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Abstract ; Sign language is the languzge used by the deaf, which 1s a comparatively steadier expressive sys-
temn composed of signs corresponding to postures and motions assisted by facial expression. And it is a lan-
guage communicated by motion/vision. The objective of sign language recognition research i1s t¢ “see” the lan-
guage of the deaf. The integration of sign langnzge recognition and sign language synthesis jointly comprises a
"human-computer sign language interprerer”, which tacilitates the interaction between deaf pecple and their
surroundings. The issue of sign langnage recognition is to recognize dynamic gesture signal, that is, to recog-
nize sign langnage signal. Considering the speed and performance of the recognitien system, Cyberglove itf se-
lected zs gesture inpur device in sign language recognition system, DGMM (dynamic Gaussian mixture medel)
is used as tecognition technique. and hierarchica. recognizer is used in recegnizing module, which can recog-
nize 274 sign language words coming from the dictionary of Chinese sign language with an accuracy of 87, 4% .
based an Chinese sign language’s own characteristic. Compared with the recognition system based on single-
NGMM reeognizer . the recognition rate of hierarchical DGMM recognizer is nearly equal to that of single-IG-
MM recognizer, hut its recognition speed is apparently much faster than thar of single-DGMM recognizer.

Key words: sign language recogrition: DGMM (dynamic Gaussian mixture model) ; hierarchical DGMM rec-

cgnizer

Sign language is the language used by the deaf, which is a comparatively steadier expressive system cormn-

posed of signs carresponding to postures and motions assisted by facial expression. And It is a language commu-
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The objective of sign language recognition research is to “see” the language of deaf. I'o “see” has two
meanings: one is transleting the language of deef into corresponding written language by word to word; the oth-
er is making correct respanse to the requirement or query deaf language contains. The integration of sign lan-
guage recognition and sign language synthesis jointly comprises a “human-romputer sign language interpreter”,
which facilitates the interaction between deaf people and their surroundings.

According to the development histery, Chinese sign language can be divided into two kinds. gesture lan-
guage and finger-spelling language. Finger-spelling language is developed from alphaber languzge. in which a
finger pattern staads for a bapomofo and is spelled inro mandarin based on spelling scheme of Chinese. Gesture
language s developed from glyph language, which makes full use of emation and body motien o represent the
most basic features of subject and action. As deal people usually use gesture language to communicate in daily
lifes our research aims at gesture language recognition.

Some commonly used rechnigues in previcus sign language recognition include, template matching + artificial
neural network and hidden Markov model. Template marching is limited to a fixed pattern and inflexible, which
is often used 10 recognize small-scale static set. Although artificial neural network has the strong property of
diseriminating and anir-jamming, its ability to dezl with time sequences is weuk. so now it is widely applied in
recognizing postures. Fels’s famous GloveTalk system™ selects neural nerwork as recognition technique.
HMM® is 2 well known anc widely used staustical method. HMM with standard topology has strong capability
1o describe temporal-spatial variety of sign fanguage signal, which has been wicely used in the domain of dynam-
ic gesture tecognition. Liang’s™ sign language recognition system nses a VPL's DataGlove as sign langnage in-
put device, which can recognize 230 basic words from sign language rextbook with an accuracy of 89. 5% based
on HMM. Starner and Pentland™s™' American sigr language recognition system uses camera as sign language in-
pur device , which can recognize simple sentences randonily constructed from a 40-werd lexicon using HMM , an
accuracy of 99. 2% is reached. Vogler and Metaxas’s!® American sign language recogniticn system uses a 3-ID
tracker and three orthogonal cameras as gesture input device, which implements recognition of 53 isolated words
with an accuracy of 89. 9% based on HMM. In addition, Kirsri Grobel and Marcell ssam- use HMM to recog-
nize signals of 262 isolated language words inputted by the user wearing colared gluove . with an accuracy of 1.
3%, However, just the generalizetion of HMM tepology ieads to the model’s difficulty in analyzing sign lan-
guage signal and the computation complexity in HMM training and recognizing, Especially, for continuous
HMM, the speed of training and recognition is comparztively slow, because ¢f the requitement of computing
large amount of emission probability and requirement of estimating tno many model parameters. Thus, the
HMM uised by previous sign language recognition systems is asually discrete HMM. Aiming at the above prob-
lems, this paper aveids computing large amouns of emission probabilities and estimating t0o many madel param-
eters from the other paint of view, that is, it uses DGMM (dynamic Gaussian mixture model) 10 mode] sign lan-
guage signal. Ir order to reduce the computation complexity of multidimensional Gaussian density function,
each multidimensional (Gaussian density function is approximated by one-dimension equivalent probahility densi-
ty. And aceording to Chinese sign language’s material characteristic, hierarchical DGMM recoghizer is used in
this paper to decrease medel matching titme, Comparcd with single DGMM recognizer, the recognition time of
sierarchical DGMM recognizer almost reduces a half.

