHA> AR L, HARGNETRELAERK
By REALPE fo £ UL, R R0 2 F- MR MARIE G SR 5, R B T — A8 A T Hu B F-4 .RPCL R £ 454 Fo 5 R AY
ZMBG 5 BREBRRINEE, EFEAAENGANRPESRRAFNBR IO EHF—AAF AL, AR
Hu Lt M-4E 42 BAC BR13 8. 4 T Bak Hu LM 4E st B ArfedERIR B ARG R L S8 e 8 5, IR A 1R 09 B AR4E
B, LAMBRBG S HBERMNETHFEARRGEFE I L E(RPCLBFTRESN . FAASHRGHSH,
FREARBAZANNEMEEREFFREAFENE, BERAMA ERF kst 2 Mg ITER. RART
boosting, bagging H kW E RN L ME B L X R ITHUR, ERXR AV BT EH I LI BEEZETHEFT R, AR
8 B AR k.,

XEBRA RESM HuiE, EFRAMNERL, 558K, % B 475

Multi-objects Recognition Algorithm in Sequence Images Based on Clustering Analysis
and Ensemble Neural Networks
ZHOU Tao"? ZHANG Yan-ning? YUAN He5jin"* LU Hui-ling® LI Xiu-xiu'

(School of Computer Science, Northwestern Polytechnic University, Xi’an 710072, China)?!
(Department of Maths, Shaanxi University of Technology, Hanzhong 723000, China)?
(Department of Computer, Shaanxi University of Technology, Hanzhong 723000, China)?

(School of Computer Science, North China Electric Power University, Baoding 071003, China)*

Abstract These ensemble neural networks have great randomicity and arbitrary when choosing samples to build up the
training subsets since they don’t consider the distribution information of theses samples, The performance of ensemble
will deteriorate greatly once the training subsets are not appropriately selected. So in practical application, the training
subsets must include many instances, which result in great needs of computation time and storage space. In order to o-
vercome above drawbacks, this paper put forwards a new ensemble neural networks approach based on RPCL clustering
analysis and Hu invariable moment, Firstly, we extracted targets from sequence images, such as pedestrian, crowd, car
from single frame image in training video. The outline information was extracted by Hu invariable moment, in order to
avoid the default that Hu invariable moment can not describe small targets and non-rigid targets, area information are
extracted too; secondly,8 dimension data about these samples were clustered using RPCL algorithm and obtain their
distribution; thirdly, single neural network was constructed through this method proposed by this paper; finally, en-
semble was constructed by relative majority voting method. We adopted ensemble neural network based on boosting and
bagging method to compare this method, experiment result illustrate that the method has a high classification precision
comparing with tradition method,and it is a effective target recognition approach,
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begin

for i=1:m //HEPN R4S B n 2
Switch (1)
Case Label=1,add sample x; to Class m ;

Case Label=2,add sample x; to Class nz;

Case Label=n,add sample x; to Class m,;
End switch;
end for
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end for;
fori=1:n
/N — SRR I RSG5 5 P BE LA B — 28R A M Sl 5 it A3
ZMERIIGHEE
r()=rand(p;); // rand(p) 7= —=A~[1, pi JZ [A1 357 23 75 B B
B

Selecting these samples in Classf? from m; randomly;
Adding it to the ith training dataset;
end for
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