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Pedestrian Detection
Using Kernel Partial Least Squares Analysis

TAKASHI ABE,’! TAKAYUKI OKATANI'!
and KouicHirRo DecucHr !

Shwartz et al. have recently proposed a method for pedestrian detection
that uses a very high-dimensional, discriminative feature obtained by combin-
ing HOG descriptors with additional color and texture features. To deal with
the high dimensional feature by classical machine learning algorithms, they
employed Partial Least Squares (PLS) Analysis, an efficient dimensionality re-
duction technique, and reported promising results. In this paper, focusing on
dimensionality reduction, we examine the possibility of applying Kernel Partial
Least Squares (KPLS) Analysis, a variant of PLS that uses the kernel method
widely used in other classification/recognition methods such as SVM. We ex-
perimentally compare PLS and KPLS in terms of detection accuracy using the
INRIA pedestrian dataset. The results show that KPLS outperforms PLS.
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