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Two Hands Gesture Recognition Based on

Dynamic Bayesian Networ k Framework

Heung-11 Suk

Department of Computer Engineering, The Graduate School,
Pukyong National University

Abstract

It is natural to use hand gestures in-interactiiit) womputers because hand gestures are freer
in movements and much more expressive than any othdy parts. In this paper, we define
and recognize ten hand gestures including two-lggstlres as well as one-hand gestures. Skin
blobs in a frame are segmented by two differernt sklor models combined. Each skin blob is
modeled with a Gaussian model. For the trackinghefskin blobs, we exploit optical flows
computed between the blobs in the previous framtkthose in the current frame. The new
mean of the Gaussian maodel for each blob in theenuiframe_is predicted using the optical
flows which give the motion information of each bl&rom the previous frame to the current
frame. The motion of hands is defined the changa@imean of each Gaussian and the relative
position between two hands, each hand and a fanew?gesture recognition model is proposed
based on the dynamic Bayesian network frameworlchvig relatively easy to represent the
relationship among features and to incorporate Meatures or information to a model.
Experimental results showed high recognition rgteta 99.59% with our small dataset in
isolated gesture recognition and 84% of the detnatite, 76.36% of reliability was obtained in
continuous gesture recognition. The proposed maddl techniques are believed to have a
sufficient potential for successful applicationsatbier hand gestures recognition such as sign

languages.
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TAZFL 7IaE ol&ste] 43 2 4 otk U@ A w3
interface & 1128] &5 ©]&3Fo] ALkt

¥ wRol4 A8 DBNY stehuHE AAsE £42 ol 2o

m=P(X7 =i)=E[ X7 =i] where,q0{1.2,3}

E[X!=i|X5=]]

E[ X =]
F=iIXE =]

ELX2,= ]

. . 5
P(X? =i| X3 =), X =k,X2=I)= [

P(X!=iIX},=])=

A={P(X2=i|X =])= el

F=iX =) X =k X2 =]
E[ X2 =j X! =k X2 =1]

E[O.=yIX, =i
E[X, =i]

where, O, X, J{ O X} )07 X))@ X2 )0 X7 )D %D
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6.3 59 A2A Q2 (Isolated Gesture Recognition)

AzA mhel e WA AF PP olgel BRI 2 A
=

Aol el azlel dele® RAe FaAA L, A U4 7l
JE = HiESAG F M WA 4F Agel NS BRGE A4EE
Agsgon, &Y wso} 44 £ Qe FAEe WAL S 24
% melstel AuHoR 54

A =argAma>{ POZ B }) (5)

where, P=[2_ 2.2 P(X . %*. %" 0710287 8°8° K3 %5 %5 6)

x3 x2 xt
D P07 [ )PEXE [X1,X7) D POTIXP &I XX 2
X3 X3
=% P, [XP() x> P36 X )P (X 1x%,)
X2 X2

xZ P(0},97 |X)P(X) XZ‘, P(},07 [x)P (X' Ix%,)
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64 A& A2F <4 (Continuous Gesture Recognition)

A% AzA AN st e O olge] A2AT EFHT Ui 4
9 uge ARz MY geld o) g ALAE WEH, 2
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function Network _Model DP
fort=1T
for each transition - nr ) in network model
for each model in betwe#@n- nr
/' local DP
fostates i( j, k)

wrik 3 argmézzm a0 £ AL e ArT 0} ¥BY (OF)
T ik 3 me{xsm ab.C AL s DT o} ¥ BT 4 (OF)

if, A_,71 |y 1S the maximum
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end
end
/I global DP
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normalized model likelihood
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643 A& A2R A4 4%
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