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<Abstract>

Robust Speech Recognition Using Real-Time
Higher Order Statistics Normalization

Ju-Hyun Jeong, Hwa-Jeon Song, Hyung Soon Kim

The performance of speech recognition system is degraded by the mismatch between
training and test environments. Many studies have been presented to compensate for noise
components in the cepstral domain. Recently, higher order cepstral moment normalization
method has been introduced to improve recognition accuracy. In this paper, we present
real-time high order moment normalization method with post-processing smoothing filter to
reduce the parameter estimation error in higher order moment computation. In experiments
using Aurora2 database, we obtained error rate reduction of 44.7% with proposed algorithm
in comparison with baseline system.

Keywords: Robust speech recognition, Cepstrum, Higher order statistics, Real-time processing.
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1.4 &

FH AT Ad EHORE AT FAFAT AA#{AE Atolg BYAE &
4718 He& A3z} o3 BAXE FHE3Y] Hal b dAe D
o] A= o, Cepstral Mean Subtraction(CMS)E Bl F3 RA2EY Fdo A
735 Wde] de] AMSE I gtk CMS M2 H2EY QoA Ad §H4E& =
g3t utolol2E AANFOEZA Ad EAN @ Asn FHAL AU
EX4& 7}AA 89, Cepstral Variance Normalization (CVN)-2 B4+ A3} o
2A A4 GEEELE 349 FEEE J1RA SET1-[4]. 1Y A
2EY EAAE dig A o3 FFL vjdygFHoe|r] w2 HdFPH
242 A ZSIEE AASZAE AEge] ok ¥IAY A3 WP 2 CDF
matching ¥H[5]0] o, A& 32 EHEY ORG L& 13 RHEE F
T FE Wiol ALHJTHE)7). 1} AT A2EY 99 A7 WHE
< dgFHol BT B0 Hol EAHEY FAEHLES FH37] dEd dA
Mgzt B dEol Utk AARE AEE AT CMS AEe WHeRE
Local CMS (LCMS) 3} Sequential CMS (SCMS) o] th LCMS WHi 3t
SCMS W& d82A AAE o] &3l CMS W, =, Global CMS (GCMS) ¥
Holl Hls] o] ozt B =Fds LCMS B 9dE Rasta A5
2E& HEl TAFAE ol & AAN AFIYHE =95t , £I 1AAFAY F
e EAE 87171 A8 smoothing filter& F7HH o2 283t

B =89 742 U5 2o 28dAE PF2EY dHdAY o7 spA A
73 FHE g3l 7ledt 3FNME B =FdA =% HA 2AFA A
T3 Fe) tha] 2R 47N A4F Y AFAE Medrh nAHez 57
AN AES dEer

4

2. A2EY oA A3
<3Y 1> $4A59 AFge] tig mdolth Feol Mol we U

%
dm]ol JH2= &7 Aml& 7KE Ade AAA FIES wlm]ol Aol

Y m] = x[ m]* bl m] + nl m] ¢))

A (e A2EY 94 Uehld &3 2 Aoz 28E + Ao (8]
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y=x+h+ C In(l+exp(C ~(n—x—1))) 2

A71A, y= #F W2EY HH, ke Ad A8 P2EY H9EH, 1= YL
4o Y2EY WEl, 28T Ce DCT PPoloh. Rrhgest AU U@ uho)o]
2F AANFE dHH T e JIUdE + AUk

x[m]—— hlm] y[m]

n[m]

<3d 1> 4439 A5HAAP Ug =d

2.1. CMS (Cepstral Mean Subtraction)

4 @AH #bgeel % I FASHY A2 A% wolol2 4E A
As Fo2M FARAT AHBAY A& EAY 4 AT £5% 249 A
2E3 wWEle] BFol 00]2ka HRHA voloj2g FHAE e Po| T
& 9t

bCMS"_lN ﬁ; v (n) 3

A71M, yme wdiA ZHel BEUEoln, Ne BZAH WA Ty F
T CMS W S AR BB M xos(E DI BT

x ems(m) = x(m) — b cys (n) ©)

2.2. CVN (Cepstral Variance Normalization)

o

AUA Alz=”olA FE Fg 839 Wil ue E%@JEH B ol9)o
02 FAY EA4= 2k o3 543 EAL BAFE 1A YYo=
CVN o] itk CVN & CMSel vlsf] HSA3 7&%—%%/\}01&1 gEUx
g9 AolE © Eolv AHUE Utk ek ZAZte] wE|AlYdo] M2 E|o|gtn
7F4 A CVN WL 4] (5)9 Zth CVN ¥ie CMS WHe 53] HF#L 0
OS2 TE ¥, 7} Y EANEY EFUXE UHESLEN 23 EWEQ Bt
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< 12 AF8 2 x(n)9) N3} RHEE ETx(n) Moz Hodr,
x cvm ) = x cus(n)/V E[xZCMS(n)] (5)

