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Sparse Coding on Local Spatial-Temporal Volumes for Human Action

Recognition

ZHU YAN, ZHAO XU and LIU YUNCAI

Institute of Image Processing and Pattern Recognition, Shanghai Jiao Tong University, Shanghai, 200240

Abstract By extracting local spatial-temporal features from videos, many recently proposed approaches for action recognition
achieve promising performance. Bag of words (BoW) model is commonly used in the approaches to obtain the video level
representations. However, BoW model roughly assigns each feature vector to its closest visual word, therefore inevitably causing
nontrivial quantization errors and impairing further improvements on classification rates. To obtain a more accurate and
discriminative representation, in this paper, we propose a novel approach for action recognition by encoding local 3D
spatial-temporal gradient features within the sparse coding framework. In so doing, each local spatial-temporal feature is transformed
to a linear combination of a few “atoms” in a trained dictionary. Besides, we also explore the construction of the dictionary under the
guidance of transfer learning. We collect a large set of diverse video clips from various sports games and movies, from which a set of
universal basic atoms composed of the dictionary, are learned by an online learning strategy. We test our approach on KTH dataset
and UCEF sports dataset. Experimental results demonstrate that our approach outperforms the state-of-art techniques on KTH dataset
and achieves the comparable performance on UCF sports dataset.
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Figl The framework of our action recognition system. First the
input video is transformed to a group of local spatial temporal
features through dense sampling. Then the local features are
encoded into sparse codes using the pre-trained dictionary.
Finally, max pooling operation is applied over the whole sparse

code set to obtain the final video representation.
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Fig2 Confusion matrix for KTH dataset, the horizontal rows

are the real labels while the vertical columns are predicted ones.

All the reported results are the averages of 100 rounds.
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