; €3e0° OLd&6T [ 1 FEATURE EXTRACTI ON APPARATUS AND METHOD AND PATTERN
RECOGNI TI AND METHOD 29 April 2002 *G00O0R* BACKGROUD OF THE
rNVENTIOmemmmmmmmmm:the invention The present invention relates to a
feature extrag &N apparatus and nethod and a pattern recogni2SiApnil 2QGfar at us
and nethod. In particular, the invention relates to a feature extraction
apparatus and nethod and a pattern rekognition apparatus and met hod which
are suitable for use in a case where speech recognition is perforned in a
noi se environment . FEATERE FXTRAGH QF ARPARARGUSt AYDAMETHEPR . AND shows an
exanpl e configuration of a conventional pattern recognition apparatus. An
observation vector ZF&TFERH: BEF:ﬁGP‘é%@Hi%E%R%'B{%d’tNQ METHORt to a feature

ext ' ion 101. The feature extraction section 101 detern nes,
basﬂﬂ“ﬂ“ﬂﬂ“ﬂﬁﬁ“servation vector, a feature vector that represents its
feat’ure guantity. The feature vector thus determned is supplied to a

di scri n°Hati on section 102BAEHRAINR QFhdHFe INVENTEENt or supplied fromthe
feature extraction section 101, the discrimnation section 102 judges which
of a predeterfifbd-pinBEre BIVeltEaes the i nput observation vector bel ongs
to. For exanple, where the pattern recognition apparatus of Fig. 1 is a
speech recognit FBf BPPAFAE usNVePeLeh H%f%t%ﬁ Bach fepoupgrextogrion tine
unit (hereinafter referred to as a frame where appropriate) is input to the
feat ure exBPRBFPBAS ¥ iMfTDEh 288 anPabseFy s 9niddrsr aPrheateatancte
extraction section 101 acoustically analyzes the speech data as the

obser vat i ofe¥Betor, I%nﬂa’Ehé‘F‘éJo%r'ex%&P%c%%V%mF’e%ﬂ uwrelatesd dio o Bedtedivure
guantity o eech such as a power spectrum cepstrum coefficients, or

f s ,
l'i near pre&?EEPBHlEBePPPEF@EP . 2Pfle MEEROG EMrect oP2 FseBuppRFRF ot he
di scrimnation section, 10 he di scrim nation section,102 classifies the
oot e voBPBRr St A PO RP AUt AT RO TG TOF Ue1i8ds CaRe ez

classification %esult i S,_poutput as rec qgjtion result.of the speech data

(obser vat i SREGEEt BF FOIANDHY Kot et of PAAGENG Whi PH'SHe of a

8redeperni ed_nunber, of classes f eat ur.e yectorhgﬁlfngsbpo Lp the t
|scr!n1na2rUEﬁEﬁﬁ%?%ﬁn}dﬁaﬁig?égﬁgﬁﬁﬁglﬂ@ing a al anobi s discrimnan

method Usi g ant HiM meLIS Shnd ArRensd Lol hg WOt Hetnerio ey o
exanple, t i : b ﬁaggch recognition techni ques are

di scl osed P%Fggkﬁa%%%§%?£gﬁmgﬁgégh ecognition (1) and (I1)," co-authored

by L. Rabiner a sdd - olUaNg, |l atio vj Fur Ui 4 T; Advanced
Technol ogy Cor p}_i{i %%Sr Asrbglorteteﬁg%g%%ear F%ggﬁe}%%@%erg%glrﬁ% ?%%?J:\geltégi | ed

descriptiongpaee ypde iRathee eXaml&iR da andi by . Hartye "FRaldgrd
Cl assification and Scene Analysis, " John Wley & Sons, 1973. 29 Apri

2002 extraction section 101 determines, based on the observation

vector, a feature vector that represents its feature quantity.
The feature vector thus determined is supplied to a
discrimination section 102. Based on the feature vector
supplied from the feature extraction section 101, the
discrimination section 102 judges which of a predeterm&ned
number of classes the input observation vector belongs to.
For example, where the pattern recognition apparatus of

Fig. 1 is a speech recognition apparatus, speech data of each



3 Incidentally, when pattern recognition is perforned, an observation
vector (input pattern) as a pattern recognition object generally includes
noi se. For exanple, a voice as an observation vector that is input when
speech recognition is perforned includes noise of an environ2emprip20G2
user's speech (e. g., voices of other persons or noise of a car). To give
anot her exanple, an image as an obseration vector that is input when image
recognition is performed includes noise of a photographing envi ronnment of
the image (dmeginithohseeirrbengeforivdihers admdre Winr seppreRr i t) or
rain, or noise due to |l ens aberrations of a canmera for photographing the
[ mage) Spéét¥npuls tiptthecfpahurs ekihoRAt 48N e téonf Bhk aparyebser 3t (dreat ure
vector) extraction nethods that are used in a case of recognizing voices in
a noi se enviecsarent .The ﬂfﬁetepecte%élraeebpna@ﬁcéﬁonanlthat:oxbetm@lly
occurrence of a voice ( i ., an input before a speech section) is
enpl oyed a§nﬁéw§ésdﬁﬁ3§ﬁeavbﬁhﬁel§9é@¥#@h$%¥v4%eﬂhﬁﬁ§éorsi%%ﬂtﬁ#ﬁﬂhﬂj Upon
subsequent input of a voice, the noise average spectrumis subtracted from
the voi ce &fdracteat Uieatvae BeCier crl eufeaer byuastagyL ¥ emeeahngidonponent
as a true voice conponent. For exanple, the details of the spectral
subtracti ofSar@ dPREEHsePIGHITm, FCepsfum Sipprleissiagtsof AEoubiReaMNoi se in
Speech Using Spectral Subtraction,” |EEE Transactions on Acoustics, Speech,
and Si gnal PPrEEESdPRE O LciRESEP- 27Th@P\k§eaEur$9’FQPtoa’nHS PUPPbERAGEI 2d J.
Boudy, "Experinents with a Nonlinear Spectral 29 April 2002 4 Subtractor,
Hi dden Mar Kd¢cikpaénstann Fﬁ@tF?%jEQ%loﬂw“¥GPSR6BH§Pa§b@§cﬁeFéb%@n1Q%on in
Cars," Speech Conmunication, Vol. 11, 1992. Incidentally, it can be
consi der ed CREC HAEST Bt Jed ta¥Er %ot Fon a§e€’f“? S TR iHE et Rppper
recognition g arat us of E g 1 executes Erocess t hat an observation
vector a ré&pr ?ﬁ‘??}g & SRSt i F‘ﬁs't‘h ISperRMt ASIT VBEPORIhRAte i s
mapped to con d . nto) a feature vector repre en ing a correspondi ng
point int E tb@c? ?egﬁaﬁ%t%s %Q@ "Therefore, the

feature vector epresents a ¢ oi nt res nding to th
observation vec%@? §) FHOVﬂe ?%g %ﬁcwjéﬁ%i? %ﬁ Ehg ©3e e%gh ¥f the
observati on egtar spage, qag th% ffature vector ea%or%od{on

t hr ee- dlneﬁ%|onaFr?lace h theé sp pectral o §%?rac ion, "an aver%ggon%?se

component SRACHT L {3, Cutzf%%@@#%EQHkigPeQPﬁgE¥ﬁ5h%@n %ShQRa% ﬁ@giéhe” the

feature vector Yy IS Ca wever Sl nce ure vec

represents Qne pois agnbcnfm@t;@g YRG! R rRRACE AS-14RRG1 b%QnePs? £, the

1
feature vector y does not reflect gharacterlstlcs representing |rregular|ty

of the noi 3§ §ULH) &SN PL1 aGR diRAUID hickSh L BGhY bhemAY (AR d, and a
characteristics of the noise. Therefore, the feature vector y does not

suf ficient e theld @stinhg heatdiese@ficthe observation vector a, and hence it
529 April 2002 is difficult to obtain a high recognition rate with such a

feature vector Yor example, the details of the above speech recognition
techniques are disclosed in “Fundamentals of Speech Recognition
(I) and (II),” co-authored by L. Rabiner and B~H. Juang,
translation supervised by Furui, NTT Advanced Technology Corp.,
1995, As for the general pattern recognition, deta‘iled
descriptions are made in, for example, R. Duda and P. Hart,
“Pattern Classification and Scene Analysis,” John Wiley & Sons,

1973.



The present invention has been made in view of the above circunstances, and
an object of the invention is therefore to increase the recognition rate.
SUMVARY OF THE | NVENTI ON According to a first aspect of the invention,
there is provided a pattern recognition apparatus for recogn@iApgl 2002att ern
of unclassified input data by classifying the pattern as one of a
predet er mi ned nunber of cl asses, conpBising: cal culating means for
calculating a feature distribution paranmeter for a frame of the
uncl assi fi ed i nputcidingalvg, ywhen vwdttdrimeegodnindbodi agpatfdemst, an
average vector and variance matri x, where conponents of said variance
matri x are slodematualn weetorel(dhpdt peptesentasngp gpaitstm buwidognichbai ned by
mappi ng the unclassified input data to a space of a desired feature
guantity ofoljectundnessililivednchpdes daiige andoel agsmpye ngp eairnse fasr an
classifying the feature distribution paraneter as one of the predeterm ned
nunber of colassestiort v2etApritha2002 Acpot dvingn tspeedecmmwbaaspech ak t he
invention, there is provided a pattern recognition nethod for recognizing a
pattern of pexcfassid iiedliudpatnadiada diyanl asel fognment ld patder'm apeend of a
predet er mi ned nunber of classes, conprising the steps of: calculating a
feature di steidut ivornigess afetodhefropeasbnanerofoibe afick asarfi edol gpue dat a,
varying with tinme and including at | east an average vector and vari ance
matri x, whezmodonpernemp e pfanstnabe/asicancesenvaikomvechor thatuas lipput
correlated, representing a distribution obtained by mapping the
uncl assi fi edhémpanadat aetcogaispave icf peféarme@ gugatdey ofoitske of a
uncl assified i nput data; and

photographing environment of the image (e.g., noise relating

to weather conditions such as mist or rain, or noise due to lens
aberrations of a camera for photographing the image).

Spectral subtraction is known as one of feature quantity
(feature vector) extraction methods that are used in a case of
recognizing voices in a noise environment.

In the spectral subtraction, an input before occurrence
of a voice (i.e., an input before a speech section) is employed
as noise and an average spectrum of the noise is calculated.
Upon subsequent input of a voice, the noise average spectrum
is subtracted from the voice and a feature vector is calculated
by using a remaining component as a true voice component.

