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LORGERET 5. B 1 IIFAMEATHRF MO T 7 74 X=2a >, 2 3HHREOEEETIVO
TEAATEEH)BOTHAH. BEE T EAXEREOFERIZLY, DNN IZED  FRFIIERO F % VR
Z By, 2 o0miEE, 7V — AROER X EMRLEE, S5O B EREE OB 5 F
WMTHDHZENGroi.

F—7—F I DNN (2D HFFEXEBRM, FERBETHIRom, SE, mlibsE

Voice Activity Detection Using DNN Adaptation
with Auxiliary Speech Features
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Abstract: Voice activity detection (VAD) is an essential pre-process for automatic speech recognition (ASR)
in noisy environments. Power-based methods are widely used; however, because these methods are suscepti-
ble to noise, recently, methods that consider the shape of spectrum have been proposed. In particular, deep
neural network (DNN) based methods have outperformed previous methods. In the fields of ASR and speech
enhancement, to improve their performance by adapting DNNs to a target environment, auxiliary features
are used. To improve the performance of DNN-based VAD further, this paper proposes two types of auxiliary
features based on speech modelings and their combination. The first is activation of non-negative matrix
factorization and the second is acoustic score of ASR acoustic models. Experimental results for noisy VAD
tasks demonstrated that DNN-based methods outperformed one of the most effective conventional methods
and that both auxiliary features improved performance in terms of both frame-level VAD accuracy and ASR
word accuracy.

Keywords: DNN-based voice activity detection, non-negative matrix factorization, automatic speech recog-
nition, auxiliary features
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o AN ol QR A Bl N B SR = et 4 A AN A
TRERKTL-0THD. R, N7 -1k HEN]
PELCHWHNTE, ZoFEIIEFONT — 2k
DIXT =LY HBREVEMREL TV DD, HETERETIE
DX BRIGEREY LW, TERMEICHED
FiE 2], 3] pMEb Y IflibhTwd, ZHEEERT LIS
ARY PO T A5 TETMEL TS, £T
WIXT A= FZEH ) A XD 6RO LN L8, Fii
DEFEFEPEL L NE V)RS A, NT— L9 1R
FMEEZ M) FELIRT, SR ELE) 720 X

D FEA 2 £ T VALDSITRET, B OIS & v o R
DARY NVDOINT =2 b b2 HZENTEL,

— T, HWICHEFFOET IV EFEE L TB LI &THEE
RO ESELILATEL, LHL[4] TlE, 7)) —VEFE
TNy 2 EDORMEAIVRIN TS, EHREIZIE, B
BERETVE, 7)) - CEFEPLHRANCFELZS ) —
YEFETIVEBINBEE O OMELI A XETVES
TAVTERT A & TEFXMBREEIT .

H 7 a2 BV TIRE AR (deep neural network;
DNN) OFMEIRENS & 5], 3<IC, DNN OFFX
MR 12 BT 5 BRI MEASR S 7z (6], [7). DNN IZA R
MVHRDZ KR E v, BEEROFET -4 T
ETNINT X =% FEET 5. DNN (230 ik, 5t
FFEANHRT22o0RHEFET L. 1 SBH I A REH
BEDONY — 2 RHTELRHRMEOHGNET) 7 TH
LHTHAH. 2 mBIIFFRIEEEE V72 KICHEMIZ LD,
HERE TR Zp o T2ERICOF I E Tz, KITEO
HEICODFVEET L2LESLVETH 5.

HRBHDOIEFIZBE T, DNN OBZEEF VI LT
B MERBE O F F T i-vector [8] D X ) R ME
B AT §56 2 LT, SHA#OWREIIETAZ LD
MHNTWD (9], [10]. DNN (2D HFFRARIZBWT
b, BE I FEOHF#MELf) 2 LT, AlEFD
FEMAHBCE DL ZEATREN TS [11]. T 51T
B E 29 2 & T, DNN 2B ICAEbE Tl L
TWwheenzbhsb,

512, DNN 2O HEFMFADOLEIZD, AR
MVEFBIZINZ T, HEH O E» /O N EED
TEHE Vo 72BN R X 0 H AR O MRS BT
% [12], [13]. BEFFHIL, FROFMEITIEG U CTHE A MMz
NIFARETRAECEL-O0ERTHL. Thbh, Y
ERIDRTWFEO L) RERITERRE R, #H¥E
FEHHRE CERRE & X B LT WEEE ICB LTIk < 57550
FHEDPTLEOWMENTE S,