DGMM model is deseribed in Section 1. Two basic problems for DGMM are proposed and their solutions
are given in Section 2. In Section 3. the strueture of a general sign larguage recognition system is presented
briefly and the hierarchical NGGMM recognizer spplied in sign language recognition system is described roo. Ex.

perimental results arc given and anelyzed in Section 4. The couclusion is drawn in the last section.
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1 DGMM Model

In continuous DGMM, sign language signal X () (¢=1,...,7), thc frame at moment ¢, is modeled by a

time-vatied mixture probahility density function with M components, that is

) .
PXit))= ;k,p,—(t)qj(.X(t))- D
M

where ¢ is time variable, #; is Mixture Proportion. #;220, Zﬂﬁ-“l g (X)) is N-Gaussian mixture density,
J=1

defined as

GG = Dt enNo (X (D) il (1.2)

2=1
here c; s misture weighted coefficient, N.. is Gaussian density, g; and [/, are mean vector and covariance ma-

irix related to component j and mixture 2, X{)= (X, () ,... . X,{t)) is p dimension feature vector, Loe.
_ ae 1IG WY
(ot ST

#;(t) is a probability density of time variable, and is selected as Gaussian distribution, that is

{ — 2
_g=0 ] AR

No Xty ) = expl — o (XG) — ) UR (X — ) | (1.3
2

pilt)=

exp

1
(zm) Vo,
here t;and o; are mean and deviation respectively,

To reduce the amount of data for medel training and the computation complexity of model, g,(X(2)) in Eq.

{1.1) is selected as the following density function
N

g (X = 2N (X (2l 1), (1.5)

n=1

where ,, UJ, is the mean vector znd covariance matrix related to mixture ». This medel is called SCDGMM
(semi-conrinuous dynamic Guussian mixture model).

For abuve SCDGMM, the probability density function with expenential function is needed tw caleulate. so
the computation amount is comparatively large. In particular, if the dimension of feature vector used to describe
sign language signal is too large. it will result in overflow of density functian computing. In order to decrease
the computation amount of probability density and avoid averflow . U, is selected as diagonal matrix, i.e. , U,=
ding Cedy stz oo . o s by ) and Gaussian density function Ne. (X (¢, ., U.) is approximated by one-dimensional

equivalent probability funetion

FulK () =~ e . (1. 6)
DITSREEE (OIS Te {0
=1

K ) — X, —p,

0, Wy

where a’,,(X(f,))=% (Y@ |t Yo=|

2 Two Basic Problems for SCDGMM and Their Solutions

2.1 Two basic problems for SCDGMM

In order 10 make full use of SCDGMM in real-world application, two basic SCDGMM problems must be
solved. Wil the notatior A= (r,¢,U, ,r,4) to indicate the complete set of the model, where 7={(m,m74.. .,
Tagds 0= Copmdannr U= (WD ews Uo=diag Gedlralse oo sudy) s 1= ()1 s 2= (it s Minza <o 1 By ) s T= LT
Trseeesla)s =C0+025... 3047, the two bssic problems are deseribed as follows.

Problem 1. Given the observation sequence X =X (12X (2)... X (T) and a model A, how to compute

PP(X/A) efficiently, that is. the probability of the abservation sequence. given the model?
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Problem 2. How to adjust model peremeter X to maximize P(X /139

Problem 1 is the evaluation problem, scoring the matching degree of the éiven model and the observartion
sequence. Problem 2 is the problem of estimating model parameters, adjusting model parameters to maximize
+he probability of the observation sequence, given the model. The ohservation sequences used to adjust model
parameter are called training data.
2.2 Solutions to the two basic problems of SCDGMM

