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2.2 £4 F&(Feature Extraction)
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Orthogonal ¥ &0l = Karhunen-Loeve ¥ £}, Singular Value Decomposition(SVD)5 2] W So] A
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EdE 7457 fisty 4998 14974A9 4 T2 7G93 x4 dHolHE TR
o % 800sets & FHEA 720sets & E@ TS AN 80sets 22 H/HE A AHEESATh =
g HEE 1070019, 71E 720l 51 & sampling time ©] 1 Eoj22 Ztzte] XYWL+ 51 49 L
ZA =, AA W] diEAe 510498 2k 94 PLS HEez 2Y FAE 9% Ho)
Bl i3t 243 A3} cross-validation B0 E] sets o] tid o= ZAxjo] thF Sum of Square
Error(SSE)E X 13 1% 2] YeR Rt
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LV # ThisL  Total This LV Total Prediction SSE

1 20.09 20.09 65.77 65.77 270
2 19.77 39.86 7.72 73.49 163.7
3 11.86 51.72 4.23 77.72 136.74
4 4.18 55.90 245 80.17 137.09
5 4.13 60.04 120 81.37 140.23
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(a) o:real value and *:estimated value (b) Histogram for predicion error
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Walsh-Hadamard *#&& o]&8 AdZ3E o3 29 AFHL 2= 349 W o)
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Histogram for Walsh.NN
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{a} o:real value and *:estimated value (b} Histogram for predicion error
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