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Abstract : The research of sign language recognition has great academic value and broad application prospect. In recent works on sign lan-
guage recognition, Hidden Markov Models (HMMs) has played an important role. The statistical frame based on the HMM is the main-
stream method in dynamic recognition domain recently; also is this article’s basic theory. Presents a Semi — Continuous Hidden Markov
Model for sign language recognition, shows that SCHMM is prior to the DHMM and the CHMM in theory. SCHMM avoid the informa-

tion loss because of the vector estimate in DHMM; debase the complexity and the operations at the same recognition rate.
Key words: sign language recognition; HMM; semi — continuous hidden Markov model; observe value

0 51 &

FERBAZRXHMEENR, FRRANZ
M EERE T B, Ht B F SR B SR 5
BABENLTRE AN, FERMOHRAEAB T
EHMEANTEHRR, FFR E B RN ADLE
HEHR, #MLRRERNETRIRHEEM AN
ZEER, A FERNFRLAERNELEX;
Bz S F BRI LA B FHEANTRRES
BTSSR MR BRSS!,

FER-HARLTS, FERIBFEEER
BAXTFREFFER, U EFENEENERD,
BENTEBHRIMGSRIHTF 20 42 80 £R

WA E 38:2008 — 10— 16; # B H 38 :2009 - 01 - 02

EETE BAF QAN E L Y8 H (60533030); L A HAH
234 YTEY A (4061001)

fER®M: % 15(1982-), 3 b A, BY B RN, BYFE 07 1 4
KiR#,

K. MEFERARZHARR, 20 RHRENEE
FERMHFHEE, ETFRENHFIFRI W Chara-
phayan Fil Marble B 5% T — % Fi B 40 40 28 A9 7 3k R iR
SN EBFIER, TUAERAI B B8 271
Starner %X} 40 MAH AR A B A RREE AR E D
BAMATRE,RBIHEY 99.2% 45, RFREFE
B9F BRI A : Takahashi #l Kishino Fi— S VPL $(1%
FERF 46 MEEFHEFE, T EHASIHESH
30 1o Liang F3HEZEMNRE B FHRFHTTH
R TR ER TR FESHE M ERBETF LR
R FFHEMFEMEE R, 7 250 N FiEE AR HIFIC
£ P MATTEUE T 80.4% BYiAGIER),

R, BT R G /REHRBER (HMM) 8 &
—HRFERNTENERFE" . BHFERS
AEBEEXRA MM, B EEHBIRBRER
(DHMM) % 22 B3 B /R B R B R (CHMM) AE 9 1 45
BRI, SCHMM £1E% DHMM 1 CHMM B35, &
BEHREZHEN—BIER, S TFRALREFERNE



- 150 - HEYEARSRE

BB

G, A A8 Fr XA SCHMM, BEAf LA 1§ 5 % F
CHMM i 2§ AR PRI 2R, E AR KPR IR TR R e it
HEaH & RERFHERHEFIRBIRR

1 HMM &3
1.1 HMM#ER

B3 T /R F} KA RS (Hidden Markov Model, HMM) &
—FEAZEIIGETER . HVMM HEAIIBTE
20 t42 60 FRAKR M MU RS, HMM B %
Markov IR Z E R RERN ., BT LREEL
Markov S8R B R AU B A R ¢, ME B F A
BEHWRE——XP, MREAL —~HERIHHEKR, X
HRBRAEE N HMM, ER—MNEBEVSE, B
i Z—R& Markov 5, X B EXHILE, EHARS
S, BB HERRESMWEEZ B M5
HXRIR R X, INTEMBEE AR, REEEBINE
B, A& Markov S8R i {9 AR AR ——XF L,
By, AEEEFEBRE, MRBS — PR £
HMRESMFERLE, BMRZ A “R” Markov
B LED HMME), HelR 25 B W0 2540 3R I A0
HMM 7] 4324 3% & B3 55 /R 7 R & (CHMM, Continu-
ous Hidden Markov Model) . ¥ % £ B3 5 /R 7] K 5 &Y
(SCHMM, Semi ~ Continuous Hidden Markov Model) 1
BRI /R ] R E (DHMM, Discrete Hidden Markov
Model) o