Solution to Problem 1. Assuming statistical independence of observations. the probability of the observe-

tion seguence, given model parameter A, is

T M
P(X/A)—HP(XU)/A =11 2, 0a,c00, (2.1
=1 j=1
g (X)) — Ec,—,.Nm S ONNIA S 2 2)
n—1
where N (X (¢Y,p,,07.) is approximated by one-order ane-dimensional equivalent probability density, i.e. ,
Noo QXS st s U =V 0 (60D Catagtnss + - 2t (2.3a)
VAXED=04+d (X p 7, (2.3b)
£:;(¢) is approximated by one-order one-dimensional equivalent probability density. i.e. ,
£ =w;lede; {2.4a)
_ (f_fj)z]_:
wlt)= [1 -l (2. 4b)

Solution to Problem 2. For the given K groups of training datz z:(e), t=1,... ,2(k)s k=1,...,K . where
¢ (&) is the totel frame number of the kth group training data, the reestimation formulas of A= (r,e. U5 pty1,0)

are chrained by likelihood sstimate,

E,zyj/i‘r,, (2.5)

Em =i ¥, (2.6)
= % ity
£ 2 07D (0 3 D 7k, (5.7
=1 =1 k—- =1
.{{‘ 134 3] K a4
F= 7k, (e — 1, )zfz DR ACHIR (2.8)
d=le=1 —1 =1
%‘YK‘ iy MK e
PR DIDID I NI PN SEOTIIDIP IR ANIEAEN ) R (2.9
IR =1 E=i 1=)
M ’41 Hb) ’ MK b
uni=§_;b DI SN ER O MEMO LY DI IS I (2. 10)
Rl N L= k=1 1=]
here,
Y, k) = :r,p,(:;q,m(z))/mn(z)). (2. 11
K Ty
7= *E 227,68, (2. 116)
=1 t=1
Yy (k) — e pi (ON (gL e U, 3 P Laal)) (2. 11c)
K Tik)
Y= Z; 27 Gh, (2. 11d)
4 £

3 Hierarchical DGMM Recognizer

As showr. in Fig. 1, a current sign language recognitian system includes frart end processing module, train-

ing module {model paramcter cstimation module} and recognizing module. A hierarchical DGMM recognizer is
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uszed in recognizing module.

IEX!COH
Data glove 5 et Input Pre-pracessing m—| Qutp
_ I—Mi?m,—- {eature extraction‘—h’ CFNiINng

)
Parameter Estimatjg:ﬂ—»@i_g_ models:]

Fig.1 System diagram

3.1 The front end processing module

The {ront end processing mcc!'ule includes data collection module, data preprocessing module and fealure
extraction module.

Data collection module: Two CyberGloves with 18 sensors are used s gesture input device with 38 400
baud rate of sampling. Using this module raw sensor data of each join: shown in Fig. 2 are chiained, they are,
pinkie MPJ, pinkie P1J, ring MPJ, ring PIJ, middle MPJ, micdle P1J, index MPJ, index PIJ, thumb MPJ,
thumb IJ, pinkie-ring abduction. ring-middle abduetion, middle-index abduciion, thumb sbduction, thumb ro-
tatiun/ TMJ, wrist yaw , wrist pitch ané palm arch.

Data preprocessing; The gesture corresponding to a sign language word can stay for several seconds, dur-
ing which all the dara frem dataglove are regarded es Lhe signal representing this word, thus large amount of re-
dundanrt information covers the essential propecly of the gesture. In addicion, the physical property of dataglove
leads 10 white noise {ur vuiput data, while unconscious twitter of the subject can alag result in the twitter of
output. Moreovers gesticulaling is a dynamic process, and considering the temporal characteristics of gestures
may help e e 1emporal segmentation of gestures from other unintentiona! hand/arm movements. Three phas-
es mahe a gesture: preparation, nucleus and retraction. Thus, the raw sensor data should be preprocessed. Ac-
cording to the stead characteristic and motion characteristic of the raw data. the following method is used for
preprocessing raw sensor data;

Pirstly. stead segment is determined by using one-dimensicnal window to filter each dimension dara.

Secondly, common stcad segment of ezch dimension is determined as the stead segment of raw data.

Lastly, according to ezch stead segment, preparation and retraction phases are deleted from raw sign lan-
guage signal, and the observation seguence is ¢btained.

