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Abstract: It is very important to select the most suitable motion words from surrounding text to describe the
persons’ motion expressed in images during semantic understanding. Traditional approaches often learn a
generative model to denote the occurrence probability between visual objects & motion and their corresponding
annotated tags, and the learned model is then utilized to recognize persons’ actions in a new image outside training
samples. However, all of existing approaches neglect the grouping effect of high-dimensional heterogeneous
features inherent in images. In fact, different kinds of heterogeneous features have different intrinsic discriminative
power for image understanding. For instance, the features extracted from arms are most discriminative to human
waving motion. The selection of groups of discriminative features for motion recognition is hence crucial. In this
paper, we propose an approach to select discriminative subgroup visual features from high-dimensional pose
features by Group LASSO during the learning of generative model in order to boost the motion recognition.
Experiments show that the proposed approach in this paper can obtain better performance for the recognition of
motions with large pose change.
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Fig.1 The extracted facial features from example images
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Fig.2 Example images with pose features extracted. Different body parts are represented different colors.
The deeper of the color, the more possible the pixel belong to a part
B2 MG N S35 AE (R 28 3 B B ) SR I &5 SR AN [ AR R AN 7] S A4 B A6,
PR B R 3 7 R AL A RO (R 3K — 2 SRR AIE LH BB 28 oR)

132 LA RES 4

b BT N AR SRR IR AR 5 T 36 415 ARG AN A IE Bl FERE R 2 Ak 6 AL, 3 AR
T2 i) e Fh R 2R 53 A FIAH 7 B R Ay A 450 15 ). th T A RIE 3 & ARSI g — 8 T BIFRRA
IFi) S AT 22 ) 7 32 By e R v A L3562 R B e, P x S AR — P 7 A

TRBINAR B2 G w23 20, e Fa O 3 AN, HAR 2 3l 4 HO 3> B sl SRk (4547 T A0 A
e B A O DR SRR ), R 0 R 1 DX A 23 X AR AR 0 2 4 A

A H R FoR NARFALIY BE 3 AR B Ry={7e B A TEIR={k. M TIR={H LE. HTEIX
T R 1 eR 7 TRFAE 53 Ry — 41, A5 21 3 ZHAFAE 45 1™ e R R0 I e R, < [A] & Ay FUATN 7 3 -3y — 4, )45 2]
6 ZLRFAE X TR R H5 | e R 5 1) e Ry 1A Ay AR XA B %% 20— 20,3847 6 4.

IXRE, 5 K 15 B (1) s 4 A AR A IR ) O 3+6+6=15 21765 — 41 A 3, B A AR A 2 R M 11 R TRl 4
Z ) R S ASFRAE R N R 2 S A .
14 S RIEE ISR

éﬁ%&ﬁ(l),é‘\(ﬂ:(¢name:Q’verb)aﬁ—/[\ (prﬁame € Prame = (wr];ame ..... (prfame’ﬂname) %—Eﬂ:j\% p E(JH@%I}#%E m
%:ﬂname %Xﬁm}&#@*ﬁﬂ% null Hﬂ/ﬁ%@*/l\ {ﬂ\\;e,b € Qyery = (¢’\1/erb ..... q)\\:erb‘ﬂverb) IEII—:*E:‘F@”/E v E‘]%?{.} jjamz f'ﬂ%,
Bero 7R BAEREEL K null I Ar i

AR Q)T S
POUTH.0) =TT T o PO 1P B )P | G ) (7)

Tl 552 BB AT
PO 1) = 2oy oy 8o KIPAP [ @) 8)

Horh gl JE 3 KA SR B8 S(h k) 28 by = K IN A 1,75 0 O.DR A 76 U 5t 2 v 2048 T i, BRI
JEME 1,8 b =K AR (8) T LS
PU" | @) =PI | 0ley) 9)
%M 2R A TR [ 2 ) U 5 3o R b AT A K 22 S I8 125 AT R 200 [y ey 32030y T 4 A A0 A 2
TE 2540 A 000 DR AR SCSR P T SCHR 107 45t My R A 250

L) i e {knownverb}
) z
PO [@ln) =1 T (10)
g e if k = NULL
Puerh

iz, R, d(1M,pl,) A SIS SR ARE 1P 552 ST SR S8 S K RARFAE ) B2 1

© PEESEBPSTIT hups/ www. jos. org. cn



210 Journal of Software k2 4% Vol.21, Supplement, December 2010

BB AR Brery /NS SIAEA Jy NULL I 1500
2 Z(10) FRIREAE FH 1 A0 6 305 A 28 G s A 0 i 2 08 20 ] PR 25 2.2 =45 1) Jy 9245 38 7 e 1 S AR AR A 1 B

19, 1T LA A% B ORI AN S AR IE 2 T AR ABL sim(a,b) = K (a,b) = @(a)@(b) 4R i 5 F ML 1 i 51
(GEIR
2
80 gy = lo@) - D @)20)" K(a.8) 2 s @®K@b) 3 . a)(b)a)(d)Kz(b,d) (a1)
zbeﬂk C()(b) st/tk a)(b) (zbe”k a)(b))

