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Abstract

We choose in general  DEHMM(Discrete  Hidden Markov  ModeD)  speech
recognition method, as the recognized word, the index of the word model
whose output probability 1s maximum among those of all the words in the
vocabulary. In this case, the decisions are made by comparing the similarities
of the input feature vector with respect to those of reference features, which
might result in the misrecognition when there exists more than two reference
features similar to each other.

In this paper. we present two methods based on Data Fusion in Korean digit
recognition. The first is to combine linearly Multiple Discrete Hidden Markov
Vodels(MIIMM). This method is based on the fact that, given an utterance,
the recognition rate of a given DIIMM varies as a funcuon of feature vectors
taken.  We  consider  LPC(Linear  Prediction Coefficient), CEP(Cepstrum

Coefficient:. WCEP(Weighted Cepstrum Coefficient) and MEL(\el Coefficient)
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as the basic feature vectors and generate  DHMMs for each of these
coefficients. Then the weights for each model are estimated for each word, so
that the elementary DHMM models with high recognition rate are weighted
heavily and those with lower recognition rate lightly. We need two sets of
training data, one for the training of DHMMSs and the other for the weight
training. To demonstrate the effectiveness of the proposed combination
method, the four DHMMSs of a vocabulary consisting of 13 isolated digits are
generated and the weights of models are estimated by Linear
Programming(LP). Experimental results show the moderate improvement of
recognition rate by 3.2%.

The second is a method of comparing, for a given utterance, the distribution
of the output probabilities from all the word models. In fact, we adopt four
DHMMSs whose feature vectors are LPC, CEP, Weighted CEP and MEL, and
linearly combine all the output distributions of these four DHMMSs. This method
is based on the assumption that every word has a unique output probability
distribution for a given DHMM with a specific feature vector, and that the
output probability distribution is not the same for DHMMs employing different
feature vectors. We need two training data sets : the first for DHMM training,
and the second for the generation of reference distribution pattern. To test the
effectiveness of the proposed method, the four DHMMSs and a vocabulary
consisting of 13 isolated digits are generated, and the reference distribution
pattern corresponding to the four feature vectors of each word 1s estimated.

Experimental result shows an improvement of recognition rate by 6.3%.

1.4 &

oju] 4&3lE AESLE ®o] g} o] oA AA71E0) dg AL eET 9= &
1EF 2.2 DTW(Dynamic Time Warping)™, 417 % (Neural Network) o) o] &
¥4, HMM(Hidden Markov Model)™ * * * 9¢ o] g8 Wl 58 5 2 o



PEINVINGS o] &-éb 2zpg 9lale] Data Fusionol et ol

DTWE 618 wlwalss ebsal %oy 9lele] vholo] gl &4

BAE Sl USSR e e dgsa e AN

[e]

407
2 HA 2
TERE

ol Ao nt e ve ulaialis uholt) o] Wbt o Al Al sEl o) AJ7FA (29

Wkt W Aol 4 alonk Mgl kel sl uby

shiz gl ofelgel lvh

MM 8habe] el ol ubt 24 afle] WMES wAdow Aue v,

RS S el el el W g kel SAS QlAelts whelr of w

WO S Abgeh) el il £ Ao o

AoeRiel S wuy A eksk Al vkl st 4 oodeh Zredvp mdle] A

=
==
>
o0
o=
i
fal
O

P dyle) eolakis WG vp uran s Aol vhuke] ity ol

[« ]

wvlol dlasheh, VNS elel@ ciglel g o)A} Q1A s

o

of upaksl oAl AR iy iy R gl whel o) ol L% 41 9l U},

D TIMMY (hel ghabe] vl dpoll b il gl

R IR N S A 0 8 N L N S IR BT EI R R I R

LY il

ool ApArel el vh visk g Ln b AbERE o)ire ud
O]L1 \fo] ‘))L]
Wooqulol A skl A el Grb e elal S 91&k o] Data FusionS

bA ESiel /Al ekl

oAl 91 /1 DHMMDiscrete HMM)IS] 54 vholol el 2l 2
ob - wrfel mpep zpe]7h whohis { % o] &ako] qufe] A wie)ir
iz lel DHMMS &gk vl oliie] 12 Awd 2gtele] H$E

IR QU el S] g e Sgs DU

ol el 2R belbel g WEE R Q1 oy vl o)
7habed Qe melnbel ALi oAb R
ol b ml S ek MaE ol ik wheje] mele] Qlvtabed 1o
LR R el o wtofell teh vl fARN A slEte) el
Hotelvhef QbR b whojol g wiElvith R 1A ik thef
Hhet Stirel apabni atan o RLS VR4S ok S ol §sbe] e

MR ol ks dviel DHNINGE: R d gk obg 5 wbabe] 7p A

o el i vhel el de] fab By aws) 7} vhelg

Bl ek At

717] %) at

o b4

5ty sl

ol Abg
H}. %L o
20

7hg Al

welel <)

3§ (Similarity  Distribution Pattern)

‘[OI" A]’ jxl :vl‘
ol g4 <)

o] 1wlof



408 BEBEASR ABRIE mCE $208

t 71E WYY Agg 2¥ee HF 2 S e Pt

zﬂ° ? $HEY BHEEe 433 A8 134y xAE %oii 3= DHMM
Jatgon, 7z wole] DHMMe| ti§ 745X LP(Linear Programming)”
8]°ﬂ g FREY L, Z gdole NFE A-HE Z dojo] 5 wEwit 30749
H3lE RE A4 g dojo Rl g 2 FHYY 7is oy
B FAs gk Agd HPEd s FEE U715l 714 DHMMEH
A go| Yol F gtte A& EYstA

[e)

=

O.L.

