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Abstract: Human action recognition is a hot topic in computer vision. Most of the existing work use the action models based on
supervised learning algorithms. To achieve good performance on recognition, a large amount of labeled samples are required to train the
sophisticated action models. However, collecting labeled samples is labor-intensive. This paper presents a novel semi-supervised learning
algorithm named multi-learner co-training model (MCM) to recognize human actions. Two key issues are addressed in this paper. Firstly,
the base classifiers in co-training are selected by Q statistic-based classifiers selection algorithm (QSCSA). Secondly, MCM is employed
for the semi-supervised model construction. The new confidence score measure of unlabeled sample depends on estimating the classifier
companion committee (CCC) accuracy on labeling the neighborhood of an unlabeled examples. To evaluate the proposed algorithm,

mixed-descriptors are used to express actions so that the recognition algorithm can quickly complete the recognition process from a single
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frame of visual image. Experimental results are presented to show that the proposed semi-supervised learning system can recognize
simple human actions effectively.

Key words: human action recognition; semi-supervised learning; co-training; learner selection; mixed feature
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Fig.1 Overview of the action recognition system
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Fig.2 Multi-Learner co-training model
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Table 1 Learner relational table of classification of the samples
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9. for m=1,2,...M
10. MIEHRLINZREE U BENLECH — KN s 4R U,
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FET DR R 7 R T 2T s AR AR bR ) i T

(f) Jump v (g) Hand wave (h) Hand clap (i) Box

Fig.3 Ten sample actions from Kinect human action classification database
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SRR RN AR DX VR AE ) S R iR AR IX 9 AN GEvh 27 BRI REAT R — 1 5 15 21 28 T Tk 1) DX 3y
{iF (shape-based region descriptors, fij #% SRD), FH K fili i& A AA4T AR5 4iE, B

SRD={SRD\,SRDs,...,SRDy} (6)
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T SR R I, N R B 40 PT DAAE AR R ) I T 9 385 32 B 0 I O e 0 N AR B AR T X R AR
B A KL R, T LR PR R B OGN AU N AR R GE T SRBEAT R R, LA A S B 4E (R 2R AE T 2L B e R
FAR 2~ R Kinect 3 A ¥ 2 B BT k25 2R S Il 18 N AR B 20 BN DG 3T s A A, IR FH AR A A 1) T 2R 4
IR IX LS T 43 5 00T ) AR R A X LE T BA FOCT AT 11 AN, W R BT AR Il 2 AR IR Tl L 3k
T ZEJE T R RN OGS ZETFOCTHY AR L A E OCTT R A EROCT AR A T O A

FEP R AR RS AR K AR B T DA 30 0 A AR bR R T 3, 2 (T Bl s

=0 =y + (5 - x,)
] Ji=1,.,11 (7)

(’;’¢i)= —
@, = arctan Lz Ve
X, —X
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A ey ) B Geiny) 73 0l J N AR 0 iR AR SCTY i A2 R EL A ARAR R T IR AR, I B 4 BT,

A
y (xi1)
rl
P Pi
(Xepe)
.
0 X

Fig.4 Coordinate transformation of human skeleton joints
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TEAS ) ST B AR AR AR T, 75 B — 0 6 HL AT I — A AR 3R T AR A SR T AE X TRI [0, 172 18], K AR AN K
3 AAE AR AR R,
7, —min_r

f—
y;__

®)

max_r—min_r
, . —min
o= mag:_ o- m_n('f)_ @ ®)
Horh min_r F1 max_r 73 552 AR r R BB B KB min_ o max_ @) 2 S5 b (R e ME B K AE. 42
TR A AL RS 3T AR B B AT R AR e . RURE AR 5 R e B A i AN A 110 B T OGS R AT b R T (joints-
based polar coordinates descriptors, & #% JPCD), Rl
JPCD={JPCD\,JPCD,,....JPCDy,} (10)
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(a) W27k (b) P BF 27 51051k

Fig.5 Confusion matrix of the proposed action recognition using the mixed features SRD+JPCD
5 AT IRBNEEHE, R JPCD+SRD R i di 4
6 AN 7 4t T SR R B AR T 1) S0 25 RN JRATT ar UK B A W 2 1 O7 VR AR 8 T B 2 =)
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Fig.6 Confusion matrix of the proposed action recognition using the features SRD
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Fig.7 Confusion matrix of the proposed action recognition using features JPCD
K7 AT R R SR T TPCD iy il # i £
R 2 AL AR AR 2 & s 21 B o7 o S0 AR SO R o B o ) SR K B AL 3L LABELED X
R MBS 27 21 TR MCM AR AR ST I S35 T JRAT T LA 21,48 3 S PRI BR v N MCM S A IS T BB i
(257 S BUR.
Table 2 Recognition accuracy of supervised learning & semi-supervised learning strategies
T2 B )5 R R A ST SR T IR FE

B R T Precision Recall F-Measure
LABELED MCM LABELED MCM LABELED MCM
JPCD+SRD 0.53 0.93 0.53 0.94 0.52 0.94
SRD 0.53 0.96 0.52 0.96 0.52 0.96
JPCD 0.70 0.97 0.71 0.97 0.70 0.96
Avg. 0.62 0.94 0.62 0.95 0.62 0.95

Ve 8 FIEE] O 4012t T 2R DM AL ACHR A R G i 116 B A A I A3 11 46 A A IO 2 28 M
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Y45 047 AR S A 1 L R T
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Fig.8 Evaluation of our MCM method withdifferent number of unlabeled data
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Fig.9 Evaluation of our MCM method withdifferent number of labeled data
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Table 3 Comparison of the action recognition performance (%) between

the proposed method and the other approaches
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Fig.10 Comparative results for our proposed method MCM with the other

semi-supervised learning methodin different iterations
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Table 4 Comparative results for MCM with the other semi-supervised learning method (5% labeled rate)
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