For example, the details of the spectral subtraction are
disclosed in S.F. Boll, “Suppression of AcousticNoise in Sp‘eech
Using Spectral Subtraction,” IEEE Transactions on Acoustics,
Speech, and Signal Processing, Vol. ASSP-27, No. 2, 1979; and

P. Lockwood and J. Boudy, “Experiments with a Nonlinear Spectral



classifying the calcul ated feature distribution paraneter as one of the
predet er m ned nunber of cl asses. 7 29 April 2002 According to a third
aspect of the invention, there is provided a pattern recognition apparatus
for recognizing a pattern of tinme serial unclassified input deiprild002
classifying the unclassified input data as one of a predeterm ned nunber of
cl asses, conprising: fram ng neans forg sequentially extracting the

uncl assified input data at predeterm ned frane intervals and outputting the
extract ed datlstesctfaomgniidacaMaciboM@aializgameahe ¥orj acalion, afomohuseat ur e

di stribution paraneter for each frame of the unclassified input data,
varyi ng w t$pdécre reubgmidlivdi 1g gbrkeésspeasclavesagm ivedtion, aNndlvallance
matri x, where conponents of said variance matrix are not nutually
correlated,19%presenting a distribution obtained when the frane data is
mapped to a space of a feature quantity of the unclassified input data and
cl assi fyi ng neansndiatertdadss), f yithgecansékri esorafi derved ediatr etlde stterbuteon
paranmeters as one of the predeterm ned nunber of cl asses. 8 29 April 2002
Accor di ng textardourdrhsaspéoh 10fl blietianpent eon,rdduemd tiisnpagvddachsaopat t er n
recognition nethod for recognizing a pattern of tine serial unclassified

i nput dat a bygcl asseéfeguiest he yncdcassi fileak | aputolddrarads. oonevedtar a
predet er mi ned nunber of classes, conprising: a framng step of sequentially
extracti ng peptssaitine aucekassnfpetht nputthdadasat vat eaeteratioredpbrane
intervals and outputting each extracted part as frane data; a cal cul ating
step of cal talmrpey &of éabnver thdtimitbut & ofegaranweetof oy reagiesknémegof t he
.uncl assified input data, varying with tinme and including at |east an

aver age vect ororzrebpeandiagepomat rix, thehéeatevepmeivss sphcsad sl shavinahve
matrix are not nmutually correlated, representing a distribution obtained
when the frBhe. data is mapped to a space of a feature quantity of the

uncl assified input data; and a classifying step of classifying a series of
the feature disttiviafiuie phhakepéisedse e virepresgnédat epht atd PARGABer of

cl asses. 9 29 April 2002 BRI EF DESCRI PTION OF THE DRAWNGS Fig. 1 is a

bl ock di agr 8FR SHROWMF AW Saanpie ToifIVGilen 01¥céP raacodverrticod8RtPEEt er n

recogni ti on appar at us; Fig. 2 illustrates a process of a feature extraction
vector space. n Fig. 2, each of the observation vector space

and the feature vector space is drawn as a three-dimensional
space.

In the spectral subtraction, an average noise component
spectrum is subtracted from the observation vector a and then
the feature vector vy is calculated. However, since the feature
vector y represents one point in the feature vector space as
described above, the feature vector y does not reflect
characteristics representing irregularity of the noise such as
variance though it reflects the average characteristics of the
noise.

Therefore, the feature vector y does not sufficiently

reflect the features of the observation vector a, and hence it



section 101 shown in Fig. 1; Fig. 3 is block diagramshow ng an exanpl e
configuration of a speech recognition apparatus according to an enbodi nent
of the present invention; Fig. 4 illustrates a process of a fram ng section
1 shown in Fig. 3; Fig. 5illustrates a process of a feature extraction
section 2 shown in Fig. 3; Fig. 6 is a block diagram show ng an exanpl e
configuration of the feature extracti gn section 2 shown in §9@gprildiooki gs. 7A
and 7B shown;pepbabi | kby S/0Sht Va f waghi qrb%o%l@lm sf%teowthsméﬂ ug and a
true voice power spectrum Fig. 8 is a block diagram show ng an exanple
confi guratdinrc0fcarsht Serimnnation section 3 shown in Fig. 3; Fig. 9 shows
an HW and 29 April 20.02 I 10 Fig. 10 is a bl ock di agram show ng

Ia:not hgr exanptige coRddGHr atdvant9bnt REsf @ALHN RaBXt KaCtiiQR $@Ctin@n soshown i

g

circumstances, and an object of the invention is therefore to

increase the recognition rate.

SUMMARY OF THE INVENTION

According to a first aspect of the invention, there is
provided a pattern recognition apparatus for recognizing a
pattern of unclassified input data by classifying the pattern as
one of a predetermined number of classes, comprising:

calculating means for calculating a feature distribution
parameter for a frame of the unclassified input data, varying
with time and including at least an average vector and variance
matrix, where components of said variance matrix are not mutually
correlated, representing a distribution obtained by mapping the
unclassified input data to a space of a desired feature quantity
of the unclassified input data; and

classifying means for classifying the feature distribution

parameter as one of the predetermined number of classes.



Fig. 3 shows an exanpl e configuration of a speech recognition apparatus
according to an enbodi nent of the present invention. Digital speech data as
a recognition object is input to a framng section 1 . For exanple, as
shown in Fig. 4, the fram ng section 1 extracts parts of received speech
data at predetermned tine intervals (e.g., 10 ns; this operation is

call ed fram ng) and outputs each extragted speech data as 12§u%m§ a.
Each 1-frame speech data that is output fromthe fram ng section % I'S
supplied to a feature extraction section 2 in the formof an observation
vector a havi [respective_tine-seri eech ta, t.ituti he frame
as conponentsggc?gfﬁm%hgjfglf%%fﬁg,a%ﬁeggsg&véﬁ?bﬁlég%ﬁﬁf&és12%€%cﬁjhata of
at-th fr . 1S re nt e . appronri T e
extracti%ﬁggg%cﬁ6%H%ﬁ%%g%c&F§¥Pﬁééﬁ%éﬁ@$ﬁ§€oﬁgfi%%F? S%ﬁﬁ?@z%sg%ﬁéggbeech
data as e_obser Lon, waath ' | he_f i section
1 and thé?e Ii/aeaxts\r{g%g %iry eat%lr]—’l’rt(‘g,1 ]a aﬁ%ﬁ%@gg% Jtcﬁ% %Jp)tge@é ggt éﬁéﬂ or ©

exampl o, pEg LSALUEA HIACL:OR, 66LI O chodel B g1 s AoBUBE, spect T um of

t he spee% ata as the observation vector ourierl transformng it,

and cal cul at eg, . { £AYe VRELOE Y DaMNGuris? Ao 200211, 1 e5RRCII Ve
frequency conponents of the power spectrum as conponents . The nethod of
cal cul at | £$%Fg- ct, i t LA ited LienFeunkennbr apsf Qdimg adoower
spectrun#ggn@%e efg?%?nggﬂg§ g?ﬂ%r %%ghbgsvéggh as a Pilter bghf nmet hod.

Further, 1 Lhe fERIIVEG X LRELL PN RECHdQAne CREM Al 6Fhe RASBHLORANE of
above-cal cul ated feature vector y, a paraneter (hereinafter referred to as

a featurg, dh S{{iDiHdeORaRRE AMBEET ot 1R 11 §PEES LM S 1, direbhb Ot Oy 4 N the
space of a feature quantity (i.e., feature vector space), obtained when a

true voi gesinalydded bpcifeFSpReshpdats @ the1abserdal iiopuy¥eahos & iS
mapped to points in the feature vector space, and supplies the paraneter Z

to a disgphdd Nt :0Re5€6Ed QuadtiTPAbE Ithe @Bc3ROMFidY AnGut Sdatdie sheat ure
extraction section

classifying the calculated feature distribution parameter

as one of the predetermined number of classes.



2 calculates and outputs, as a feature distribution paraneter, a paraneter
that represents a distribution having a spread in the feature vector space
obt ai ned by nmappi ng of an observation vector a representing a certain point
in the observation vector to the feature vector space. Although in Fig. 5
each of the observation vector space and the feature vector space is drawn
as a three-dimensional space, the respgctive nunbers of dingggﬁ&onég t he
obser vat i on Vecl oy §pace; and LNe | eal Ul Vel rSPage A oty LI Ted to
three and even néed ot “De “t he Sanme’ e drscrim nation seétion 3

(cl assi f}égg&jpiigr%f‘lr‘%)zogé%ﬁ%}}ﬁi %cﬁ?ﬁgt%nf eﬁf?%:rgtggStH)Ibu.t]_jeg:%gB?E%tee% s (a

series of pa ters) t are supplie rom eature

extracti thfee&J} QN 2,85 00,101, 21 REEHEI & M. ped gupber, of; %'s%g&'?ﬁ% and
out put s classification result as a recognition resul t of the i put voi ce.
For exa .diyscy.i mnat i ctiaon st.or ' i.m.pa ctions to
be used”?%?l?%é¥;1%8 W&#ﬂﬁ:o§é§¥a§§e§h§%r?gsﬁbngf?égég?héggge éF%%%iﬁ%@
nunber Kc?is%&ﬁd%oﬁp?5§fﬁéﬁination obj ect belongs to, and cal cul ates val ues
of the drscrimnant functions of the respective classes by using, as an

argurent, the sLeaty Sl rAAULIONAREATRY Lt hAL s S4RPlGed LLomdd

e
feature extraction section 2. A S Inthis case, a havi ng t he

largest §Hpeti @Rcyabueph8q QU eAS @ hECAGRLLLIDs T 834! LuPhul N/ OLke as
t he observation vector a. Next, the operation of the above apparatus w ||

be describegd, e sheam 0o .seet kgp,1 franmes input digital speech data as a
recognition obj ect . Observation vectors a of speech data of respective

frames are segueati&lilny SWRBld edot 0 hheulgally eaexddaablbonigectbepidy The
feature extraction section 2 determ nes a feature vector y by acoustically

anal yzi ngathigetsReach dath asahdieo Obshr ald1a8sYeLd Pributhatachs SHPPLagd from
the fram ng section 1. Further, based on the feature vector y thus

det er m nQden t fgnd ealdrmaxiiagt ken1sgst i o Lv&alqeulalesraahgabtance

di stribution paraneter Z that represents a distribution in the feature
vect or SpaEeix,aRthesdPRbhESndritst @f s290 Adrilan2@0RaiBit herdinser mitvatiwn
section 3. The discrimnation section 3 calculates, by using the feature
di stri buté e patcalyetrepbregpptimf 4 romtheofteahuvetexhé@cihan sRet Fodme?,

val ues of the discrimnant functions of the respective classes
correspoadtag i trheppdedet eran pedcaunber K gkawords, gqandiayt pufs ehel ass
havi ng the | argest function value as a recognition result of the voice.

Si nce speechadgkitfdedsiapuobiaravathdn vector a is converted into a feature
di stribution paraneter Z that represents a distribution in the feature
vector space ¢Edpaciefwihga rfeeaturferqudntet Jyois speeehidatal ase déseridmed
above, the feature distribution paraneterZ reflects distribution

char act eflistiigaitgbnnaiagemenetsided ianet hef speeciprdde bermBureacherymbsircef t he
voi ce i s recogni zed based on such a feature distribution paraneter Z, the
recogni t Fbwsset-e can greatly be increased. Fig. 6 shows an exanpl e
configuration of the feature extraction section 2 shown in Fig. 3. An
observation vector a is supplied to a power spectrum anal yzerl 2. The
power spectrum anal yzerl 2 Fourier-transforns the observation vector a
according to, for instance, a FFT ( fast Fourier transform algorithm and
thereby determ nes (extracts), as a feature vector, a power spectrumthat
is a feature quantity of the voice. It is assunmed here that an observation
vector a as speech data of one frame is converted into a feature vector

t hat consists of D conponents (i.e., a



29 April 2002 14 D-di nensional feature vector). Now, a feature vector
obt ai ned from an observation vector a(t) of at-th frame is represented by
y(t). Further, a true voice conponent spectrum and a noi se conponent
spectrum of the feature vector y(t) are represented by x(t) and u(t),
respectively. In this case, the conponent spectrumx (t) of the true voice
is given by x(t) - y(t) - a (t) ..... d1) where it is assunﬁgfg Ahodpl se
has irregularAcharJg}ergstic -an htg%tegpeo%pqgﬁp E%hg as t %mer%en%gtion
vector a(t) i8°THEdImst EhéOPFiR PSPEE" cSiponent TARE TRE noi$&° dihce the
noi se a %%%VJHE%J rr%&%£%£ %%%é§ er

t

—h

S50

teristics, at) is a randomvari.able and
hence x icPis gi've t%luoa il%e(r:]t%(Odl éor, GRSOdPE Y rankom VAY i abl e
. Therefore, for example, if the_nojse power .spectrum a.probahility
densi ty Poncien ShomRL | notrg AT e BB PRy eria iy FORSL oot ¢ he
power sp .Qf. t.he true ice_Ls @Qiven.as s in. Fi ording to
Equationﬁfgggﬂ#%éegroéggﬁi%%%%hg% thé d%&e% spec Fﬁ%ﬁgkg?héﬁpﬁgg 6%%ce has

