5 38% 28

Vol. 38 No. 8

i B OB
Aug 2011

Computer Science

2011 4E 8 A

H 5 e E AN IE FIFRIR B A PCA IR FE T %

FEE HAA HBAEE B B
b BB EAZEITENER  Jbx 10010D!
(FRAFHENRAFEBRRELEREASZAERERAELRE
BFEFERFERABLERE JL3K 100084)°

W B AEFHARNT, TR RN E AR SRG ERRY ., £4 4k, —kF A 4e ik 0k
SARRSEHRZ AL, FLEEAELERR ARG LT GEE, BARBHT —HEATERS 44
(PCAY Y M AE A3 ok, P st R B O A RATPCA T #, BA AL REF SRR ERTERT L AH
RE,REREREY KD RIEHIERTRE, FREREAN B BAFES RN ELABRROTR, BETEL
XER
MEESFEE TP391.4

B BARA B ARRH, TR
IEHRIAE A

PCA Based Feature Selection Algorithm on Speaker-independent Speech Emotion Recognition

LUO Xian-hua® YANG Da-1i' XU Ming-xing®Z XU Lu?
(Department of Computer Science and Technology, Beijing Information Science and Technology University, Beijing 100101, China)?
(State Key Laboratory of Intelligent Technology and Systems, Tsinghua National Laboratory of Information Science and Technology,

Department of Computer Science and Technology, Tsinghua University, Beijing 100084, China)?

Abstract A very important part of emotion recognition is how to select effective emotional features. Until now, some
feature selection algorithms, which are usually used,can help boost recognition accuracy. But some defects, such as less
robustness in theory,a higher randomness, more computation, still exist, For these reasons,a new feature selection algo-
rithm based on PCA (principal component analysis) was proposed. First the original feature set was transformed by
PCA, then analyzing the weights of these features using the transforming matrix and finally, choosing the important fea-

tures according 1o their weights. The experiment result shows that features, which are selected by this method, make a

high contribution to the recognition accuracy and they are important.
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