Feature extraction: Features such as posture, orientation and mavement path are generally used te charac-
terize sign language signal with time-space property (as Fig. 3 shaws?). As only dataglove is used as gesture in-
put device in our system. it is appatent that extracting signal’s ¢rientation and movement path is impossible.
Thus the left-hand and right-hand posture features extracted from dataglove's cutput parameters comprise the
fecture vactor of training ard testing samples.

3.2 Hierarchical DGMM Recognizer

In model parameter estimation module, a two-level DDGMM recognizer is built: a first-level single DGMM
threshold recognizer and two sub-recognizers. Assume that the word lexicon of system includes V words, each
word in the lexicon is repeatedly gesticulated several times, and the collected data are storec in database. First-
ly . word lexicon is divided intn two sub-wnrd lexicens, where single-hand gesture sub-word lexicon includes V,
words, double-hand gestire sub-word lexicon includes ¥, words. Here assume al. single-hand gesture words are
gesticulated by the same hand (e. p. right hand). Secondly, using left-hand informztion of single-hanc gesture
ta estimate single DGMM thresaold model parameters A4, the first-level DGMM recognizer is built. Thirdly.
using right-hand infarmation of single-hand gesture to estimate V; DGMM model parameters AV (v=1~V)

corresponding to each single-hand gesture word, which is stored in basic model base 1, sub-recognizer 1 is

© HIEERES AT hip:/ www. jos. org. cn



RR ¥ . 5EDGMM RANBAEPRFERAPHRA — 1435 —

built; similarly using double-hand information of double-hand gesture to estimate V, DGMM model parameters
AP (uv=1~V,) corresponding to each double-hand gesture word, which is stored in basic model base 2, sub-rec-

ognizer 2 is built. Here, semi-continuos DGMM reestimation Egs. (2, 5) ~ (2. 10) are used to estimate model

parameters.

Finger joint

L

amv -

(c) Movement path

Fig. 2 The sketch map of (a) Posture (b) Orientation
Cyberglove measuring angle Fig. 3 Gesture features

According to the process shown in Fig. 4, for each sign language signal G from dataglove, an observation
sequence X=X (1)... X (T), left-hand information sequence X,=X,(1)...X,(T) and right-hand information
sequence X, =X,(1)...X,(T) are obtained through data preprocessing and feature extraction module. First, let

threshold be Th and compute the probability of X; corresponding to threshold model As

.,
P(Xz/M)=]IP(X¢(s)/M). 6.1

then the index of sub-recognizer is determined by the value P(X,/A4:) :

X,
X,
Input signal Pre-processing | X, ;_Z?e L(X 72 } ISub—reco Fp— ]ﬂ.
feature extraction me R ca
<Th

Fig. 4 'The diagram of hierachical DGMM recognizer

If P(X,/A)>Th, enter recognizer 1; otherwise enter recognizer 2.

Let X,=X,, X;=X. According to the process shown in Fig. 5, the recognition process of sub-recognizer i

(1=1,2) is as follows.
@y Word 1's DGMM
) PX /D)

S e The class X belongs to

Word 2's DGMM .
15} PCX /) v g max log P [X;/47]
i/Ay
1sv<V.
Sequence X, |-+[Prob. computation—————| Maximize ait
Word V;"s DGMM
P (i)
J’.‘ POX; /4y

Fig.5 The diagram of sub-recognizer i

Calculate the probability of x; corresponaing to each model A (1<<v<(V,) in basic model base i

N
POX, /A8y = 1_T1P(X.-(n/a:“). (3.2)
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The class X belongs to is determined by the following formula.

”
v* =ar max%ZlogP(X.—fz)//Lf”). 3.3

1SvsV,
4 Experimentation and Result

The experimenra-ion aima at the word lexicon (as shown in Table 1) which includes 274 sign language
words from Chinese sign language lexicon., The word lexicon is divided into 1wo sub-word lexicons, They are
single-hand gesture word lexicon including 115 words and double-hand gesture word lexicon including 139
words. Gesture input device is two CyberGloves with 18 senscors, whose sampling rate is 38 400 baud rate.