I, HMM 7] LA A A4, — T &
Markov 8§, 1 «, A #3R, A K% L YRS, 5
— MR-V, B B #5805 oW
HFF], A 1 R, T AWEER EHRE

e |
|

q1.92,"" 41

BN |

Bl HMMaxt&HE
-1 HMM B A = (N,M,n,A,B), 3
EH A= (x,A,B), R N IEEH Markov HERE
WBE , M RIS AT B M B O,
r = |} RAVBEREEEES «, = Plg = 61,1
IS NHWBAREBAOS <1, 2m = 1A =

{a;t AREHBRBER,
a; = P(q,1 = 0;/q, = 6;)
F i R AR &M
;2 0,1<i,j <NJI<i<N )
B = {b;(k)| AMBESHREE, 0;(k) A j R

1<i,j<KN (1)

0,,05,++.01

lz'larkovﬁf t__ B) _
m™, A ; B !
W__’J REFF] /—z WEAHFFF

STREMNS L WEREFE YNENS ¢ BERS
S, b, (k) RBEEAHERME, YNBSS k BUNES
BRBER,E) RELMEFEFRE, BERAY
Gaussian {B& % B BR ¥,

HMM {8 5E 1€ [/ — MR A& 22 B W28 1A 4R 2 o
SRS, B, HVM BB R IF iR B A E T
BEXBNRERFES. EEH MM #TFER
At B F BRI HEEG H — 1 HMM, 1E
X —A R TFIELE H 1T K6, ERWEENIG
R KRNI HMM X 575 T 157 B MR B4
o
1.2 SCHMM #ER R HRBHR

A ELERR T /K 7 KB (SCHMM, Semi — Contin-
uous Hidden Markov Model ) J& 7E X B8 # HMM % 42
HMM BAE#HITH AR R/,

BE HMM A EM MR ELME M ABREA
BEIE A Z N EIL, 3 FiE(E 5 B i 4 M4 IES
BFF, AEFRERK(VQ) 25, A ERATE
HMM &I g AR5, teBt, VQ BIFE 2R (code book) H
M M5 (code word) , BE & HMM AR B9 M SR (E

B BB T B HMM BB 5R
M B 5, B FEREE, il , B & BIMRIESE,
23t VQ, BT —8{5 BER MM, VQ BB A IR
MEB HMM YIZGR BN 4 F RN R, AR
— BTG 57—, %k HMM BRBEE
A FERRE ,EBR T BB T BRI RAFHERE, L5
ERZHEEREGHTIRS, BB REX B8
WMEHBE R, X 6,(X) = D F(X/0)b() B

2,€ K X)

HT R 5 B R, K (R HOBe K o3 BE , S R
A BEBK TR, BEEZMIISHK
A BRI RNEE SR,

ShR F %5 HMM RN T 2R
B 5 HMM FliE 8 HMM AR B 2 Ab T2
3% #9,SCHMM #9374 B A8 0. B #
HMM ff VQ 7=t M A4 AT A 3% M A
FEIR E BRI RS FRI A M AW X
RIS REAFBMESBGER, Bit, i M A &8
TR BB MR M ANTS S, 3 BE , V11448 B 25 18 0 )
SMARSMEE S, T H, VQ &g HVM %
AT FE— M RALAT B 52 AR ML AT, AR A 7 4 WL B2 (A A
FEREH

B(X) = 3 FX/8,0) 3)

Sorb, (X /o) SRR J VTS v, X140 R 07 HE 5
ﬁsbi(j) :Tjt% P('L‘j | q; = 8,)0;%L;EH:FE$FFEQI




%78

k8% —FET SCHMM MFE R & - 151 -

FRE B MEZHEATHOTER, (3) A—

ALY
b(X) = Fx F(X70)0,(7) (4)
UIE X)