a certai e i jned by multiplying, by a normalization factor that
makes thgl%g%%zbfﬁﬁﬁgiﬁ#gfribution of the true voice have an area of unity,

a probability,tat,lilg NAlpe PPWRLGABRELINY hag: foudlile pblal ned M
subtracting the above“val ue of the power spectrum of the true voice from

t he powey,SpeCHH of . i i i . SLgn Fi.gs. a /B are
dr awn mﬁ%%éan éggg%pfi n%thgfg%hégpﬁﬁgg%Rgggﬁﬁ%gr?F£§805j%%rggﬁgogg5%ents
of each gf¢M(dding ¥hEA ext%@txéét%afé Qe Lhe=4dda, Returning to Fig. 6, the

feature vector y(t) obtained by the power spectrum analyzer 12 is supplied

to a switch 13. -Ihe sy fe) d3.5ebects1e08a0find ehmdAakird3a;:a0d: J30; dinder
the control of a speech section detection section 11. The speech section
det ecti 0P, 846N £l dELECESare QIR $8ChhODi£idd -irfut daBaPebhPdhfuring
whi ch a user is speaking) . For exanple, the details of a nethod of

det ecti ngi & SPARCRLGHANAaRE St SELosethl Navkrage veddBPUAnaByari¥de and B
. Reaves, ~~A Robust Al gorithmfor Wrd Boundary Detection in the Presence
of Noi sematril:EERhERaNsatddridhtSPEeCha aNdsAUdinee PROELSE IS, n¥el muualNg: 3,
1994. A speech section can be recogni zed in other ways, for exanple, by
provi di ngoargiraapal, Rebtesehtiddes spaach vuetognbbt@Mmappaad ushantkhavi ng a
user mani pul ate the button while he is speaking. The speech section

det ecti ofas£CtisONmippedntd®dl & t Bpaswi teh k3 Feathsd iduameliegt sof hecHeer m nal
13b in speech sections and the termnal 13a in the other sections

(her ei nattherag=ffeetetinp o amtaegnaspeech sections where appropriate).
Therefore, in a non-speech section, the switch 13 selects the term nal 13a,
wher eby an outputasfifhagpewep sgecilassianahyzer sdPies stpphe efedtaizad noi se
characteristics calculator 14 via the switch 13. The noi se characteristics
cal cul at distiilcdlicon| aresmpbése ehamaet exfi sthespradeaetspaesed sewbeon dfased on

~3=6D

classes.



29 April 2002 16 the output of the power spectrum analyzer 12 in the

non- speech section. In this exanple, the noise characteristics calcul ator

14 determ nes average val ues (average vector) and variance (a variance

matri x) of noise with assunptions that a noi se power spectrumu(t) in a

certain speech section has the sane distribution as that in the non-speech

section imredi ately preceding that sp§§ch section and that 55§Pﬂ¥§6dﬂ buti on
S

is anormal distributio the fir rame

t he speech sectlon IS ag quﬁs HE] e vector ~' and a
vari ance matrpx of ou 101) of the wer _spectrum

anal yzer 12 ok ?001 flrsaﬁeéﬂf‘f’]f dr\%(agr]a ?rléow&cgﬁl %65”{1%]66 cﬁglgéﬂug% ct$on by 200

frames to_a frane prece t he speech . section by 101 franmes) are

det er mi n&H %é“ﬁgfg LR é%ﬁ%Fthl CIHTRE s%%%ct:séctlon The aver age

ector fit' nce mat E be det di to ~ ~
(5~"100 - 5854y i (TUbEREEA™ bifoloq G LESE8G Tt cfasar o no fo

( ))(Y(t%éJ% I~~ ﬁ Lﬁown ig Fi %2) , mhere u' (i) represents an ith
conmponen hé average Tedt 8r ..., D, y(t)(i) represents an
th conmponent f. t f f . t
T comonen ol sabce, Vool led KB oL Ty ot
E

(j = %’sg%ech rebogn£%idn apparatus according to an embodiment of the

present invention;

Fig. 4 illustrates a process of a framing section 1 shown
in Fig. 3;

Fig. 5 illustrates a process of a feature extraction
section 2 shown in Fig. 3;

Fig. 6 is a block diagram showing an example configuration
of the feature extraction section 2 shown in Fig. 3;

Figs. 7A and 7B shown probability density functions of a
noise power spectrum and a true voice power spectrum;

Fig. 8 is a block diagram showing an example configuration
of a discrimination section 3 shown in Fig. 3;

Fig. 9 shows an HMM; and



Here, to reduce the anount of calculation, it is assunmed that for noise the
conponents of the feature vector y have no nutual correlation. In this
case, the conponents other than the diagonal conponents of the variance

matrix E are zero as expressed by ~' (i,l)"o ~ ~"J ..... ( 3)29TAwsril 2003 €
characteristics calculator 14 determ n];z t he average vector ~' and the
variance matrix E as noise characterisStics in the above-descri bed manner

and supplies those to a feature distribution paraneter cal cul ator 15. On
the other hand, e siWtdl§ 18 Sdpekt Slitapg amer shieraind 3bnphhehe espepth
section, whereby an output of the power spectrum analyzer 12, that is, a
feature vetYH P tdpmeeh tdet bed Heregktigaatipusendiion amtonai seFihs
supplied to a feature distribution paranmeter calculator 15 via the switch
13. Based ofr the feature vector y that is supplied fromthe power spectrum
anal yzer 12 and the noi se characteristics that are supplied fromthe noise
characteristics REIBLHBROPEIGRIRHON &4 THE FREFERBED] BMB QRN

cal culator 15 calculates a feature distribution parameter that represents a
di stribution of ¥ pdwethdectRurfeimptlfe €pubigwiakiqmdi ofribusperchbf
estimated val ues). That is, with an assunption that the power spectrum of
the 29 AFSIOPUGZ CPgaRPes V3 aechading for ameniipdinebbtofothe phestrat ur e

di stribution paraneter calculator 15 calcul ates, as a feature distribution
par anet er, eé\FéPé’ge vector ~ and a variance matrix y~ of the distribution
according to the following fornulae: f(t)(f)' E(xItl(ill "' E |
(Y(t1(t)-~(t) (t)PL9italt sPepeh(€3ta)au@ Fecppniftont obiéey thy tppudute) (i) J

, L P(u(t)(1))ydu(t) (i) O,Ygt)(f fort~ft~)P(~(t)(i))du(t)(i)-

for(ilc~~(t %fﬁ'&’k%‘é??ﬁ}?%lt-)( QT eXAMRLE o | ASFIMWIY 11 ELp~1{t Fieframing | | (
) Irf~)f~|~ét~I.J%~1I§(uth)CQ)Idu(Et)‘I_jgltsl 'g(]gt)(ll- o Jrnmuf P(u O If i =j,

ctio acts received speec data at

predetermined time intervals (e.g., 10 ms; this operation is
called framing) and outputs each extracted speech data as
l-frame data. Each 1-frame speech data that is output from the
framing section 1 is supplied to a feature extraction section
2 in the form of an observation vector a having respective
time-series speech data constituting the frame as components. -

In the following, an observation vector as speech data of[
a t-th frame is represented by a(t), where appropriate.

The feature extraction section 2 (calculating means)
acoustically analyzes the speech data as the observation vector:
a that is supplied from the framing section 1 and thereby!
extracts a feature quantity from the speech data. For"exaAple,
the feature extraction section 2 determines a power spectrum
of the speech data as the observation vector a by Fourier-

. . |
transforming it, and calculates a feature vector Y havingi




wit) (i, j) - MIx (t) (i) ] - E (x (t) (i) )2 - (E[x (t) (i) 1)Z (=H
(x (t) (i) )z - (~(t)y (i) ) ") . It i ~j, ~~(t)y (irj) -0 ..... (5)
29 April 2002 19 E ((X(t)(i))21 E ((Y(t)(i)-u(t)(i))22 r( )(~ PCu(t)(i))
(Y(t)()-u(t)(~))2 Y(~) (") du(t)(~) PCu(t)(1))du(t)(i) O 1 rQoRpri)2002

~r () (=) x (Y(t)(i))z fo P(u(t)(i))du(t)(i) J PCu(t)(i))du(t)(i) O

-2Y(t) (1) £ Y( ) (=) u(t) (1) PCu(t) (1)) ay(t)(i) .~ 0 ry( 10) + _
(u(i)(i))zZPCu(t) (i))du(t)(i) O f vt )(~)ju(t)(i)P(u(t)(i))du(t)(i) 2 0
_(Y(1) (7)) rexgativg Lveqy¢ngy. Fompapents) pdu(the i powerYEppciyum as

(u(t) (i))2P{u(t)(i))du(t)(i) + o ~Y(")(~) ,Jo P(u(t)(i))du(t)(i)

P(u(t) (i))eompondnys- | fhe-geyifed of C§L<;m12a‘alx2g a powg¢l spectrum ig Gpt

limited to Fourier transform; a power spectrum can be determined
by other methods such as a filter bank method.

Further, the feature extraction section 2 calculates,
based on the above-calculated feature vector y, a parameter
(hereinafter referred to as a feature distribution parameter)
Z that represents a distribution, in the space of a feature
quantity (i.e., feature vector space), obtained when a true
voice included in the speech data as the observation vector a
is mapped to points in the feature vector space, and supplies
the parameter 7Z to a discrimination section 3.

That is, as shown in Fig. 5, the feature extraction section
2 calculates and outputs, as a feature distribution parameter,
a parameter that represents a distribution having a spread in
the feature vector space obtained by mapping of an observation
vector a representing a certain point in the observation vector
to the feature vector space.

Although in Fig. 5 each of the observation vector space
and the feature vector space is drawn as a three-~dimensional
space, the respective numbers of dimensions of the observation
vector space and the feature vector space are not limited to
three and even need not be the same.

The discrimination section 3 (classifying means)

classifies each of feature distribution parameters (a series



..... In the above fornulae, ~(t) (i) represents an ith conponent of an
average vector ~ (t) of at-th frame, E[ ] neans an average value of a
variable in brackets "~[)," and x(t)(i) represents an ith conmponent of a
power spectrumx (t) of the true voice of the t-th frame. FuRBkeril2002 ) (i)

represents an ith conponent of a noi power spectrumof the t-th frane,
and P(u(t)(i]) 29 April 2002 20 repriesents a probability that the ith
conponent of the noise power spectrumof the t-th frame is u(t) (i) . In

t hi s exanpbé, Parameter ridiade adiessuPblLi¢dnfian ddsufedtupe bex tar awrival
distribution, P(u(t)(i)) is given by Equation (7). Further, ~r(t)(i, j)
represent ssafatien-oas Pﬂﬁ-@glanﬁrééﬁﬁéh@h@e@fn%mm%ﬁiQﬁuﬂﬂaﬂﬁ&So<and( t) of
the t-th frame, and V[ ] neans variance of a variable in brackets "[]." In
t he above AHKRBRES & Réapeafiratépntidsuiti of paearenetienlmasvditort 1the

determ nes, for each franme, an average vector ~ and a variance matrix y~ as
a feature dhpuEivitdeon paramamrlea ephestmqmigiaagiionrsenfticon3oftqrss true
voice in the feature vector space g;.e., a normal distribution as assuned
to be a di §iprbimipanbffuned ionget9dicespd fhe Jndgingeiedt of spawsss Then,
when the speech section has finished, the switch 13 selects the term nal
13a and t heoreaspeed#ist ributd oRrpaeERERERCG al BiMMRaTOr K1506ut PpoXss t He
feature paraneter that has been determ ned for each franme in the speech
section ar 8isgrpuingblemerdiesdred orgs ér saed icodcylathatvdldiesagfuifieng t hat
t he speech section consists of T franes and that a feature distribution

par amet er HéfEF iRt AP ISt OfhEh T HocRees 1ve ekpfersdy usingt)as {~(t),
y~(t)} wheret - 1, 2, ..., T, the feature distribution paraneter

cal cul at or 2BS &S atheatifed Udiest 31 BT 194 aRRf@Retor séhrbs iof

paraneters) Z :_%z(;%, %égg, e ngég to. the discrimnation sectjon 3.
The feat ur 8UBREF8Et Fr sletd iTGi7 B EFEEREEIOP eDRAL T 29 ApFi#S2009 21
G Ser i hathon SEiH 63 Shawy i ENG. LB S io (PEEFuPE T St iBLt T
i scrimna i gn aC
parameter Z that is S%R%|ied f{gQ%;ggefeaIure eggé%ﬁ}ion ection 2 éfeature

di stributi 8§ & recogni n resu voice as servation vecto
a.
Next, the operation of the above apparatus will be
described.