2. Data Fusion& o]-£3% 244 Al&d]

19 218 EolE FA(Data Fusion)'A| 2ol A ejojtt, dHoly F
A Aado] 999 glge]) AHAS W YA A vo]A(Decision Maker)7t %
B ) A28 (Subsystem)8] 288 2§38, o] A 2de] HF S AAEA dh

Subsystem

]
]
1
]
[}
1
]
[]
]
1 :
(]
1
1
]
)
t
]
]
1
]

Feature

Vectors Subsystem

2

\J

—> Decision |, Decision
Maker

Subsystem

A 4

- = = = = - - a = = = - ————— - - -

a3y 21 dolyg FAH Al
Fig 2.1 Data fusion system



DHMME o] 838 318 91219 Data Fusionol & A 409

2t payagle] Felg xgteh o o] 234Ul E(Linear Opinion

11—
Poold =71 31}l E(Log opinion Poolel gt glyel vyl &2 7t &

A Ele] Hewh 7bEx S el gE A delEl bW Aade] FHoR 3}
Vool o @yl Eo 7h ajzwle] Felel dlgol vhEAE ek Al
o HolE A AsEe] ZHoR st et} olig FALR I 7}

Pl,meur(x): 21 uy P,(X) (21)

Ppo(x)= 21 wilog( P (x)) (2.2)

of A P (x) i (A RAsawlel Flolm, g, in wEl AL A TR

o) N& yalsswlel EAGeIvh LBl P (x) in elvjel eufel S
gkt o] A Alagie] FHlelsn Py, (e)in 20 SRl EE AbE

ghi: wolr] # A Aswe] delelt),

Q1 1glel AL dlojE s T, telT, L, tAT, L CHTSE el 1341
s dslel el sk 5ol wlH e o7slel &4 el

ol st wuiel 3WH vrg e o757l &4 dlolEl FelA sk 100

ol shab Tomel dlold(vrelw go/el wrshe zv]vh 51290 kel rjelnl

Vo pIVMR S e A gich, crelar DIIMMALEle) Fwlel Gholeh 4

choo el el vt sk Swet oA sk

(@)

o

el el (ke p 30719

dehar sbAa vl dlgiel etgat b Alel shgel apgstdlon. vl

coalslab wst el AdEah 1owel el kel Goiel whshiit VRl gl
dalel ol @atoit]. 1IKhzi ERE Nt S s S0msec?] e

Glel e arebeba crplelyr cLejel Abele] (iE b 20msechi SRRIUE



410 BEIREAR KBt e $2088

T A ZHPEL1-0.97 279 YA YEHE nFH HEL 32 9o,
AP A=+E HEPoh Ed A Zddel oisjH  xaw Ase
Levinson-Durbin €12} && o] &35t 12219 Hgax A%l @ Wz o4 F o
ol o83t Fre AL S Vg 255 ojszryg sz grpy A2l
YU W Ased A" * Yz 2590 oze ogad 7+ =X W)

A FA HlojBe WED, BE $4 dolHE FHasa

y

19 312 7+ 5% ¥WE 9] DHMM, % DHMM 283 $AIES o

.
Nagel AAHQ QA4 EE e Relth o) aeME A4 Bo] A7 Be =

oo
&
2,

%

BB A2EY AFola, AAFo] 7MY Be B wWEHE HAdE A5
A & 7 A 291 4 P2EY A5 ALt 1)F HEge AR
o] &% Mg W A2EY A5o] DHMMEDRD 09%°] A8 49 3o
i, 4% DHMM2 9 A2E3 Ao DHMMETE 32%9] 91280 AMYS B
Ao 283 BE 54 e dalN 7)E AR FAEE o] 8 A4 Alaw
< 4 A2EY Ao DHMMEY Ht} 63%9] 1A &0 s489S noly
90
80 79'2: 7682 762
|
ot B :
t ]
H
60 I j=d] H
— I3
- H
el 50 B i.; :
by = i
sol &5 | i =|
% =8 H —
e T
. §
{ i =
20 | B H =
0t B i =
1 ==
. . : =
Mel  Wcep LPC  MelS) ctF  Sim
DHMM
£3 e