Hep, p(X) RARBERE £(X/v) BEROBFRE
&, X8 (X)) Bt M NTRE,

M2 HVMM R E#EE Rk (4) XA,
TEE EREBHMMMEL HMM K — R —BE K.
4 p(X) RgE—ME (X /v) BBAWBFE BS5 X &
BE RS F, AT, 2 48 HMM 81738 0 B 8 HMML,, 55
—F i, ¥ %% HMM 2% Z HMM, R N MR
SHEMBERBSFEEAE M MEERE, ME 6,(;) #
RRA TR ok T M AR B

FTHXRBREREE - KRRATEF VL VQ
F1 HMM, 3X 8] 5§ 5 Baurn — Welch BEEE BN EL A

FEERMAR, RNEFFIH O = 0,0,-07, 7L
e,
B 27,(1,1)
b(j) = B, 1< j<M 5)
Ea()

Xﬁ‘%ﬁrﬁﬁ%éﬁﬁ A(X/v) BBERE p; FO7
2EEDH

2700
B = 1< i <M (6)
Z 7.(5)
227060, - g0, - ;)T
zj - =1 (7)
Zn(i)
1<;j<M

Hep
_ 7b;(7) f(O1/v) B (i) /P(P12),t =1
7. k) _{ Sea(k, i) 1< 1 < T
(8)
m
Ye-1(k,i,7) =
a,(1)a;b;(k) f(O,11/Vy)B1(G)/P(O 12) (9)
%E?lnb”ﬂ']iiﬁq’ *ﬁ?iHMM H B RO R 4

HMMEE%B’J'&?E IO F 2 & 2249 HMM 8] RLFE 4R
AR EHATIR T ARG E R, ERZHAY
HMM B — 8N S B EE Ko

2 &RiIE

FIERHIA ER R AR B T2 F HMM &
B FERANAARMHYEEN, EHR DL
SCHMM fE A FHRHERE, ERH B SR RE
RAESER IR RERY —FITPHFR, ZRT
DHMM A58 B R a0 Bt 5, AT LUIR 52 T CHMM
YR ARSI, KT CHMM B R E 4, A
TIAREFIE R B AR BIRR . U TIES, ¥t
— ¥ B9 SCHMM ZEFiE R+ AR A o

30

(1] #4%.T R,EHAS ETHRCUBEARANTRLHH
(1. HENBAR 5K RE,2008,18(3):105 - 106.

(2] £ 4,088 ATESHARRIFRETHURSH

- 0] BEHENE R, 2005,21(3):177 - 178.

(3] BOF, % 3CKER, % ET ANNHMM BTPEFE
WA RG] LIRS N, 1999,35:1 - 4.

[4] Marten A, Nico K, Harri C. Assumptions for long ~ term
stochastic population forecasts in 18 European countries]].
European Journal of Population,2007,23:33 —69.

[5] Baum L E, Petrie. Statistical inference for probabilistic func-
tion of finite state Markov chains[]]. Annals of Math. Statis-
tic, 1996,6:1554 — 1563.

[6] CHEREH, BXH. S ELITSTFENRNTERE
BRRSII]. THELR,2000,23(8) : 824 — 828.

(7] K% & X FEL, 5. XARHHBFEAFEER
RG] THALER,1999,22(7) 733 - 739.

[8] Baum L E, Geon ] A. An inequality with applications to sta-
tistical estimation for probabilistic functions of a Markov pro-
cess and to a model for ecology [J]. Bull. Amer. Meteorology,
1967(2) :360 — 363.

(9] & 8, K, EEE, S EEFHRMNGKB HM
VAR (I]. THENLAR ,2007,30(12) :2144 - 2145.

[10] Rabiner L. A tutorial on hidden Markov models and selected
applications in speech recognition[ J]. Proc. IEEE, 1989(2):
257 —-286.

U PUN U
LENR s o sien sbon sl o

T U G i S U O S SO G VU S S S
—+ + + +