The framing section 1 frames input digital speech data as
a recognition object. Observation vectors a of speech data of
respective frames are sequentially supplied to the feature
extraction section 2. The feature extraction section 2
determines a feature vector y by acoustically analyzing the
speech data as the observation vector a that is supplied from
the framing section 1. Further, based on the feature vector
y thus determined, the feature extraction section 2 calculates
a feature distribution parameter Z that represents a

distribution in the feature vector space, and supplies it to



parameter cal culator 15) is supplied to K discrimnant function cal cul ation
sections 211-21K. The discrimnant function cal culation section 21k stores
a discrimnant function gk(Z) for discrimnation of a word corresponding to
a kth class of the Kclasses (k =1, 2, . . ., K , and the 29#eprii2608ant
function gk(Z) is calculated by using, as an argunent, the feature
distribution paraneter Z that is supgBied fromthe feature extraction
section 2. The discrimnation section 3 determnes a word as a cl ass
accordi ng ttdcafimgrininpgden MEkHIN mbdelThenstifed intpprteRAanpeetiqm Jhis
enbodi ment, for exanple, an HW shown in Fig. 9 is used. In this HW there
are H st at e#alghlgiesand tanl ysangel fhe r figgitviren &l mihwtdes t Paranetethe ri ght
adj acent state are permtted. The initial state is the |l eftnost state (gl
and the firalPrdiigdefrenttine fieghtmesexsraglelqqHseghdon 3t atad vesansi thion from
the final state gH is prohibited. A nodel in which no transition occurs to
states on tHedrépdngptihimciianentf $hateespeddivecdlas$&f corpespedimpdel . A
left-to-right nodel is generally enployed in speech recognition. Now, a
nmodel for dicsdhienPagirsArBLNad kREREAIS @fF “tqiéi%HM\?Fld 0tRPREF| 22002592 s
called a kth class nodel. For exanple, the kth class nodel is defined by a
probabi | i t aViimdt FBP s2ageshriobaiian yrlrekpgny Tadnifdornresaltsthte is a
state q," a _probability (transition probability) ak (qi, qj) that a state
qi is estabBliesWedC& a certain time point ( frame) t and a state transition
to a .state g~ occurs at the next time point t+1, and a probability (output
probabi lity) bkEdPre(dyeeHardadastatdd® RSOt phit N FACERE T & SVERRBRL EPGhhen a
state transition occurs fromthe state gl (h =1, 2, . . . , H . Wen a
feature vedtd® ferfertuge @stributiod RERBLEET thetltd asseRFe L Hrded

havi ng, for. exanple, a highe~~t probabilit éobservation probabi|ity) that
such a featUrdHEREIPPsER| BRE | LHIEE VEFPS SBRERt BFPAL &1 8chgArtfdn

result of the fe obs?rvation

probabi |11 S-S 8k 6 REREDY G8FRY e AASS BRNHC unctTon GH2)S That
i's, the disgriminant functi 2 is aiven b (rnet _
Funct 1 on' 1 OF HtLTREANAG 47 SHab it 5 CRAL St A HBSP 0 PBarGLRFbREToh

par anmet er (ofsecgiges i c%u%ie{i 1Zr|1 ’th%ezé éech 'dfa’taZ.T ﬁ‘ul%tsheorb.sgﬁxggtl 1 9‘8% Ogtl mum
state seriés (r-&>,  an 6pti mum m-2RRer Of “State trandi tions) for e

f eat distri i o ' = | T . 9k(Z
o ) ESATAPE AT 00 CR Ao Sy ety o0
Coe ri .23.1n Y ihan,; z~) represents
an out put %ﬁo@%ﬁiff%&gﬁégggﬁ 6%?%u?gﬁa§?ng é%gffggﬁﬁ%gﬁ'z~. In tﬁis
enbodi ment, for zgxamy & @ ol PUkaRp PDARLL FiYuPacidiS)of Bler c¥BEGRTS @

probability that each feature vector Is output at a state transition, is

expressed R 3aReHER! sdist hhbYt ERBwh UnCtian W th an assunption that
conponents in the feature vector space have no nutual correlation. In this

case, when an i ppubpBasvatrdbstvébtid QN iEt supP1OBEPHE PRI Epb¥tblm (S)
(zt) can be determ ned by the follow ng equation that 1includes a

probabi | i t ardaRsietys £ Unehie@bwde' s Sd€xim bRal yi&r defidied by taanaverage
vector ~tk(s) and a variance matrix E,;(s) and a probability density

function PfdHe) (X3ethatidepeessntaSadcdigind But i iy ohstaheaf drerveehor (in

this enbodi nent, a power spectrun) of a t-th frame. bk(s)(z,) f

P~(t) (X) Pk(EuXedx OCrardform)) (<41gdrdthm,t’ &Ad (i thi)reby, determines
(extracts), as a feature vector, a power spectrum that is a
feature quantity of the voice. It is assumed here that an

observation vector a as speech data of one frame is converted

into a feature vector that consists of D components (i.e., a



kdl ,2,... K: s9~.qz~..,9r: T=1,2.., T, .. .. (9) In Equation (9), the
integration interval of the integral is the entire D-dinensional feature
vector space (in this exanple, the power spectrum space). , 29 April 2002
24 In Equation (9) , P (s) (i) (~ (t) (i) , ~ (t) (i, i) ) i29@puei03dy
P(S)(~)(~(t)(~), ~ (t)(~,~)) c ~kcsoo-~c~>m2 e- 2(~cs~Cc~.~~+~r(c~C~.~ z n
(=~ k(S)(~ =)+t ()(i,~)) ..... (10)1bhere ~k ( s ) (i ) represents an
ith conmponent of an average vector ~.k(s) and Ek(s)(i, i) represents an
ith-row, itth-ddolensnonednpeatnte ofeatamri ance matri x ~k(s). The out put
probability of the kth class nodel is defined by the above equations. As
nment i oned aboveNowhea Heelhirs defticgredbbyginhe fimint ralolsteatva tpoobadetat i es
nk(q,,) , the transition probabilities ak(q,, g~) . and the output

probabi | itizes)bkfga) (- Hwainehiar eepiet srmtigredyi g (Advarite therusangrieat ur e
vectors that are cal cul ated based on | earning speech data. Were the H~IM
shown in Fivp.ice cempsmeht tspaosirtinomsd st aet s¢ rapmpone nite$ p ewistuns bdt eheal .
Therefore, the initial probability of only the state gl is 1 end the
initial prdesfidret i escodrt heltot herestadreseamacdd By seen f rom BgU@ti ons (9)
and (10), if terms ~r(t) (i, i) are 0, the output probability is equal to
an out put preipalsitiivey yi.n Bn c¢batigassys thblgdnpiomewti se ¢ thrminval © aodet lod
feature vectors is not taken into consideration. An exanple of an FiNIN

| ear ni ng netrved viod cg Baugivenchyre-esti mati on met hod. The di scri mi nant
function cal cul ati on section 21~ shown 29 Apri! 2002 25

x(t) = vy -~ 020ty L (1)
where it is assumed that noise has irregular characteristics
and that the speech data as the observation vector a(t) is the
sum of the true voice component and the noise.

Since the noise u({t) has irregular characteristics, u(t)
is a random variable and hence x(t), which is given by Equation
(1), is also a random variable. Therefore, for example, if the
noise power spectrum has a probability density function shown
in Fig. 7A, the probability density function of the power
spectrum of the true voice is given as shown in Fig. 7B according
to Equation (1). The probability that the power spectrum of
the true voice has a certain value is obtained by multiplying,
by a normalization factor that makes the probability
distribution of the true voice have an area of unity, a
probability that the noise power spectrum has a value obtained
by subtracting the above value of the power spectrum of the true
voice from the power spectrum of the input voice (input signal).

Figs. 7A and 7B are drawn with an assumption that the number



in Fig. 8 stores, for the kth class nodel, the discrimnant function gk(2)
of Equation (8) that is defined by the initial state probabilities ~tk(qgh)
, the transition probabilities ak(q;, g~), and the output probabilities
bk(qi) (0) which have been deternined in advance through | ea2hfpig 209%e

di scrim nant function cal cul ation section 21k cal cul ates the di scri m nant
function gk(Z) by using a feature disitsribution paranmeter Z that is supplied
fromthe feature extraction section 2, and outputs a resulting function

val ue (abowd- desprinbatsobteraddt icdnuptdbabit) t Wngk((Z) te eneed si bh-section
22. The decision section 22 determnes a class to which the feature

di stribution paRabetreing, tohatgi $, the feputre/giecgorbgl bhgsbttagned bppl yi ng,
for exanple, a decision rule of the following formula to function val ues
gk(2) that tdreepsuppldpsdtfmonanhéyzesject s vaimdti@mhinantswigabtidn The

cal cul ation sections 211-21K (i.e., the input voice is classified as one of
the cl asseswita®( I} Gelects Ox¢ BX=max{ing1Ad 1 3¢ ad }3b under the wigateol (2) is
a function of a discrimnation operation (process) for determining a class
to which t s feespweshdisscitiibot dehephiameseet Dbellongs to. The operation
"max" on the right side of the second equation of Fornmula (11) nmeans the
maxi mum val ue ofThfeuspefoh sexdttuem getZrtioh| oadipn t11( dekegts A speechK). The
deci sion section 22 deternmines a class according to Formula ( 11 ) and

out puts it sestdareddghi t i dperésd duping i ichpatused spAppedkDOD2. 260yoi ce.
Fig. 10 shows anot her exanple configuration of the feature extraction
section 2 siowplien Fhg.dstaife ofoapmidnss of gLt Ty pasperch section
correspondi ng conponents in Fig. 6 are given the sanme reference synbols as
the | atter.2rFh8tSF$0SeRiin Pelt uher@ar Bethdnk s éed Bn Reave se ot Rghréed
basically in the same manner as that of Fig. 6 except that a noise buffer
31 and a f utdnre trsier BarPdir ypalednebereclattulattde Boespncge biicdéq  i'nst ead
of the noise characteristics calculator 14 and the feature distribution

par anet er caitulZeosaE5iopespaReRr vy AUH % hireCeRaPPe, Ve br exdlfpl é/ the
noi se buffer 31 tenporarily stores, as noise power spectra, outputs of the
power spect]r%'anal yzer 12 in a non-speech section. For exanple, the noise

buffer 31 st , ' t 1), o 100
Chat “are ospect VI SRR S F00pe yecrsey 2ot 1" beb ey e pover
t | 12 of 1Q0 .f t hat d h,section by 200

frames to TOET R HESpedrd/ bRy PR RoTCs (Bot “SREEP L LI 8P 100

frames (n = 1, 2, . . . N: in this exanpl N .- 100) .are ou t to the

feature di StTBETShpar ARdtRY LAS&al &F 8?B‘éga\t/\%etnheagg)ﬁégghwg%%?i%oen "Ras

appear ed. V%e&){iql%'speech section has appeared and the feature distribution
cal cu

par anet er at'or 32 has received the noi se power spectra w (n) (n =1

2, ..., N frop t%é@i Sse?@y{&?rdéée ti%? é@&'t%@% %tht%lge%gre |

di stribution paraneter calculator 32 calculates, for exanple, according to

the fol | ow fg; @qUaLi QNEp 4 AN AYET 8FEs Vc%d%t ?%rriﬁine(f ) 38nth 3pKaEhanke jALri x E

