Feature Extraction on High Dimensional Data Using Incremental PCA
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ABSTRACT

High dimensional data requires efficient feature extraction techniques. Though PCA(Principal Component
Analysis) is a famous feature extraction method it requires huge memory space and computational cost is
high. In this paper we use incremental PCA for feature extraction on high dimensional data. Through
experiment we show that proposed method is superior to APEX model.
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Fig. 1 A set of points in two dimensional space, all
data points can be described by a single base vector.
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Fig. 2 A new point is added into the data set.
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Table. 1 Performance comparison of proposed and

APEX method.

vy |Iteration| 88 | cosb, | cosb, | MSE
APEX| 50 0.01 09993 | 07084 | 1485
APEX| 50 0.05 FHHA &S
APEX| 500 0.01 0.9995 | 0.9970 444
APEX! 500 0.05 0.9861 0.9432 4.63
APEX]| 1000 0.01 0.9995 | 0.9970 4.40
APEX! 1000 0.05 0.9861 0.9432 463
IPCA| 100 1 1 0.02
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Fig. 5. Reconstruction result from proposed and
APEX method on NIST data.
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