Do @(0)@(D)
C 2e)
T, b AT SRR AR, R T b 8 T K AT ek, % MR T A K 35 (SR 2P Gt T A B A S B v A
S5 1 TRANER 3 IR A DR L B A 2 I
TSR UL AR AEARLEE sim(a,b) B, AT sRIR N (A B4k 6 AN I8 8l 77 ) 43 Afi 1 19 350 43 ) 2 4 R0 o7 B
f¥) Bhattacharyya AU, Xt 114575 51 22:

b u SEENE K I ARFAE 1 i, 2 2 T AT TR T B E K R SR IE SR B, aob) 2 5 £ b AL

30 sim(e, .0, . )
G

_ 0 Py, (TS %0
sim(e,, , o, 1) —Ziesl ,—%‘J%’J Citp, =0
Hrp goep, S ] Group LASSO JIT 15 S () 5 4 ZH 5 i X6F I 119 36 4% 2R 40
A AT ZRIK H ARAESS € H Mol 813 PIH, o) KA. 288 LB 23, dee e dl 2 00
POTH.@) =TT T T0s PO 10k (14)
B R IR ME 2 R £ A 4 T e ME LR B AR R 2
7= oo 0" e + 200 i Brame T 20,1007, +
zi,p,hlpmuud (1" Gie) + Zi,p,hLD:NULL'BVe'b + Zi,p logZ,,,
Y 00z, > logZ, VAL WA ST ALy Hn A2 . 22 K (15) BT SCRR[10]H ) EM
FVE e ab) 2 E R 1R G R AR #4531

2 X Iy

K (a,b) =

(12)

(13)

(15)

2.1 HEEMIEMIERR

EIGI 16 70 A7 S SRR LL 210 0 R 6 5 B O 59680
R A R K A0 8,47 A 5 6 5 B, TG S BRA 1 S R E JRASCAEAT 5630
T T SCHRTLOJ 0 A . IR 8 AL S5 5 SRR I 46 A0 24 R4 4 (5
FRBI" s “RHL s n) 134 Google [ RIS 519619 8110,

VA T U1 SR80, D16 47 1610 3K B SCA IO 5,635 T 25 4 \40,75 43
1,36 2 627 44 -SRI 108 S HE B AT R, 6175 T 6 A90,5 40 S A 3KIE el Al
U400 R TR LE B0 9%,

SR UM A A S R0 5 0 S 0157 4 R T

e aR) = LB

22 HERFERB A
S 540 P 5 4RI o 6 25 A B (0% A5 45 T4 Group LASSO #1404, i1t BE R A A°

© HEBEERAET hipd/ www, jos. org. cn



B 5 T R AR EON 6 BAF AW Ao Sh VR ARIE 211

(7] PR 7 A R 0 28, P 95 B0 ) S AR5 0 20 DN 573 80 26 B R, LASRU E — Az 3, b i S B v

N T LA AN AR A 32 PR S0 AE A2 ) U Th AT R AR SCTTVE 5 0 T A R AE AN REAT 1B PR T T REAT TR L.
F LR TAERAF UM 45 R R U S BN E G UM S B 3 W 7R T PRan SL i 45

Bl 2 R AR AR S AME, AR O IF BIVAS G REE AT Bk i N AL A 249 S VE VRURG . AN FET 2 T ke vy 4 ) R A S
it Group LASSO #EAT 2 RN LE£6 i, 0f T 5 A4 % AN i 7 3z ) A A6 EL AW 2 i Bl 4 (W hit backhand, wave) il
FCYUN A T 525 508 A0 0 T SR & A T80 38 ) AL A AR W S 32 3 UM RO B A K (- shake hand,
hold). 3 & 5 24 J& A AE S A LA 7, 25 A #8671 o AL AR A A8 AN W A 10 ELIX R B A A SIS SRR AL v ™ 7=
(10 75 2 LL /IS i 3 A AR K L 48 22 FE IR 4 Tl Group LASSO Jy ik i Hk ik i >k FAF 312 2 (¥ SC e 1iE 41,
1715 AR ARFAE XS 328 ) PR IR S M A /.

------- hitbackhand ====hitforehand - hold e———shake =—— - wave
1
Hold
09 -+ _—
Hit forehand
0.8 -

0.7

FaEmEg

0.6 —

0.5

0.4

Fig.3 Comparison of recognition result of five motions(Z is the X-axis, when A is zero, no selection will be done
to features. The recognition accuracy is the Y-axis)
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Table 1 The best recognition accuracy of five different motions
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Hit backhand Hit forehand Hold Shake Wave
PO S 27 23 20 41 33
AR £ 20 19 18 33 19
U B 0.74 0.83 0.9 0.8 0.57
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backhand” [FIME %k 71.2%, 4 “serve” [FIHE % by 40.8%.15¢ 45 M % “Federer-hit backhand”y 45.0%*“Nadal-serve”Jy
24.0%. 115 45 )1 >4 “Federer-hit backhand”.
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Fig.4 Exampleof recognition result
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