(t) that define a distribution (assune e a normal distribution) of a

pover Spectdin Rk R ifine 1V L enthefoth@r deBtibAYL (¥ GhagSki MRikE eal ues of
to as non-speech sections where appropriate).
Therefore, in a non-speech section, the switch 13 selects
the terminal 13a, whereby an output of the power spectrum
analyzer 12 is supplied to a noise characteristics calculator

14 via the switch 13. The noise characteristics calculator 14

calculates noise characteristics in a speech section based on



power spectrumof the true voice). ~" (t)(i)=E(x(t)(i)] 1 N" N n~
(YCt) () -w(~)(i)) N FCt)(i~l) N~~~ ((Y(t)(i)-w (~)(1)~"~(t)(i))

X(Y() (LYW~ (J)-~(t)(D))) ..... (12) ~=1 2,...,D: j=1,2,~ ~ ,D where
win) (i) represents an ith conponent of an nth noise power SREEPHUROOK N)
(W(n)(j) is defined simlarly). The feature distribution paraneter

cal cul ator 32 determnes an average vEctor 1;(t) and a variance matrix E(t)
for each frame in the above nmanner, and outputs a feature distribution
par aneter Zhe putbutz@f the powerzsgedtirurhanspeech sEGh BRe teri-®eech

di scrimnation section 3 (a feature distribution paraneter z~ is a

conbi nati orseftiig{t) and E(t)). Wiile in the case of Fig. 6 it is assuned
t hat conmponents of a noi se power spectrum have no nutual correlation, in

the case of Fig.Inl@hasfeadmske ditsier hbUEé Ohfiavcmtien ics et @i 1d thed 1wi t hout
enpl oyi ng such an assunption and hence a nore accurate feature distribution

paranet er c@dtdniolididirtage 2149 | (a2QQ2¢28 Adtheyghinidn e aabeve a
exanpl es a power spectrumis used as a feature vector (feature quantity) ,

a cepstrumvdorarxampltei x¢ass alEisdaitneds asnpe { Gad W tVach®lse Noweassune
that x (t) represents a cepstrumof a true voice of a certain frame t and

that its distedthin on (¢ st i butdeantath espédri edevalioas Hfs t BreCepsler un) is
a normal distribution, for exanple. An average vector ~ (t) and a variance
matrix ~ (d)sthatutdesd nes acnptohiabi thid ynaensidect uwedt ioh RRdd et 1tyhat
represents a distribution of a feature vector (in this case, a cepstrum x
of the t-thhfeameimanhhe deterhl ned: aacardd nghatto thbedl ot I owt higpreguatal ons. N
normal distribution.
Specifically, assuming that the first frame of the speech
section is a No. 1 frame (t = 1), an average vector i and a
variance matrix Z’ of outputs y(-200) to y(-101) of the power
spectrum analyzer 12 of 100 frames (from a frame preceding the
speech section by 200 frames to a frame preceding the speech
section by 101 frames) are determined as noise characteristics
in the speech section.

The average vector i’ and the variance matrix %’ can be

determined according to

' 1 -10¢ '
(=750 l__Zm y{t)(i)

) {1 -fol . ' . ',
2 ()= vom _Zoo (=g (NG =4 G)

t=-=2

where p' (i) represents an ith component of the average vector
pe (i=1, 2, ..., D), y(t) (i) represents an ith component of

a feature vector of a t-th frame, and X' (i, j) represents an



(

N =y, 2, , D ~c(t)(~,1) N~~~
X

~c(t)(~) ~~~ ~) 0=y, ..

) ( ) ()Y(D(D-~~(t)(D)) ..... (13) ~=1,2,...,D
( re
j

= x(1
(x(t ( )" ~(t)(~))
j=1,2,...,D wh ere ~ t)
vector ~ (t) (t) i, j) is an ith-row, jth-colum conpone@$ Apfil 2002
variance natrlx ~~(t), and x (t)(n)(j) is an ith conmponent of a cepstrum
X (t)(n) that is given by the follow g equations. x (t) (n) - CxL(t) (n)
x~"(t) (n) - (xL(t) (n) (1), x"(t) (n) (2), ..., x"(t) (n) (D) xL(t) (n)
(') - T og(Mlh-row) JtWkBp1imn domponertld) thdvAPiddcLORd A% wherg & = 1,

., D. Inthe first equation of Equations (14) , Cis a DCT (discrete
c05|ne transform, .matpyx. Wiere a cepstrumis used as a feature vector, the
feature extraction section 2 of Fig. 3 nay determ ne an average vector

~ (t) and a varigaree pBirdaude/the) ahotintashchnameatnohpe tahevespanagr, and

i) presents an ith conponent of th_e average

(
(
(
(i
t

output a feature distribution paraneter z° - ( zI", z2, . . ., zT} ina
speech sectihit £8rthei sk SGld o bh@ﬁt§e§f 10 QeQQuEQa&ékE@oﬂlySMewl@thon
parameter zt  is a conbination , ~V (t) } . In this case, an

out put pr okaitiulait ¥okke1b8)ohz= I)n ,th\Ma! ehsks tS€LdpGAY 3ttBe? than
di scrim nant function gk(Z ) in the discrimnation section 3, can be

det er m ned,tras ddagbababtdrigond ey eFeahs Nga Bl A kiaBwt koD’ idkd hereepst rum
space, by the followi ng equation thatincludes a probability densityfunction
Pk" " (s) (x exgratseldspgefi ned by an average vector ~k (s) and a variance

matrix ~, (s) and a probability density function Pf(t)(x ) that represents
a distribution of a feature vector (in this case, a cepstrun) of at-th
frame. bk~s)(zi ) f P+{x=pPkj~S)(x )dx~ a ..... (15)

..... (3)

The noise characteristics calculator 14 determines the
average vector W’ and the variance matrix X’ as noise
characteristics in the above-described manner and supplies
those to a feature distribution parameter calculator 15.

On the other hand, the switch 13 selects the terminal 13b
in the speech section, whereby an output of the power spectrum
analyzerlZ,thatis,ziféaturevectoryrasspeechdataincluding
a true voice and noise, is supplied to a feature distribution
parameter calculator 15via the switch 13. Based on the feature
vector y that is supplied from the power spectrum analyzer 12
and the noise characteristics that are supplied from the noise
characteristics calculator 14, the feature distribution
parameter calculator 15 calculates a feature distribution
parameter that represents a distribution of the power spectrum
of the true voice (distribution of estimated values).

That is, with an assumption that the power spectrum of the



In Equation (15), the integration interval of the integral is the entire

D-di nensi onal feature vector space (in this case, 29 April 2002 30
cepstrum space) . The term(t; (t) - ~tk (s) )T is a transpose of a
vector ~ (t) - ~tk® (s) . Since, as described above, a featu2@Agrils200Rbuti on

paranmeter is determned that reflects noise distribution characteristics
and speech recognition is perforned b8 using the thus-determ ned feature
distribution paranmeter, the recognition rate can be increased. Table 1
shows recoaiid 0BiEALRS hhdkrkASai YhLIBuei SPLeetl fE£0GN BieRrivOEdon
recogni tion) experiment utilizing the feature distribution paraneter was
conduct ed Bys tsldt@race et 4 tdt ardcancii tds etshadr@stard eakukepguashi ty of
speech and a speech recognition algorithmof the discrimnation section 3,
respectivelpysrad Sr€CAANETé Pigd MRT olrNE Bk e vERERRCA 1BNEEGH ¢ 8E0FREL T ON
experiment utilizing the spectral subtraction was conducted. Recognition
rate (o) Spe&&!’tﬂi@ﬂﬂioﬁn\é%@@ﬁ?ﬁgs& ey &10ed Mgt P Hodiung eand background
musi c7286Running in city area8590Runni ng on expressway5769 In the above
experinments, the nunber of recognition obj ect

£(0()=E [x(0)(i)]
= E {y () ~u{t)(h)]
=Ty st — PO gy
L et
y(t)(i)L"""’P(u(x)(i))w(n)(i)—fo'“”"umu)P(u(t)(lndumm
h y(ntn T e (4)
S Puineun )
fo”'””uumJP(u(u(indu(nm
=y(0m= o
S Pmuneu
If i =13,
wit) (1, 3) = V[x(t) (1)]
= E[(x(t) (1))?] - (E[x(t) (i)])?
(= BL(X(E) (1))2) = (E(L) (L)% .
If i # 3,

|

w(t) (1, 3J) 0.



words was S, 000 and a speaker was an unspecific person. Speaking was
performed in three kinds of environnents, that is, an environnent that the
car was in an idling state and background 29 April 2002 31 nusic is
heard, an environment that the car was running in a city area9 Apri2082
environment that the car was running an expressway. As seen from Tabl e
1, in any of those environnents, a higher recognition rate was obtai ned by
the speech recogmaﬂgmmmeE[ﬂumgﬂthg”ﬁeature di stribution paraneter. The
speech recognition apparatus to which the invention is applied has been
descri bed above. _Thlsdimpﬁ of speech recagniihon apparatus can be applied
to a car navigation & aréxUﬁruéﬂ@biErﬁﬂrTﬂﬂﬂmﬂT—rndeUahd ot her vari ous
apparatuses. In the above enbodlnentj. hﬁﬂMUN@MdDStrlbutlon paraneter is
det ermined which reflects distributi of characteristics of noise. It is
noted that, for exanple, the poise inclfudes exygmnal noise in a speaking
envi ronnent as wel | &s j;(ﬂﬁﬂﬁ mruPiH ¢ED e (0 i ne (when a
voice that is transnltﬁéd fuél)@ldvel(@phone |ine or sonme other conmuni cation
line is to be recognlzed) For exanple, the invention can also be applied
to learning for a parti_ of specific speaker
recognition. In this cag ﬁ?ﬁe a&ﬁﬁmu l?)dlé(ﬂ%?ncrease the | earning speed.
The invention can be appk&gd to not only speech recognition but al so
pattern recognition su Q For exanple, in the case of
i mage recognition, thqu;agebgggbpﬁﬁﬁ%gnkﬁep April 2002 32 rate can be
increased by using a feature distrihytion parameter that reflects
di stribution characteristics of anse o (W& P( @) (1)ein@) (Char act eri stics of a
camera for photographwmgumhﬁgeﬂn-wea%hﬁf—s%a%es——aﬁd the 1-i-kd®)In the above
enmbodi rent, a feature distribution Qﬁranﬁﬂemnﬁhan yrepresents a di stribution
in the power spectrum space or the cépstrum space is determ ned. However,
ot her spaces such as a spageiof ction coefficients, a space of
a difference between cepsioru %¢)n§ﬂg&ﬁﬁﬁgb}anes and a zero-cross space
can al so be used as a space nmmﬁiCh to determine a distribution. In the
above enbodi nent, a feature Ji sti¥BifBHR(bar amet er representing a
distribution in a space of one (kind of) feature quantity of speech is
determ ned. However, it is possible to determ ne feature distribution
paramnmeters in respective spaces of a plurality of feature quantities of
speech. It is also possible to determne a feature distribution paraneter
in one or nore of spaces of a plurality of feature quantities of speech and
perform speech recognition by using the feature distribution paraneter thus
determ ned and feature vectors in the spaces of the remaining feature
quantities. In the above enbodinent, a distribution of a feature vector
(estimated val ues of a feature1vector oi_aPQﬁM@ ¥qQiee) in the feature
vector space is as&unﬁdy%g;he:a:ﬂﬂfﬂe Né?rlbutlon and a feature
distribution paranete r Reskdtiling such a (7)

