SEHFEM0AM Convolution-FFTE OlE8 M2 dagsol 8y dels 27

Convolution-FFTE o] &3l
EEA9 Hedao A daugF

+ =5 ANt
42 9.0 @ %

e ok

B AFoME QEZAE o &3 =P EEAM(CA ¢ Independent Component Analysis)ol Al B4 (score function)E ABA3h= 21g)
8 Aetsith AeeE WAE7) el Y A F(original signals)ll HFF FE LR o) M=l F gty WEFHETL v 75
of gt} mebA Y AFol wE HEH M4 g4g FEE £ JEE AW /W”“’l 9 =22 (kemnel density estimation)¥d-& ALg-stel oo,
Bry W 4e 34 AREE AsA A9 HelE ZEFA(convolution) WE g F AEFHE wE4) 71]”‘}& 4 3% FFT(Fast Fourier
Transform) Y1e|EFE ol &5t et A4 A4 e o A3 FEAUEEEe) 44 Az FgUs Bxo QA5 Fol=
dakg ot A% A, S5 Ehlind source s&pdratlon)ﬂrl 14 7]#9] Extended Infomax ¥ 11#l% 3 Fixed Point ICA Bth 9 A&
of FAS TR FAEHm, Fely AEY ARUHSHSONR oM FE e A F %3’15}

=

IR SEHYRERA, HEUCRY, HERM, Fal0 BE, dsRal HERD

An Algorithm of Score Function Generation
using Convolution-FFT in Independent Component Analysis

Woong Myung Kim" - Hyon Soo Lee"™

ABSTRACT

In this study, we propose this new algorithm that generates score function in ICA(Independent Component Analysis) using entropy
theory. To generate score function, estimation of probability density function about original signals are certainly necessary and density
function should be differentiated. Therefore, we used kernel density estimation method in order to derive differential equation of score
function by original signal. After changing formula to convolution form to increase speed of density estimation, we used FFT algorithm
that can calculate convolution faster. Proposed score function generation method reduces the errors, it is density difference of recovered
signals and originals signals. In the result of computer simulation, we estimate density function more similar to original signals compared
with Extended Infomax and Fixed Point ICA in blind source separation problem and get improved performance at the SNR(Signal to Noise
Ratio) between recovered signals and original signal.
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