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Introduction

Motivation. Bag of visual words (BoVW) models have been widely and
successfully used in video based action recognition. One key step in
constructing BoVW representation is to encode feature with codebook.
Recently, a number of new encoding methods have been developed to
improve the performance of BoVW based object recognition and

scene classification, but their effects for action recognition are still
unknown.
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Overview. The main objective of this paper is as follows,

|. evaluate and compare these new encoding methods in the
context of video based action recognition

Il. analyze and evaluate the combination of encoding methods with

different pooling and normalization strategies.
Results. Our experiments show that new encoding methods

can significantly improve the recognition accuracy compared with
classical VQ.
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Figure 1. BoVW model for action recognition

Methods

Codebook Generation Methods - IV. Locality-constrained Linear Encoding (LLC).
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Encoding Methods:
. Vector Quantization (VQ).
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Hnk = { 0. otherwise. Pooling and Normalization methods:

. Pooling
Sum pooling, With sum pooling scheme, the k' component of pis

Pk = Xn=1Unk
Max pooing, With max pooling scheme , the k" component of p is

Py = Mmax{Uy, Upg, ===, Upyt

Il. Normalization
L1, In €1 normalization, feature p is normalized by its

€1-norm: p=p/Yj=1|px|
L2, In €2 normalization [4], feature p is normalized by its

Il. Soft-assighment Encoding (SA).
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lll. Sparse Encoding (SPC).
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Power, In power normalization , we apply the following function for each
dimension of featurep: f(pr) = sign(pi)|pr|®

u,, = arg min ||x,, — Dul|* + Al|ul|.
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Figure 3. Comparison of different pooling-

Figure 2. Exploration of performance of different
encoding methods with changing codebook size

Figure 4. Exploration of the computational cost of

normalization strategies on HMDB51 different encoding methods
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Table 1. Comparison the proposed methods with state of the art on KTH.
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Table 2. Comparison the proposed methods with state of the art on HMDB51.
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