In the above formulae, £(t) (1) represents an ith component
of an average vector {(t) of a t-th frame, E[] means an average
value of a variable in brackets “(}],” and x(t) (i} represents
an ith component of a power spectrum x(t) of the true voice of
the t-th frame. Further, u(t) (i) represents an ith component

of a noise power spectrum of the t-th frame, and P(u(t) (i})



29 April 2002 33 distribution is used. However, other distributions such as
a logarithmc normal probability distribution, a discrete probability
distribution, and a fuzzy distribution can al so be used as a distribution
to be represented by a feature distribution paraneter. Furth2g Apiilr200Re
above enbodi nent, class discrimnation in the discrimnation section 3 1is
performed by using an HW in which theooutput probability is represented by
a normal distribution. However, it is possible to performclass

di scri m natepresenthe girsdabilidtyi dhasethé orti8 domponeer wdyshe frovissxanpl e,
by using an HWin which the output probability is represented by a m xed
nor mal pr opabket ispeddistr putheri-dh drdngcretdtdi($t ri but tbns examylaisi ng a
normal probability distribution function, a |logarithm c probability

di stri buti einfendchicomobspoldisdmiidhtionctisonasaumedr &lo nNe¢ wer kpowowat he

| i ke. As described above, in the feature extraction apparatus and net hod
accordi ng dosthebihivent iDM () fidat ure divetr PyuEdoatpanrafét er representing a
distribution that is obtained when mapping of input data is nade to a space
of a feature quBwrthgrofvihe (inpot dapacssntal enl atkdrowhel efiorel ufr
exanpl e, when input data includes noise, a paraneter that reflects

di stri but i cpnppreREtET EsYarsante it Mgl ¥d teant Féreobt &l nfachmd nandeV pht t ern
recogni ti on apparatus and nmethod according to the invention, a feature

di stri but i BA2par axeiaRce epf esemyhigp ke dinstamaskeiton "lhat’ is obt ai ned when
mappi ng of input data is 29 April 2002 34 nmade to a space of a feature
quantity of thelnnphe akave manggireultheelicainege (He frabiiendParardtey on
paranmeter is classified as one of a predeterm ned nunber of cl asses

Ther ef or e, CROFUERBAPI E> WWW éatfae@%lﬁr@ésernéps@veraa%r%%toér t hat
reflects distribution characteristics of the noise can be obtained. This
nmakes it p88Ei Bl B2FH2RAGrRASELE he PRcdgHid T (FRtSE e Vhen ﬁﬁﬁﬁmﬁ%ﬁ’é 35
CLAIMS: 29 April 2002 1. A pattern recognition ap aratus for reco ni zing a
pattern of rﬁﬁEFé%%Ff?‘édal%lp%‘%rJd%Hfal%y €g§§§| Eyifig CH'Fee pdt téenfaatire

vector space (i.e., a normal distribution as assumed to be a
distribution of the true voice in the feature vector space).

Then, when the speech section has finished, the switch 13
selects the terminal 13a and the feature distribution parameter
calculator 15 outputs the feature parameter that has been
determined for each frame in the speech section are output to
thediscrimination section 3. That is, assuming that the speech
section consists of T frames and that a feature distribution
parameter determined for each of the T frames is expressed as
z{(t) = (&(t), wy(t)} where t =1, 2, ..., T, the feature
distribution parameter calculator 15 supplies a feature
distribution parameter (a series of parameters) Z = {z(1l),
z(2), ..., z(T)} to the discrimination section 3.

The feature extraction section 2 thereafter repeats



one of a predeterm ned nunber of classes, conprising: calculating neans for
calculating a feature distribution paraneter for a franme of the

uncl assified input data, varying with tine and including at |east an
average vector and variance matrix, where conponents of sai d29apria2@02
matrix are not nmutually correlated, representing a distribution obtained by
mappi ng the unclassified input data to~a space of a desired feature
guantity of the unclassified input data; and classifying nmeans for

cl assi fyi ngsinmel fregingaesdiest.r i buti on paraneter as one of the predeterm ned
nunber of classes. 2. The pattern recognition apparatus according to claim
1, wherein the calacul a8i nghewans amcl exasp heansohbigwad Tidrat | of t lheef eat ure
di stribution paranmeter that represents a normal probability distribution.

3. The pat terscriocioytitdroseappanatushawooidi Aggto3cl aim 1, wherein the

cal cul ati ng neans includes neans for calculating the feature distribution
paranmet er that rBprésentsedilsdgdbivtthone acmedierp? dbabiis sypdi sediflrom on. 4.
The pattern recognition apparatus according to claim1, wherein the

cal cul ati ngtheansdmyeudestreansohorseat it atli ngfeaBére9 PprtidiaG2nt he
feature distribution paranmeter that represents a discrete probability

di stri but i opar&unete cpariéphor dédghs sveplapgdrakys sacdmidang funadiiamnm 1,
characterized in that the cal cul ati ng neans i ncludes nmeans for cal cul ating
t he feat urecalstkatbinn osephianet e?litRdk- r epfesediiscaimngrapt digmdtden on. 6.
The pattern recognition apparatus according to claim1, wherein the

cal cul at i ngcakansa it R iPard «f BECERS cul Bitd Hig mimantedbnesiansew (Zut i on
paraneter in a space of at |east one of plural kinds of feature quantities
of the i npuforaisscaitinterd /@it ReverasseFia FrpIfEas tenel kllesc et ¥ or
classifying remaining kinds of feature quantities and the feature

di stributi ofbpdt SABEERSaSK Gnkr df t he’ prledéPer Fined srudbéradf tigdses 7.
The pattern recognition apparatus according to any one of clains 1 to 6,
wher ei n t heJe{&sstT yFabCheaird | HE| Hae89nedds Forrj9Gg, TP USaig e

normal probability distribution function, which of the predeterm ned nunber
of classes FhetFEAL Lt RITFIBRT oh et ankt eFUlRL ifhs fr the feature

extraction section 2.

The discrimination section 3 determines a word as a class
according to an IMM (hidden Markov model) method, for example.

In this embodiment, for example, an HMM shown in Fig. 9
is used. In this HMM, there are H states q;-qy and only a
self~-transition and a transition to the right adjacent state
are permitted. The initial state is the leftmost state q; and
the final state is the rightmost state gy, and a state transition
from the final state qy is prohibited. A model in which no
transition occurs to states on the left of the current s’tate
is called a left-to-right model. A left-~to-right model is
generally employed in speech recognition.

Now, a model for discrimination of a kth class of the HMM



8. The pattern recognition apparatus according to any one of clains 1 to 6,
wherein the classifying neans includes neans for judgi ng, by using one
pol ynom al function, which of the predeterm ned nunber of classes the
feature distribution paraneter bel ongs to. 37 29 April 20029 %prill2092
pattern recognition apparatus according to any one of clains 1 to 6,
wherein the classifying neans i ncl udé¢ neans for j udgi ng, by using one
hi dden Mar kov nodel net hod, which of the predeterm ned nunber of cl asses
t he featureidiciridiliiai boh parayehetebel dgs ekampl®, The kat tepBsmsQgNi tion
apparatus according to any one of clains 1 to 6, wherein the classifying
means i ncl ugdesddmians berajpmang,l iy Uushhgiohe ey akobebWwoi Ky) whicgly of the
predet er mi ned nunber of classes the feature distribution paraneter bel ongs
to. 11. Thetpattefinecoghidtiare appasakie @gccarphaigtia iayy (ongnoftcdmi ns 1
to 10, wherein the unclassified input data is speech data. 12. The pattern
recogniti onpappabal usynecoqdi g tlatchatatily, wheseal i fleedakcutat tapn neans
i ncl udes neans for calculating the feature distribution paraneter by using
t he speech datha mmnicht nfeamal itoandel atehg toamwitsieon t3.a Fhatpait ecturs
recognition apparatus according to claim11l, wherein the cal cul ati ng neans
i ncl udes neans #flor ceakecul aimegpbhetf et Uy e aciidst a1 butabad ijdrtgmet entplrat
represents a normal probability distribution. 14. The pattern recognition
appar at us apeobdbngitp) chdgm (), thheér eistdateeqcloasputyi ad eranre vactardes
means for judging, by using 38 29 April 2002 one hidden Markov nodel
met hod, whi Ohwiafn &het gireetiebes i hed ongoiberfofm thasses e e (healure . . .,
di stribution paraneter belongs to.

H) .

When a feature vector series 0,, 0, ... is supplied, the
class of a model having, for example, a highest probability
(observation probability) that such a feature vector series is
observed is selected as a recognition result of the feature
vector series.

In this example, the observationprobability is determined
by using the discriminant function gx(Z). That 1is, the
discriminant function gx{(2} is given by the following equation
as a function for determining a probability that the feature
distribution parameter (series) 2= (2, 22, ..., Zr} 1s observed
in an optimum state series (i.e., an optimum manner of state
transitions) for the feature distribution parameter (segies)

Z = {2y, Za, ..., 21}.

gu(Z)= max  mi{ds) - bk(an(zq) - axlanaz) bk(qz)(z2)
Qua.* " Qy

.« ay(qr-1.a7) * bylarizr) - .- (8)



15. The pattern recognition apparatus according to claim1ll, wherein the
classi fying neans includes neans for judging, by using at |east one neural
net wor k, which of the predeterm ned nunber of classes the feature
di stribution paraneter belongs to. 16. The pattern recogniti @9 AQpP06H US
according to claim 11, wherein the cagulating means includes neans for
calculating the feature distribution parameter that represents a
distribution in a power spectrum space, a cepstrum space and a speech
magni t ude space D the sSpeechdattaonl7bA(@attxel nrepecogemitd am reettpad f or
recogni zing a pattern of unclassified input data by classifying the pattern
as one of appoledet bty niok rambertpoft dhasagsa dosprilsutiprt he . stlepshifs:
calculating a feature distribution paranmeter for a frame of the
uncl assi f i eembogirnentat &o rveaxampice Wahloutipoe: pndbaibcl Lidy bg( At (d.¢asthiamh
average vector and variance matri x, where conponents of said variance
matri x are nseta mpurobabliy iter tiedateacth feptesentddigha idi sttpltukitoa oltad ned by
mappi ng the unclassified input data to a space of a feature quantity of the
uncl assi fi etranputidat d;s exoredassbl e ngriae ddaltecibatédn ffeatuien with
di stribution paraneter as one of the predeterm ned nunber of classes.

an assumption that components in the feature vector space have

no mutual correlation. In this case, when an input has a
distribution z., an output probability by’ (s)(z.) can be
determined by the following equation that includes a
probability density function P"(s) (x) that is defined by an
average vector ux(s) and a variance matrix Z,(s) and a
probability density function Pf(t)(x) that represents a
distribution of a feature vector (in this embodiment, a power

spectrum) of a t-th frame.

bi(s)(zo= | P!(1) (P (s)(x)dx

- .ﬁ PSIO)(E (D), ¥ ()G
-1
k=1,2,-++,K :s=qq.qz . qr: T=1,2-++T

In Equation (9), the integration interval of the integral is
the entire D-dimensional feature vector space (in this example,

the power spectrum space).



