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Human action recognition in videos has attracted more and more attentions

- .
expression of human behavior, a novel local contour feature representing body posture is proposed, which can make

In view of the local
prove the effectiveness of proposed method

full use of information of the contour variation along both horizontal and vertical direction. The proposed local feature
contour feature. Random forest is employed to classify each frame of the test video. After that, a video classification
OCIS codes

can distinguish different actions and is invariant to translation, scaling, rotation and change of start point of human

5l

— .

contour. A two stage classifying framework based on random forest is also proposed by using this novel local body
Key words
=]

method based on out of bag(OOB) error weighted voting strategy to recognize action video according to the ratio of
150.0155; 100.4999; 100.5010; 140.1135

decision trees belonging to each local contour to total decision trees is proposed. Experimental results on test data set

machine vision; action recognition; contour feature; random forest; out of bag error
;
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Fig. 1 An example of the body contour and contour curve
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Fig. 7 Relation between accuracy of RF-1, RF-0 and
tress number N of random forest on Weizmann dataset
sRF-1= RF-0
0.95

0.90
> 0.85
0.80
0.75
0.70
0.65

1 2 3 4 5 6 7 8 9 10

Bl 8 RF-1fil RF-0 7E Weizmann ¥4 )% F iR 51 R S EEL
FRPREEL 1k P A S A m 1R R
Fig. 8 Relation between accuracy of RF-1, RF-0 and

Accura

number of variables m randomly sampled as
candidates at each split of random forest on
Weizmann dataset

MuHAViI-MASI4 ¥ ¥ % — £ &5 F 14 4~ ah fF
(Collapse Left, Collapse Right, Guard To Kick,
Guard To Punch, Kick Right, Punch Right, Run
Left To Right, Run Right To Left, Stand up Left,
Stand up Right, Turn Back Left, Turn Back
Right, Walk Left To Right fl Walk Right To Left
), 2 SAGERGL RS 2 A GET M 457, &
ML 68 AP, it 136 LA, MuHAVI-
MAST4 Bffs g 7 AR 284k BT g SR A 1)
HA®RKBIEE M (U0 Run Right To Left #1 Run
Left To Right %8 7] LA #L 24 Run), 3 5 XM & I
Weizmann ¥ 85 EH K, B 9 &1 T MuHAVI-
MAST4 $dfs 4 1) 58 73 7 0 PR o IBCAS B 8 A ) 4
MREEAL R BE s S 100, F2 W43 43 B ik (PCAD B 4k
JEHEECH 20, PSR B H N Sy 500, Pk SR Tl
AR AN m g 7 B — 1 58 OB IE R G 3R
WA K% TR KA SR G AR T 2 3R AT AR

hae g sk 2 pros. Hd RE-1 8938 5] % 4
86. 03 % . RF-0 AYHJI 2R Ay 84. 56 %0 ,ﬁz'é,n%éﬂﬁ‘z?d%
FEFE 2y Bl &l 10,11 firsx . BOW+RFE #1 BOW +
SVM J5 i K B 100, SCHRL25 4R AE 45 45 RE-
1 iR MR R A 79. 41 %0 . SER 45 WoR % T
PUNEE B 3% 5 42 41 19 2 25 1 51 2 82, 3504, iF
ST AR

9 MuHAVi-MASIA B4 836 43 7w ] e 44
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Table 2 Comparison of different methods on
MuHAVi-MASI14 dataset

Method Recagnition rate /%
RF-1 86.03
RF-0 84.56
Feature of Ref. [25]+RF1 79. 41
RF 63. 97
SVM 56.62
BOW+RF 74.26
BOW+SVM 69.12
Ref. [32] 82.35
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GP .19 0.060.06
KR
PR
RLR
RRL
SL .25
SR
TL 0.25/0.25) 0
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Fig. 10 Confusion matrix of RF-1 on MuHAVi-MASI4 dataset
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