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Abstract A framework for human action recognition by learning pose dictionary based on human contour
representation is proposed. A new pose feature based on Procrustes analysis and local preserving projection is
proposed, which can extract shape information from human motion video which is invariant to translation, scaling and
rotation. Moreover, it can extract discriminative subspace information when preserving local manifold structure of
human pose. After the pose feature is extracted, a human action recognition framework based on pose dictionary
learning is proposed. Class-specific dictionaries are trained individually on all training frames of each class to build the
whole pose dictionary by concatenating all class-specific dictionaries. The test video is classified with the minimum
reconstruction error on the learned dictionary. Experimental results on Weizmann and MuHAVi-MAS14 dataset
demonstrate proposed method outperforms most classical methods. Especially, classification rate of this method on
MuHAVi-MAS14 dataset achieves a considerable boost compared with that of state-of-the-art approaches.
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Fig. 1 Example images of human silhouettes of different actions extracted from videos
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Fig. 5 Confusion matrix of proposed method (sum
pooling) on Weizmann dataset
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Fig. 6 Relation between accuracy of proposed method

(max pooling) and parameter C on Weizmann dataset
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Fig. 7 Relation between accuracy of proposed method

(sum pooling) and parameter C on Weizmann dataset
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Fig. 8 Relation between accuracy of proposed method
(max pooling) and atom number of each class on

Weizmann dataset
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Fig.9 Relation between accuracy of proposed method
(sum pooling) and atom number of each class on

Weizmann dataset
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Fig. 10 Relation between accuracy of proposed method
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Table 2 Comparison of proposed method with other

methods on MuHAVi-MAS14 dataset

Methods Accuracy /%
Ref. [21] 86.03
Ref. [25] 82.35
Proposed method (max pooling) 97.79
Proposed method (sum pooling) 98.53
CLCRGK |GP |KR |PR RLR|RRL SL |[SR| TL|TRWLRWRL
CL
CR
GK
GP I
KR
PR 1/16
RLR
RRL 1/8
SL
SR
TL
TR 18] |
WLR
WRL

B 12 #2773 (max pooling) 7 MuHAVi-MAS14 %7
JR 1 3 A 5 S VR VA R R
Fig. 12 Confusion matrix of proposed method (max
pooling) on MuHAVi-MAS14 dataset
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Fig. 13 Confusion matrix of proposed method (sum

pooling) on MuHAVi- MAS14 dataset
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Fig. 14 Relation between accuracy of proposed method
(sum pooling) and parameter C on MuHAVi-
MAS14 dataset
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Fig. 15 Relation between accuracy of proposed method
(sum pooling) and parameter C on MuHAVi-
MASI14 dataset
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Fig. 16 Relation between accuracy of proposed method

(max pooling) and atom number of each class on

MuHAVi-MAS14 dataset
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Fig. 17 Relation between accuracy of proposed method

(sum pooling) and atom number of each class on

MuHAVi-MAS14 dataset
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Fig. 18 Relation between accuracy of proposed method
(max pooling) and LPP dimension on MuHAVi-
MASI14 dataset
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Fig. 19 Relation between accuracy of proposed method
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MASI14 dataset
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