39 29 April 2002 18. A pattern recognition apparatus for recognizing a
pattern of tinme serial unclassified input data by classifying the

uncl assified i nput data as one of a predeterm ned nunber of cl asses,
conprising: fram ng nmeans for sequentially extracting the un@bagsi 2002
input data at predeterm ned frane intx@grvals and outputting the extracted
data as frane data; calculating neans for calculating a feature

di stribution paranmeter for each frame of the unclassified input data,
varying with timm Bgdathchudi)ngPds) (&ast (@Nn(Avernade (Lect br iangli war bance
matri x, where conponents of said variance matrix are not nutually

correl ated, ﬁﬁggﬂ%{@gngﬁgistribution obt ai ned when the frane data is
mapped to a space of a feature quantity of the unclassified input data; and
classifying neans for classifying a series(gﬁﬂ&bguhﬁature di stribution
paraneters as one of the predeterm ned nquﬁggﬁﬁﬁ&hﬁsses. 19. The pattern
recognition apparaFU€EEEGEFdFﬁ§:FGZEFHiﬁ]1 , wherei'n the. uncl@$sified input
data is speech data. 207 (ZdlipEt ¥ &Y R Wecogni tion apparatus according to
claim19, wherein the calculating neans cal cul ates a feature distribution
paranmeter representing a distribution of the speech data in a power
spectrum space. 40 29 April 2002 21. The pattern recognition apparatus
according to claim 19, wherein the calculating neans cal cul ates a feature
di stri buti orherar dattleriy egpassrnitagea ithsteibendon odfan hyespgecteadatra in a
cepstrum space. 22. The pattern recognition apparatus according to claim
19, wherei i(be catdulat Bhdgineans ceppeissass awvousittihc ranal yirithmgEataws for
acoustically analyzing the frane data; noise characteristic cal cul ating
means for cEUEIthg Inei ¥ertiagadtadtist e és bas ddheopuaprisshl ebadfi ity
acoustic analysis of the frane data;, and feature distribution paraneter

cal cul at i ng®imddifs ¥tér dalscuimededg ishéefféaedr BYdi-Ber pbave opdprlrdifet-er of a

true voice based on the result of the acoustic analysis of the frame data
and the cal cul at SUmABFs@NEAR L er Fia¢ FRAY 15 defined by the initial state

probabilities mi{(qg,), the transition probabilities ayx(qg,, q;),
and the output probabilities byg(qi) (0), which are determined
in advance by using feature vectors that are calculated based
on learning speech data.

Where the HMM shown in Fig. 9 is used, transitions start
from the leftmost state q;. Therefore, the initial probability
of only the state q; is 1 and the initial probabilities of the
other states are 0. As seen from Equations (9) and (10), if
terms y(t) (i, i) are 0, the output probability is equal to an
output probability in a continuous HMM in which the variance
of feature vectors is not taken into consideration.

An example of an HMM learning method is a Baum-Welch
re-estimation method.

The discriminant function calculation section 21, shown



23. The pattern recognition apparatus according to claim 22, wherein the
cal cul ati ng neans further conprises: speech section detection neans for
detecting speech sections; and sel ection neans for selecting the feature
distribution paraneter calculating nmeans in the speech secti @ ApkiD2002
sel ecting the noise characteristic calculating nmeans in a section other
that the speech section, and for providing an acoustic analysis result of
the frame data. 41 29 April 2002 24. The pattern recognition apparatus
accordi ng tin ddiagd m82ztonesr eifnrt hbenbtkecthsas avta@del st ile cdil sadiatiinag tmeans
cal cul ates the noise characteristics based on a result of the acoustic
anal ysi s of furhet forawe (dht@f iBguagiospédthtisetionsfimed bhetliedinirtdal
di stribution paranmeter cal culating nmeans cal cul ates the feature
di stri buti ont e arebebibitaes ruéanoi theldasad idnom pesbbbibitidwe aatqustic
anal ysis of the franme data in the speech section and on the cal cul at ed
noi se char agier iagidi dhe 2BLpAtparobairiletdgsi bi 6o InE)hoth fdr hreseodrden ng a
pattern of time serial unclassified input data by classifying the
uncl assi f i edefewuinatht 31 agdvaecef thrpretetlearnied -nufer dfscf asigesit
conprising: a framng step of sequentially extracting parts of the
uncl assi fi efuraipian datlevdiatioadeeetibnedlf cadkeuilatesyahe ahscoutipant ng
each extracted part as frame data; a calculating step of calculating a
feature di sfwiduidax par Ryeteing or feakhrd ddmd rdbuthenuprt aeidd édhiatput
data, varying with tine and including at |east an average vector and
vari ance mat$istPriiéfel voRpditefitatere suitrasfricansectenid ane fotPYAR ual |y
‘correl ated, representing a distribution obtained when the frame data is
mapped to adsp@Blisiing f éungFéoquariuy diabove -desicasbeti edbsapratiddt a; and
a classifying step of classifying a series of the feature distribution
par anet er s BECRael bt Wheaxdredef ef niinels ibeeclofor| 28ses. 42 29 April
2002 26. The pattern recognition method according to claim?25, wherein the
uncl assi fi ed i npthe B 519N 586EMCRat 4. A2 rTHRe Hat tBr3% St E€0YhL € ot dret hod
according to claim26, wherein a feature distribution paraneter
repr esent i ngSACE St HutiBH g PRe 28 §EEEN Zdatatn léfp&ﬁéﬂ%@‘é‘ét\‘?ﬁ‘ﬁes'pace i's
calculated jn_the cal cbul at ipg]gi/_step. 28. The pattern recognition method
accor di ng t BELPRITn B PR TS /f E8FurE2TPLEer i BufEGhSparaketerct the
representin distributian of the speech data in _a cepstrum space. i
cal cul at ed ?ﬂﬁ‘ﬁ‘él%%l Htith OslfBB.C%g@.n YAcUpat Tk FE@ogARTEI BPRELFOd
accordi ng tgr) cl atl m 26 vvhgrei n, the cal Cl.tl__| ti ng,ste conpr.i.ses:

rom the 1

respective determinan unctiion calculation sections
21,-21¢ (i.e., the input voice is classified as one of the
classes) .
C(Z)=Cx, it gk(2)=mla)<_{ga(2)) ..... (11)

where C(Z) is a function of adiscrimination operation (process)
for determining a class to which the feature distribution
parameter Z belongs to. The operation “max” on the rightlside
of the second equation of Formula (11) means the maximum value
of function values g;(Z) following it (i =1, 2, ..., K).
The decision section 22 determines a class according to

Formula (11) and outputs it as a recognition result of the input



an acoustic analyzing step for acoustically analyzing the frame data: a

noi se characteristic calculating step for cal culating noise characteristics
based on a result of the acoustic analysis of the frane data; and a feature
di stribution paranmeter calculating step for cal culating the 20aput 2002

di stribution paraneter of a true voice based on the result of the acoustic
anal ysis result of the frame data andon the noi se characteristics. 30. The
pattern recognition nmethod according to claim?29, wherein the cal cul ating
step furthétCi&Enpri ses: 43 29 April 2002 a speech section detection stop
for detecting speech sections; and a selection step for selecting the
feature distribdtidont haPaHEtaE OaceramR IRy ceprépIrha ke ofcen feakiren, for
sel ecting the noise characteristics calculating step in non-speech
sections, &FRGEIPPoVRAFRERtHhSTHRRULE BETt he aéBRSEPRPAMYSIiE 81Tt he
frame data. 31. The pattern recognition method according to claim 29,

wher ei n t hethdp¥areh %WéFi%PPB&BEeW?&?Qﬁﬂ%Se&lniWQ hé pbp<Eiven the
characteristic calculating step based on a result of the acoustic analysis
of the frar?ea%t%fieﬁe%ﬁ-éﬁ%eﬁss%t‘?%&a%ﬁ&-th"éhff"ea]t%r &isstErrbUEFon
paranmeter of a true voice is _calculated in the feature gistribution

par amet er & GRHRGS LT el b asEY OR FEABTRERATE G lvhen ST "2RAFYsi s of

the frame data.in speech sections and on the noi se characteristics. .ASY . A
A3 as that o% ng. éaexcep tgat a noise buffer %l and a feature

distribution parameter calculator 32 are provided instead of
the noise characteristics calculator 14 and the feature
distribution parameter calculator 15, respectively.

In this example, for example, the noise buffer 31
temporarily stores, asnoise power spectra, outputs of the power
spectrum analyzer 12 in a non-~speech section. For example, the
noise buffer 31 stores, as noise power spectra, w(l), w(2), ...,
w(100) that are respectively outputs y(-200), y(-199), ...,
y(-101) of the power spectrum analyzer 12 of 100 frames that

precede a speech section by 200 frames to 101 frames,

respectively.
The noise power spectra w{(n) of 100 frames (n=1, 2, ...,
N; in this example, N = 100} are output to the feature

distribution parameter calculator 32 when a speech section has
appeared.

When the speech section has appeared and the feature
distribution parameter calculator 32 has received the noise

power spectra w(n) (n=1, 2, ..., N) from the noise buffer 31,



.A32 . A&aL. AL;s!.ALs. AL;r. ALNE. A AI3E .AE .AY .A2 A2 A3.A.A A . .A3E
.AFE . An3.AF. A2 _.AF . A AY .A .A .AY .Aa E .AFE . AFE . A3% . A3Uy. Ah. A
Al A h .A3h. A U.A U A hXfox&}h
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the feature distribution parameter calculator 32 calculates,
for example, according to the following equations, an average
vector§(t) and a variancematrix Z(t) that define adistribution
(assumed to be a normal distribution) of a power spectrum of
a true voice (i.e., a distribution of estimated values of the
power spectrum of the true voice).

&) =E[x(t)(i)]

1 8 : i
=N, () =w(n) (D))

N
YW= 2 (OO -wn = §0m)
(

X(y(YH-wimm=-&man 70
J=1,2,-«+,D:j=1,2,---,0

where w(n) (1) represents an ith component of an nth noise power
spectrum w(n) (w(n) (j) is defined similarly).

The feature distribution parameter calculator 32
determines an average vector £(t) and a variance matrix Z(t)
for each frame in the above manner, and outputs a feature
distribution parameter 2= {2y, Z2, ..., 27} in the speech section
to the discrimination section 3 (a feature distribution
parameter z. is a combination of E(t) and X(t)).

While in the case of Fig. 6 it is assumed that components
of a noise power spectrum have no mutual correlation, in the
case of Fig. 10 a feature distribution parameter is determined
without employing such an assumption and hence a more accurate

feature distribution parameter can be obtained.
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where £€°(t) (1) represents an ith component of the average vector
E°(t), we(t) (i, j) is an ith-row, jth-column component of the
variance matrix y°(t), and x°(t) (n) (i) is an ith component of

a cepstrum x°(t) (n) that is given by the following equations.

x°(t) (n) = Cx“(t) (n)
xM(t) (n) = (x*(t) (n) (1), x(t)(n)(2), ..., x"(t) (n) (D))
x*(t) (n) (1) = log(y(t) (1) - w(n) (1))
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C is a DCT (discrete cosine transform) matrix.

Where a cepstrum is used as a feature vector, the feature
extraction section 2 of Fig. 3 may determine an average vector
€°(t) and a variance matrix y°(t) for each frame in the above
manner, and output a feature distribution parameter 2° = {z,,
z,% ..., 2:°} in a speech section to the discrimination section
3 (a feature distribution parameter z. is a combination {E°(t),
ve(L) }.

In this case, an output probability by’ (s) (z.°), which is
used to calculate a discriminant function g,(Z2°) in the
discrimination section 3, can be determined, as a probability
representing a distribution in the cepstrum space, by the
following equation that includes a probability density function
Pi"(s) (x®) that is defined by an average vector W (s) and a
variance matrix ZIZ;°(s) and a probability density function

Pf(t) (x°) that represents a distribution of a feature vector

(in this case, a cepstrum) of a t-th frame.

bi(s)(25)= [ PIx)PT(s)(xe)dxe

- (= LN O+ E S (S0 s
e

o . . L
@n)2 | ¥+ (s)|?