Every sign language word in each sub-word lexicon is gestirulated 10 times by the user who wears one data-
glove with each hand. Through data collection, data preprocéssing and feature extraction module, 10 observa-
tion sequences corresponding to every word are obtained and respectively stored in single-hand gesture database
and double-hand gesture datzbase. 8 of which are training sequences, the remaining of which are testing se-
yuences. Considering the speed and performance of recognition, semi-continuous DGMM is used 10 model sign
language signal and a hierarchical DGMM recognizer is used in the experimentation too. Firstly, usicg left-hand
information cf training data in single-hand gesture darabasc to estimate single DGMM threshold model parame-
wr Ags the ficst-level DGMM recognizer is builr, Secondly, using right-hand information of training d:'ita in sin-
gle-hand gesture database to estimate Vy DGMM model parameters 4" (w=1~115) corresponding to each sin-
gle-hand gesture word, which is stored in basic model bese 1, sub-recognizer 1 is built; similerly using double-
hand informartion of training data in double-hand gesture database to estimate V, DGMM model parameter A% (o
=1~159) carresponding to cach double-hand gesture word, which is stored in basic model base 2, sub-recog-
nizer 2 is built. Thirdly, fur each testing sample hierarchical DGMM recognizer (as Fig. 4 shows) is used 10 de-
termine the index corresponding o the best matching model. Finzlly. in contrast to the lexicon shown in Table
1 and the basic model base, the corresponding meaning is determined.

Word 1's DGMM
4 BCX7 A
~[Prob. computation]

Word 2's DGMM
A o™ =arg max log P _X/1,]

2
{ PR/ <o <V
[npuz Pre_processing | X —* Maximize
signal ;| feature extraction Word Vs DGMM

’iv PX/ a0

L+ Preh, computation —

Fig. & The ciagram of single DGMM recognizer

The class X belongs t©

By adjusting time mixture M and Gaussian density mixture N of the model, different experimental results
arc obuained {as Fig. 7 showe)}, where average number of the wrongly recognized words refers to the mean of
wrongly recognized words in 2 groups of testing samples.

According to the result shown in Fig. 7 and considering the speed and perfermence of recognition, select
M=2, N=1, and an accuracy of 97. 4% is reached.

From the result shown in Figs. 7 and 8, it is skown that the recognition performance of hierarchical DGMM
recognizer 1s comparable to that of single DGMM recognizer, but its recognizitg speed is much faster than single
DGMM recognizer’s, because the required time for recognizing is reduced almost a helf.

In addition . single DGMM recognizer is used as the rontrast of hierarchical DGMM recognizer, and the ex-
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perimental result is shown in Fig. 8.

By calculating statistically the probability of wrongly. recognized word in the experimentation and analyzing

the reason of being wrongly recognized, a conclusion is drawn: the feature of double-hand posture is not enough

for characterizing sign language signal. For example, in all testing experiments using hierarchical and single

DGMM recognizers, “zuzhi” is wrongly recognized as “danwei” by 0. 9 in hierarchical DGMM recognizer and by

0.95 in single DGMM recognizer. It is due to that “danwei” (as Fig. 9 shows) and “zuzhi” (as Fig. 10 showns)

are almost the same on posture, which can be also shown from the variety on each dimension of the feature vec-

tor of “zuzhi” in Fig. 11 and the variety on each dimension of the feature vector of “danwei” in Fig. 12.

——M=1
——M=2

M=3
e M=4
—¥—M=5

average number of error

0 " A N :
1 2 3 4 5

M-Gaussian mixture M

Fig.7 The relation between error words number
and Ny, M in hierarchical DGMM recognizer

e e L T

Fig.9 The gesture graph of“danwei”
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-100
-200
-300
-400

Fig.11 The variety on each dimension

of “zuzhi” feature vector

5
@
- ——M=1
é B ——M=2
22 M=3
) e M=4
(u]
8 ——M=5
©

1 2 3 4 5

N-Gaussian mixture N

Fig. 8 The relation between error words number

and N, M in single DGMM recognizer

e w-—

’
A
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[ 1)
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1-"-"I I'|’J'F
4
sl I ’I
7

Fig. 10 The gesture graph of“zuzhi”
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100
0
-100
-200
-300

Fig.12 The variety on each dimension

of “danwei” feature vector

But their movement paths are comparatively different. So, orientation and movement path should be con-

sidered to recognize such similar words. Thus, to improve the recognition performance, it is necessary to select
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3-N tracker as dataglave’s assistant to obtain the feature of arientation and movement path.