aY 31 AAEY B
Fig 3.1 Comparison of recognition rates



DEVA G ol &ek 52b& @149 Data Fusiondl e §1-¢ 411

4. 4 &

Mot thell s el E] 3F a8 o] @8 tukg DIIVIM W DHMME] AR

£ E vrele] li Alnie]l fb TS dRbatelel
e wel oAl Ty e farel ubeh QlAgel vhitel

oo lai ehel iAol e g wirie] wlelin 5 pg A Aol

YA

Do g o) welelis A€ bEa i elsl A, eslel ek HYse

wAl QA AR QA e AdE: el

Pl 7p ykelel fpd wljubel W 9l dl ik vhol o) el ¢

Gob o el U enbl e xR sl b 9l i wrefe] 7h 5

ol Wai Al s sl s g o) A sllbla) 1an ol ol vhefe] el

Boule e vakel fabn n shglel s el eal M ks MAleks

detel whgtrel vhua S dzah L Slsked I3el S LA 1A ol

[ O I
Voskh s DIMMS S8 el A5l gizm g Ale, 7 o) Alg o s

G el gk hg

G el el weel wekol P AE Lk 4

L el gal ] dabelondl d thofel b T el shukakis 1 RS

ot 1 LU
4 vkopel Tral bl 3046l Mbaker acd 9V i viole] wadel Ql7balel

IS L IET o T
P ekl 6

gt ospe] Faetelnh crelan vhdabd 10w ol Aeh

el b A W ojellgl 1gAel b eaom el e s o 0

TR I S

bap oA gie) e Wl gisiiwd Algee] DIMM st )

sovL Ao 9l el gk v eiom] () e oW e vk /lAaRel sw
0o B A 3 oF 2@ -z - 7 & L) -2 )
at b el DIMM wel oF 63w el ¢l ddre] s glony, /IMH

el b Al eb A el sl 5d welel

¥ | EARRe)

Sy Alvelul el A gkel lejalan Askurel S 7bEls: whglel v

R R FC AR B BY I RN R R B i S

ol Ao Wi el vl e gakskel M vbsh b FU F A

ok 2 zb tflel it Al il ebaieliol asiehar Frhsjvy A

N
)
~
wo
[
=
w
e
i
®
N+
p——
-~
=

V(Continuous TINAD2F DUNM, &9 DIMMt DTWiE ol ek w5 A7

of Alil thi e ey Abolo] dole Fdl Hgshw o} waHel 5 9o



412 BRI AR AR RCE %208

(1] Lawrence Rabiner and Biing Hwang Juang, Fundamentals of Speech
Recognition, Prentice Hall, 1993.

[2] Rav P. Ramachandran and Richard J. Mammone, Modern Methods of
Speech Recognition, Kluwer Academic, pp.159-183, 1995.

[3] Lawrence Rabiner, “A Tutorial on Hidden Markov Models and Selected
Applications in Speech Recognition”, Proc. IEEE, Vol77, No. 2,
FEBRUARY 1989.

[4] LR. Rabiner, S.E. Levinson and M.M.Sondhi, “On the Application of
Vector Quantization and Hidden Markov Models to Speaker Independent
Isolated Word Recognition”, Bell System Technical Journal, Vol. 62, No.
4, APRIL 1983.

[5] SEE. Levinson, L.R. Rabiner and M.M. Sondhi, “An introduction to the
Application of the Theory of Probabilistic Function of a Markov Process
to Automatic Speech Recognition”, Bell System Technical Journal, Vol.
62, No. 4, APRIL 1983.

[6] SE. Levinson, “Structural Method in Automatic Speech Recognition”,
Proc. IEEE, Vol. 73, No. 11, NOVEMEBER 1985.

[7] William H. Press, Saul A. Teukolsky, William T. Vetterling and Brian P.
Flannery, Numerical Recipes in C (The art of scientific  Computing),
Cambridge University Press, pp.430-444, 1992,

[8] James P. Ignizio and Tom M. Cavalier, Liner Programming, Prentice
Hall, 1994.

[9] John Makhol, “Linear Prediction: A Tutorial Review”, Proc. IEEE, Vol
63, No. 4, APRIL 1975.

[10] Joseph W. Picone, “Signal Modeling Techniques in Speech Recognition”,
Proc. IEEE, Vol. 81, No. 9, SEPTEMBER 1993.

[11] John Makhoul, Salim Roucos and Herrert Gish, “Vector Quantization in
Speech Coding”, Proc. IEEE, Vol. 73, No. 11, pp.1551-1588, NOVEMBER
1985.



DHAINE ofzal R Data Fusion« vhel oy 413

[12] Alex Wathel  and Kai Iy Lee, Reading in Speech Recognition,
Morgan Kaufmann, PR 7o 100, 1990,

113 Yoseph Limde, Andres Buzo  and Robert A\ Gy, AR Algorithm  for
Quantizer Design™ IEEE Trans. Communications, Vol COM 28 No. I
POST U5 JANUARY TON0,

O Ravy b Ramachandran and Richard Jo Mammone., Modern Methods of
Spcect IPecognition Kluwer Academie, PRI 0 aan

[15] Rivi I Ramachandran and Richard I Mammone Meaodern Aethods of Sp

ceclt Becognition, Khnwer Academic, PRl 29T 1905



@)Collection |