2.3. CTN (Cepstral Third-order Normalization)

ERQHE Y g RS 9% Pdoly AR oy FER¥Y 1
A ZREZA] §%E Eo Mk 33 o3 A _‘_J._ of A= A3t}
Zasiy, CIN B2 B3 S48 ofyet 33 RHER] X (skewness)E 73
T3 ETHe]. 1Y (61914 AAE WHL 3% “o”s‘él«l g3 & 377t
ol EAZE Ao B9 :LA}—I € °]&3tE CTN Y-S =H3da]. £
EEANAM AMEE CTN ¥R CVN #A & A EZANEE ol &3] 4 (6)3 2ol
gl vy HEoR FAP

x ernm) = ax by m) +x con(m) + ¢ (6)

21 6YNA x o) e FHFol ool 19 BEAE 7AW 33 RRAET} 00] H
T2 a9 cE Aok It xomn) e HEL 00]3 B4EE 10]22 g9 e
3o #AE 1A

Elx crdm)] = Elax bv(n) +x con(m) + ] =a+c=0 0]
S —at RODE 4 (6% BeT 2ol Bl & 4 Ytk
x ek m) = a (2 edn) — 1) + x con(n) 8)
A (DE oEd xS 3% ZAEE A o (9F 2ot
Elxtodn)] = Ea(xtv(n) — 1)+ x cop(m)]?
=a’ Flx Ly n) ~11°+3a 2 El x ton(m) — 11 2x oy m)

+ 3aELx bun(m) — 11x Eun(m) + Elx By )] = 0 ©9)

& AF3eE Fof 9 = (skewness)THE RASFEE ¢ e &
7 zlth a8 IAREL FAGE v 4 (1007 Zo] FAROE 72 5 9Tt
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- )
3E[x by m) — x Lywl(m)]

a 10

4 (1002 2AEE Yo7l wWEo A& o5 FAHI}Y] HASAE WwEE A
AFge] Yt

3. AAIZE AXER 9] A3 U
3.1. LCMS ¥ SCMS

YEEAHQ CMS W2 HA Ao AlxdH d"HE Fo) FAImZ HAZ
A2l e] o go] Uk CMS W AN Mg Y3 Mg Wy F st
Local CMS (LCMS) o, ol UYSA HA dis] H4E Hste il
Z g dole] F3Ito] tha] moving averageE: FHIo2H AEAHEL FAJC
N °] moving average® F3lc Ftold, € Ad ¥ O3 2o

N
bLCMS=_NLL' nZOY(n*n') an

LCMS el HE = el Sequential CMS (SCMS) L 2] (12)¢ o] 2
HA A2EY HAEY} n— 1A wolojx FAHMES stFtez AdHES
FAR38k= Wyolth

bsaus(m)=abseus(n—1)+(1—a) y(n) 0<a<1 (12)

A7M, bgous(n)e SCMS Ho] w& upolojx ZAWEoO|L, y(n)e #Z
H2ER WEoltt P99 7= oo wel AAHAG

32. LCTN
B =FdAe 1AFA A3 2o AAL FEE 93] 71E LeMmS 3

9] ofojrjo]E CTN o) ZHE3 Local CIN (LCIN) WAl =939t <18
>0 AAZE 35A ARYHe TEEE JeERAULH
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feature vector sequence

AAZtog 33k RHEE HFE & Ao FH AEHE vlojE ] ol
3}7] g Eol g FAHo| ojFojAA ol HF3F @FE FolA outlierrt LA

= EAFe] gl ol F outlierE A A37] 8] LCTN & AHE3te] 2
%l‘éﬂ] W3] smoothing filterE X830 24 AL & Aol A2l nlojojx W3]
A FEE 3Ych o2 7}A| smoothing BE F 4] (13)3 Z-2 moving average
& ol &% A7t Aol M 4 th

x(n)= —z—m mﬁMx(rH-m) 13

Mo A7 48 AH&3HTh

LCTN WL o] Z vty nx 2HE & Faof 37 Q&
& EAZE Ak T ALEFE Fol7] A3 A 149} 2ol oA
zH YN 7 ZHE o] dA Zede] RAE g3 4= A7) N oA
za ol i3 ZHE g o] &3 HulolEdl= WHE AHREAUTH

2
rO
§9 i

Elx¥(w)]= Elx“(n— D]+ {2 (0 = x*(n— N ) (14
L

471 2 M(m)& EAHE S N 5 ouch
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4. 49 9 A3
4.1. 29 olo[E{tfo|A