In Equation (15), the integration interval of the integral is

the entire D-dimensional feature vector space (in this case,
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cepstrum space). he term (£°(t) - m(s))" is a transpose of

a vector &°(t) - W (s).

Since, as described above, a feature distribution
parameter is determined that reflects noise distribution
characteristics and speech recognition is performed by using
the thus-determined feature distribution parameter, the
recognition rate can be increased.

Table 1 shows recognition rates in a case where a speech
recognition (word recognition) experiment utilizing the
feature distribution parameter was conducted by using a
cepstrum and an HMM method as a feature quantity of speech and
a speech recognition algorithm of the discrimination section

3, respectively, and recognition rates in a case where a speech

recognition experiment utilizing the spectral subtraction was

conducted.
Table 1
Recognition rate (%)
Speech input environment SS method Invention
Idling and background music 72 86
Running in city area 85 20
Running on expressway 57 69

In the above experiments, the number of recognition object
words was 5,000 and a speaker was an unspecific person.
Speaking was performed in three kinds of environments, that is,

an environment that the car was in an idling state and background
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As seen from Table 1, inany of those environments, a higher
recognhition rate was obtained by the speech recognition
utilizing the feature distribution parameter.

The speech recognition apparatus to which the invention
is applied has been described above. This type of speech
recognition apparatus can be applied to a car navigation
apparatus capable of speech input and other various
apparatuses.

In the above embodiment, a feature distribution parameter
is determined which reflects distribution characteristics of
noise. It is noted that, for example, the noise includes
external noise 1in a speaking environment as well as
characteristics of a communication line (when a voice that is
transmitted via a telephone line or some other communication
line is to be recognized).

For example, the invention can also be applied to learning
for a particular speaker in a case of specific speaker
recognition. In this case, the invention can increase the
learning speed.

The invention can be applied to not only speech recognition

but also pattern recognition such as image recognition. For

example, in the case of image recognition, the image recognition
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At & OeQdiudFased by using a feature distribution parameter
that reflects distribution characteristics of noise that is
lens characteristics of a camera for photographing images,
weather states, and the like.

In the above embodiment, a feature distribution parameter
that represents a distribution in the power spectrum space or
the cepstrum space is determined. However, cother spaces such
as a space of linear prediction coefficients, a space of a
difference Dbetween cepstrums of adjacent frames, and a
Zero—~Ccross space can also be used as a space inwhich todetermine
a distribution.

In the above embodiment, a feature distribution parameter
representing a distribution in a space of one (kind of) feature
guantity of speech is determined. However, it is possible to
determine feature distribution parameters in respective spaces
of a plurality of feature quantities of speech. It is also
possible to determine a feature distribution parameter in one
or more of spaces of a plurality of feature quantities of speech
and perform speech recognition by using the feature
distribution parameter thus determined and feature vectors in
the spaces of the remaining feature quantities.

In the above embodiment, adistribution of a feature vector
(estimated values of a feature vector of a true voice) in the
feature vector space is assumed to be a normal distribution,

and a feature distribution parameter representing such a
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distribution is used. However, other distributions such as a
logarithmic normal probability distribution, a discrete
probability distribution, and a fuzzy distribution can alsc be
used as a distribution to be represented by a feature
distribution parameter.

Further, in the above embodiment, class discrimination in
the discrimination section 3 is performed by using an HMM in
which the output probability 1is represented by a normal
distribution. However, it 1is possible to perform class
discrimination in the discrimination section 3 in other ways,
for example, by using an HMM in which the output probability
is represented by a mixed normal probability distribution or
a discrete distribution, or by using a normal probability
distribution function, a logarithmic probability distribution
function, a polynomial function, a neural network, or the like.

As described above, in the feature extraction apparatus
and method according to the invention, a feature distribution
parameter representing a distribution that is obtained when
mapping of input data is made to a space of a feature quantity
of the input data is calculated. Therefore, for example, when
input data includes noise, a parameter that reflects
distribution characteristics of the noise can be obtained.

In the pattern recognition apparatus and method according

to the invention, a feature distribution parameter representing

a distribution that is obtained when mapping of input data is
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made to a space of a feature quantity of the input data is
calculated, and the feature distribution parameter 1is
classified as one of a predetermined number of classes.
Therefore, for example, when input data includes noise, a
parameter that reflects distribution characteristics of the

noise can be obtained. This makes it possible to increase the

recognition rate of the input data.
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CLAIMS:

1. A pattern recognition apparatus for recognizing a
pattern of unclassified input data by classifying the pattern as
one of a predetermined number of classes, comprising:

calculating means for calculating a feature distribution
parameter for a frame of the unclassified input data, varying
with time and including at least an average vector and variance
matrix, where components of said variance matrix are not mutually
correlated, representing a distribution obtained by mapping the
unclassified input data to a space of a desired feature quantity
of the unclassified input data; and

classifying means for classifying the feature distribution

parameter as one of the predetermined number of classes.

2. The pattern recognition apparatus according to claim
1, wherein the calculating means includes means for calculating
the feature distribution parameter that represents a normal

probability distribution.

3. The pattern recognition apparatus according to claim
1, wherein the calculating means includes means for calculating
the feature distribution parameter that represents a logarithmic

normal probability distribution.

4. The pattern recognition apparatus according to claim

1, wherein the calculating means includes means for calculating
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the feature distribution parameter that represents a discrete

probability distribution.

5. The pattern recognition apparatus according to claim
1, characterized in that the calculating means includes means for
calculating the feature distribution parameter that represents a

fuzzy distribution.

6. The pattern recognition apparatus according to claim
1, wherein the calculating means includes means for calculating
the feature distribution parameter in a space of at least one of
plural kinds of feature quantities of the input data, and wherein
the classifying means includes means for classifying remaining
kinds of feature quantities and the feature distribution

parameter as one of the predetermined number of classes.

7. The pattern recognition apparatus according to any one
of claims 1 to 6, wherein the classifying means includes means
for Jjudging, by using one normal probability distribution
function, which of the predetermined number of classes the

feature distribution parameter belongs to.

8. The pattern recognition apparatus according to any one
of claims 1 to 6, wherein the classifying means includes means
for Jjudging, by using one polynomial function, which of the
predetermined number of <classes the feature distribution

parameter belongs to.
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9. The pattern recognition apparatus according to any one
of claims 1 to 6, wherein the classifying means includes means for
judging, by using one hidden Markov model method, which of the
predetermined number of classes the feature distribution parameter

belongs to.

10. The pattern recognition apparatus according to any one of
claims 1 to 6, wherein the classifying means includes means for
judging, by using one neural network, which of the predetermined

number of classes the feature distribution parameter belongs to.

11. The pattern recognition apparatus according to any one of
claims 1 to 10, wherein the unclassified input data is speech

data.

12. The pattern recognition apparatus according to claim 11,
wherein the calculating means includes means for calculating the
feature distribution parameter by using the speech data and

information relating to noise.

13. The pattern recognition apparatus according to claim 11,
wherein the calculating means includes means for calculating the
feature distribution parameter that represents a normal

probability distribution.

14. The pattern recognition apparatus according to claim 11,

wherein the classifying means includes means for judging, by using
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one hidden Markov model method, which of the predetermined number

of classes the feature distribution parameter belongs to.

15. The pattern recognition apparatus according to claim
11, wherein the classifying means includes means for judging, by
using at least one neural network, which of the predetermined

number of classes the feature distribution parameter belongs to.

l6. The pattern recognition apparatus according to claim
11, wherein the calculating means includes means for calculating
the feature distribution parameter that represents a distribution
in a power spectrum space, a cepstrum space and a speech

magnitude space of the speech data.

17. A pattern recognition method for recognizing a pattern
of unclassified input data by classifying the pattern as one of a
predetermined number of classes, comprising the steps of:

calculating a feature distribution parameter for a frame of
the unclassified input data, varying with time and including at
least an average vector and variance matrix, where components of
said variance matrix are not mutually correlated, representing a
distribution obtained by mapping the unclassified input data to a
space of a feature quantity of the unclassified input data; and

classifying the calculated feature distribution parameter as

one of the predetermined number of classes.
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18. A pattern recognition apparatus for recognizing a
pattern of time serial unclassified input data by classifying the
unclassified input data as one of a predetermined number of
classes, comprising:
framing means for sequentially extracting the unclassified
input data at predetermined frame intervals and outputting the
extracted data as frame data;
calculating means for calculating a feature distribution
parameter for each frame of the unclassified input data, varying
with time and including at least an average vector and variance
matrix, where components of said variance matrix are not mutually
correlated, representing a distribution obtained when the frame
data 1s mapped to a space of a feature quantity of the
unclassified input data; and
classifying means for classifying a series of the feature

distribution parameters as one of the predetermined number of

classes.

19. The pattern recognition apparatus according to claim

18, wherein the unclassified input data is speech data.

20. The pattern recognition apparatus according to claim
19, wherein the calculating means calculates a feature
distribution parameter representing a distribution of the speech

data in a power spectrum space.
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21. The pattern recognition apparatus according to claim
19, wherein the calculating means calculates a feature
distribution parameter representing a distribution of the speech

data in a cepstrum space.

22. The pattern recognition apparatus according to claim
19, wherein the calculating means comprises:

acoustic analyzing means for acoustically analyzing the
frame data;

noise characteristic calculating means for calculating noise
characteristics based on a result of the acoustic analysis of the
frame data; and

feature distribution parameter calculating means for
calculating the feature distribution parameter of a true voice
based on the result of the acoustic analysis of the frame data

and the calculated noise characteristics.

23. The pattern recognition apparatus according to claim
22, wherein the calculating means further comprises:

speech section detection means for detecting speech
sections; and

selection means for selecting the feature distribution
parameter calculating means in the speech section, for selecting
the noise characteristic calculating means in a section other
that the speech section, and for providing an acoustic analysis

result of the frame data.
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the speech section and on the calculated noise characteristics.

25. A pattern recognition method for recognizing a pattern
of time serial wunclassified input data by classifying the
unclassified input data as one of a predetermined number of
classes, comprising:

a framing step of sequentially extracting parts of the
unclassified input data at predetermined frame intervals and
outputting each extracted part as frame data;

a calculating step of calculating a feature distribution
parameter for each frame of the unclassified input data, varying
with time and including at least an average vector and variance
matrix, where components of said variance matrix are not mutually
correlated, representing a distribution obtained when the frame
data 1s mapped to a space of a feature quantity of the
unclassified input data; and

a classifying step of classifying a series of the feature
distribution parameters as one of the predetermined number of

classes.
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in the calculating step.

29. The pattern recognition method according to claim 26,
wherein the calculating step comprises:

an acoustic analyzing step for acoustically analyzing the
frame data;

a noise characteristic calculating step for calculating
noise characteristics based on a result of the acoustic analysis
of the frame data; and

a feature distribution parameter calculating step for
calculating the feature distribution parameter of a true voice
based on the result of the acoustic analysis result of the frame

data and on the noise characteristics.

30. The pattern recognition method according to claim 29,

wherein the calculating step further comprises:
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a speech section detection stop for detecting speech
sections; and
a selection step for selecting the feature distribution
parameter calculating step in the speech section, for selecting
the noise characteristics calculating step in non-speech

sections, and for providing the result of the acoustic analysis

of the frame data.

31. The pattern recognition method according to claim 29,
wherein the noise characteristics are calculated in the noise
characteristic calculating step based on a result of the acoustic
analysis of the frame data in non-speech sections; and

the feature distribution parameter of a true voice 1is
calculated in the feature distribution parameter calculating step
based on the result of the acoustic analysis of the frame data in

speech sections and on the noise characteristics.