Table 1

Lexicon

Single-Hand gesture word

Double-Hand gesture waord

ayl; bashi; baoming; biyao ;boealjbu;buran seanguan:
zangzu ;chabuduoschengii; chengxizo;chongzis
chouxiang ;cizhi ;dazao; danchun ;danwei; danshi;daocli;
daolu;dianbao jdianzi jdengji s duanwujie sdun; duibugi s
chuasershi;fanying ; fenbifouze; guwen;guilv: guogis

he s houlai ;hushi;dating ; jiao s jieli; jiushi; jiucai;

kecue s kekao;keneng ;keshi; kongqii kengzhi; labis litang ;
lizi;liushy; lvshi; manzu ; mengguzu ;mi ymianziacs; miaozu;
naxiejnainai;nver ;nvshi;pizhun ;gishi;qingeal; gingshi;
sanshijskan;shac;shengdong;shenghuosskengren;
shiyot sshiynngshouqiang sshichang ;shucaizshoxi s
shuoshijsishiyti;tigao;tiankong s tian; touzi swarle ;
welwuerzu pwushi; xibao ; xijun; xiangxiang sxinyu; xing;
XINMiNg ; XEONEXIn; yeye ; JOu)u : YOURIA0o; you s viran ;
yuarnze ; yuevue jzhexue s zhengee ; shibu s zhiyuan  ghiyuuig
chidu s zkihui szhongwu s zhuyi;zhuangzu s ziliszizun ; zuzhi;

gangeai ;biaoxian;

aisaidai;aibu;aiging ; baicai ; beizi;bijiac ; biaozhi; bewu;
zailiao;chanlan scha schanpinichi;chucal s chuang sciyaos
cong ;danran;diren; dikang ;difang ;dianxing ;dongwu;
dongwuyuan;douzheng ;fandat i fenqi;fendou funv ie s
gongeheng;gonghuigongju sgongyi; gonggongqiche ;
gongmin gongping ;gongsi; guanjian; guanxin; guanli;
guanchuan;guanghui ;guangning; guiding; guohui ;guaii;
gFuomin; guogingjie ; guowuyuan ; guoran ; huanhe ; huoche ;
jijinhui:jisuan;iijie ; iagong ; jiaju; jjanduan; ianrui yjlanyis
Jiankang ; jiegou; jieguo; jiejuesjieshaojindn g jinzhan ; juece:
weding: kaoyan  kexiykecheng ;laibuji; kaclvsliymishu;
mianbao; minzhu ; minzu ;mo ;neirong;nianling : paichusuc s
peiyang: pinzhing s pohuaiqici;yisqiavygiangdu jqunzong ;
renmen; rongyu ;s ruozhiren ; shehui ssheng ishengwu;shigong 5.
shidai; shizhi; shiwu ;shizi; shiru;shuiguo staitai;laivang s
tang 3tixistianye ; tizojian s tong yong s tuanti ; wazi ; wancheng;
wanju ;weifeng ; welwang ; weixie ;weida pwuglywulis xitong;
xianjin:xingshi;xingx:ang ; xingming ; xiongxin; yeyu;
yihuier syinxiang ; yingxiong ; youyus vulun; yuzhou ;yuanliac
yuesu s zanshi; zenme; shangwo s zhenglujenichi;zhishifenzi;
zhixing; zhiliang: zhonggong 1zhonggua s zhongqiujies
zhongyang ;zhengyu s zhudong s zhuzhang s zhuaniia;

zhuanyong ;zhuangzht; ziben ;zugiu s zuihou yzunshou;

5 Conclusions

In this paper hierarchical INGMM recngnizer applied in sign language recognition is expounded, dynamic

Gaussian mixture madel (NGMM) is used as recognition technique, and multidimensionzl Gaussian density
function is approximated by one-order one-dimension equivalent density function. The reestimation formula esti-
mating the parameters of SCOGMM (semi-continnous dynamic (zaussian mixture mocel) 1s also given in this pa-
per, and by hierarchical DGMM recognizer, the sign language words in Teble 1 are recognized using SCODGMM,
Compered with the system using single DGMM recognizer, the recognition performance of hierarchical DGMM
recognizer is equivalent o that of single DGMM recognizer, while its recognizing speed is much faster than that
of single DGMM recognizer. By the experimental result, it is shown that of a 3-I) tracker is used in the system,
the recogritien performance will be increased a lot. In addition, some words in Chinese sign language should be
characterized with the assistant of face emotion and head gesture, so the research on fusion of multi-charnel will

further the development of Chinese sign language recognition.
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