At WP HIE HA Aurora2 ©lolElH]o] £[9]7F AR H AT} Aurora2
deleHiolas 124 dAA TR 7HA Y Fo] dAxAE FAHE TI Digitll oH4g
FeE dAFe2 Yd ZAolth Aurora2 HoJEHjolAE F¥ HolE9 H2E
deolEl2 7250 JoeH HAE HolHE Ad EAHL FYsn A= &
ol B3l 5 719 subset(set A, set B)# 'dEA o] T}E subset(set )22 & 3
M8 subseto. 2 FAHO ot ALBFL 871A 9 F-&F F(subway, babble, car,
exhibition, restaurant, street, airport, station)®} Z}Z} 571x] #-2 @ ¥H(clean, 20dB,
15dB, 10dB, 5dB)E 4= Utk A&7/t 2 Y FF A 20dBol
A 0dB7hA1 9] -5 e tis] £t B =BAME Zgo] HolA gL A
RE S disiA g £HE 31 clean conditionol] thsl A¥-g F33t4rt.

4.2 AlsZHu}

Aurora projecte ©HE Z]@olA AdE WYL vz¥ F£ UEE baseline
system®] %5 & A|F Tt baseline system2 EAHWEIE 2370 9) mel frequency 4+t
HE|2HEH F&% MFCC (Mel Frequency Cepstral Coefficient) A4S Arg3tc).
MFCC A4+ magnitude spectrum .25 F28 A5 21 JdURAE A&
+AEIL 16719 stateE AFE3 Z state= 3709 diagonal Gaussian mixtureS
7HAT9]. <1¥ 3>& 2 JuUA 9} 0, 12T magnitude spectrumoli 3§
MFCC Al<=9} power spectrum®| A 3 MFCC A2 2ol & QS B
ot AgAFolA 09} power spectrume ©] &% MFCC AS4E AML3 A$7}
AYE /M F5E & F Atk ol F HAFANME H%sol /M £ 09} power
spectrumS ©]83] 73 MFCC A& A&39th
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‘ logE, Mag ¢0, Mag logE, Pow c0, Pow
parameter

<129 3> oL X 9} spectrum FFH WE Aevn
(logE - 271 °{A], Mag - magnitude spectrum, Pow - power spectrum)

<% 4 =S Aoj2o] wWE LCMSY A4 Eoltk. LCMS WE9 5ol
=g Apol27E A-DFE ool S7te A4S H9F T ok 945 Aoz
410msE AHEE A9 HEol M SFIERE o]F HYAE 410msS
E9E ALAT 410mse] YES Alol=oAl SCMS HHH T LCMS #HH-g u
g S SCMS o] LCMS Wl BlE] A%o] 431t 3% SCMSE 1
AEAR T FHE HBEI)7F Y7 WEel, LCTNY AAZF 78L& LCMS
P 7Ntz ARE don <X 1>o] AFAFAE YeERAT

Bl au

70

60
e 50
(%l BsetA
T 40 HsetB
ol 30 OsetC
§ O Ave

ul 20

110ms 210ms 310ms 410ms 510ms
YT RAIOIE

<19 4> =% 2V @E LCMS A%Hl (09 power spectrum Al-g)

LCTN & A839 S w baselined B3} 38.06%2 LF74A8&<S dAYoh
TF outlierol] 23 gFS 7FAA)717] Y8l smoothing BEIE Ag3H] (<E 1>9]
4l LCTN [smoothing]) 44.70%2] L FT2ASE AAth olx AHA LA g
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BAE AAsE GCMS 9'H 3} Global CVN (GCVN) Wi BT}t 4% Ao,
Global CTN (GCTN)E.TO+= Azo| "oz A gl, AA SAo] o} EojL Fojol A
2|7} 7Hs ¥ GCTINO HlsiA  AAIZE A7) 7HsditiE Aol Ut

<E 1> A8 o] B8 A%ulal (02} power spectrum AH-E)

AN ARG P clean condition
. set A set B set C Ave ERR
Baseline 61.34 55.75 66.14 60.06 0.00%
SCMS 61.41 66.68 62.13 63.66 9.01%
LCMS 60.77 66.14 61.23 63.01 7.38%
LCTN 73.90 76.43 75.68 75.26 38.06%
LCTN [smoothing] 76.89 78.73 78.33 7791 44.70%
GCMS 66.36 7143 67.20 68.55 21.26%
GCVN 75.08 75.92 76.38 75.68 39.09%
GCTN 80.71 82.32 81.32 81.48 53.62%

5.4 &

B =RdAe AT S49UHE A% A2EY Y9y A8 HRES
AEZ OF, ZFITEAY AAL A& A3 LCMS 39 ofojt]olE 1atFA
719k A3t WS CTIN Yol 383 LCIN & =93890. =% LCIN
WM uxFA FHLA EAE SEE7] 93l smoothing filterE 3713
o2 A834 Y. Aurora 2 H|o|EjHlo] ~2] clean condition ¥-739] thd AFL 3
B A3 AN Myt sbssHA S Aurora 2 baseline A28 W& 44.70% <)
45 FE&E Y.
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