Journal of Korea Multimedia Society Vol. 7, No. 7, July 2004(pp. 877-885)

A 54 W5 Ads AR
SIS ELEEEE-ER

2 ¢

B =Ee dy 7R Fd dE2 WA 5 43U 5 Hegy dda A3 G o] &3td Fyd A
HEH HE S AL 7129 AW A8 AE oM s AHE 2 el 9 B uY P
AAHGE F2 AEFAT AT, st e AR A WY A AgHGME AR =Y Y 39 W S(content)
Q&Y B A £ A7k Fo] TAlo Wi gy aY EAROE 45 5o BAE e AU
E4S o] &3 A MBHE AL FHoE HEIY B EEAA AT 5 H4ES 93] 98,
d o) ¥ whold 71¥ F W F 2 Q) CART(classification and regression tree)& ©]-&31, thatg Wso ©&
A RS A7) A8 AT A A G (backpropagation neural net)S o] th Ater WrA ) hEFH A
£ 74 %29 PCAl(principal component analysis)7|®¥-& Bl ste] 54 W2 £2 A5 S #7130 43
Aol w2} AR Wao] PCA 71HA nwdle $4% Aso] JelgE FAdoh

Robust Feature Selection and Shot Change Detection
Method Using the Neural Networks

Seung Bum Hong*, Gyo Young Hong”

ABSTRACT

In this paper, we propose an enhancement shot change detection method using the neural net and
the robust feature selection out of multiple features. The previous shot change detection methods usually
used single feature and fixed threshold between consecutive frames. However, contents such as color,
shape, background, and texture change simultaneously at shot change points in a video sequence.
Therefore, in this paper, we detect the shot changes effectively using robust features, which are sup-
plementary each other, rather than using single feature. In this paper, we use the typical CART
(classification and regression tree) of data mining method to select the robust features, and the
backpropagation neural net to determine the threshold of the each selected features. And to evaluation
the performance of the robust feature selection, we compare the proposed method to the PCA (principal
component analysis) method of the typical feature selection. According to the experimental result. it was
revealed that the performance of our method had better that than the PCA method.

Key words: Shot Change Detection(Z¥ % 7Z%), Feature Selection(5% W4 $2&) CART
(Classification And Regression Tree), Backpropagation Neural Net(9 @ =t A7)
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