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Hybrid of Pose Feature and Depth Feature for Action Recognition in Static Image

QIAN Yin-Zhong! SHEN Yi-Fan* 3

Abstract Body pose is an important semantic cue for action recognition, and CNN can extract strong discriminative
depth feature. This paper extracts pose feature from local image patches and gets depth feature from holistic image, then
exploits their complementary relationship in action recognition. A pose representation is introduced, in which pose of a
body part is represented by a collection of poselets which describe its pose variability. To suppress detection ambiguity,
part-based model is designed as the context of detection for each poselet. CNN is trained through pre-training and fine
tuning on the data set with very limited images. Empirical results demonstrate aggressive performance improvement by

concatenating pose feature and depth feature.
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Fig.6 Some images in static image data set
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Fig.7 Some images with annotated key points
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Fig.8 Some images in video data set

1R T E R ER RS AR S B S AE
SIRATEIRMEI R R ARG A, Hod-FagERgse 5
AR BRI ME. % 1 % CNN B2 fl
FISCHR [31] IZRA CNN [ 28 45 FrAE B2 B, A
R E B T SE BOIR BEARAE, SRS (6 £ SVM. 73
HM 45 AL, Poselets!”) Jg A S EEAS FHELE 1A I
TR SR SR RE. AT A E, M TR
B S, A SCHY SR IEYERESR = T 5.07%. 5
P IRFAE AT B, AR SO 2SR B A feir 1133
RERE, HOFRS BE O HE SRS = 1 9.99 %, iX P
FabrelEE AT CNN BB R TRBERRAE.
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Table 1  Precision on static image data set (%)
BiR7S AT TFEIREEE B PR SEMELLE
POy s A 61.07 56.45 + 4.62
20 i H g is) 65.15 62.8 +2.35
POSELETS!" 61.33 56.41 + 4.92
CNN E &ty 67.20 56.41 + 10.79
A SR EERSRHE 66.40 56.41 + 9.99
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* 2 PR B AR B R SRR EE (%)

Table 2  Precision on image form video data set (%)
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DUy s A ] 50.58 46.98 + 3.6
multiLR_NMF 1] 63.61 59.35 + 4.26
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CNN A5 B 63.84 49.42 + 14.42
AR EEASRHIE 63.58 49.42 + 14.16
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data set (%)
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Table 3  Precision comparison on static image
data set (%)

Ik PEEE fTRRRER W A Tk P

BRI 69 65 74 65 59 66.4

CNN 72.4 76.4 70.2 73.9 65.6 T71.7

KASFHE 4+ C5 79.4 68.8 79.9 774 720 755
WASHHE + F6 78.5 70.2 779 783 745 758
WSFHE + FT 753 68.9 76.2 79.3 724 T4.4
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Fig.10 Some images recognized accurately by pose

feature but falsely by deep feature
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BILL JRPBERRAE R B IE A I ES SRR TR 1 R 1 [ 1B
Fig.11 Some images recognized accurately by deep

feature but falsely by pose feature
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