B K IR & B A S A IEZ A, SR D
BEDEMIEPRE L, BBEEOL ) ITEF XL
CWbDbH 270, THEBEEMRLOIZHEL. wHhE
WMEICLYVEEONRNY -V ERETHIET, HBHEOS
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FEMEICHIF 2T 6N b, TRERZLHENSRDL L,
[9], [10], [11] % & [AAk, &7 L — L CHANIHE SN/-H
FIZWLTDNN Z#IE L TWAEEZLNE. 2DE)
I, T EEHANCTREICERTS D HEICD
HNCE . HFRERBEBREICBNTY, BEodEILiE
SRET, FEUOBETIRTERTLI LI TELRW D
ETVOBBPENTH D, Hamga LR U<, HFHXIMH
BHIIZBWTYH, FEFRTLIIDRTVERICHLT
FEEIHEERT, BEOL) BB EX LT uE
FICEALTIE, BBIICHET L2 EPARITH 5.

Rew XTI, 2 EOMHBIE £ TV 0 b 155 5 Hilhi
BEIC LY, DNN IZRED C HFHRRERI OMEREDS EOFEE
). E$ 5 PERIHRET 2. EFVICIE, EAMEITHIRT
53f%  (non-negative matrix factorization; NMF) [14], [15]
DEFTNE, GEZHBICHCLIEEBEFVEMHESH. b
DEFVIZEY, BIEPSIEINME 72774 X—Y 3 vk,
BEPOIEHETVOEHA T M S, Wil
wET 5.

HHNRETOHFFT— % [16) ZHWT, REZEOAW
HExHOL2IT 5. COEBRICIE3IDOHNH D, F1
1&, DNN (ZH:D X R & ek o e g %
THIZLTHAE. CNODERBETORKIEIHE Y AON
B, 21, KRXOTLEWNT, WMESEOER)
HEBEET 5 2L TH A, 5§ 31%, H5 KB O
A, EOREEFRMRIEREOM EICO BB EIRT I
LIZHB.

2 BT, DNN (230 HF XM 2% S L5 Hi
& K ob Tz e (25D < 5k [2]) % Mkl
T2, HULKFEPRLELRTETH DT AREGET IV
(Gaussian mixture model; GMM) 230 &7 X R H
X, DNN R—=Z2D b OIZHARTH S 2 IctEfEs kw2 &
D, R 7] ISk o TREN TV OB L h ol 7
a— 72 FA L -ERXESEL (17 & & 555, ftEEFS
D FEHENTR Y, FHFEREBREIZOAICE Y
LI ENLEEAMINISWZ EDRO NS, HEER
DFEAMIET o LTS HZWDT, DAIZTaI— T
BT EEHENTRY, Fa—FDEFNVHA A% /hEL
T5ZETEHERME TITONLM, FNCTIEHHERRME
BEAMETLCLED 720, SRR L Ta— Fid2 &
B L2 hs &, RS, Y — Ml CEERRR AT
WAL L o> TBY, 20X RLGEDHFHX MR Z
74T MITIT) SETHEREREZ VLT HILENT
&L, F/, IRTCTFaA—-FT2LBEEH LAY 2 INT
LR D 720, LT LB TRTFI—F§T500&
WHIF TR, 3BT, REEOXR—ATA Lhb
DNN (23D HFHEK BB ICOWTilR~5, 4 #ETIE, 2

2Ok 6] THNR—=AT A ELTlibRTWS,
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FHEOMBISSE R IRET 5. WA
BT CHEA XM OEREEZIT .

2. Sohn O AZE

Z ZTIL DNN DR okt & LTz, T L
DA MVEHEZFIH L CEFX B 2479 Sohn ©J5
2] MBI 4. R 7 — ) T4 (short-time Fourier
transform; STFT) (2& v, BNEFO FRXT 7L — 4
O STFT 5 X = [x1,...,x4,...,x7] € CFXT OFH ¢
(1<t<T) BT 2x = [21,...,74,...,0p] €CF
EROL (T REET, BEOA ¥ T v 7 A 3HE
L72). FEEFRKXE Hy L HEFXHE Hg TOEF & B
HO STFT i x 2N 2N sy = [s1,...,58¢,...,8F],

EIZBWT, BEE

ne=[ni,....,np...,np|" 5L, BHFRELERO
X [T,

Hy: g =ny, Hg: ¢z =ny + 8 (1)
DEHERENSL, TITHy, Hg I2BWT, ZNENh
D xy OFERFEEDS, KD XL ) ERIC TR AT

AGATTHEED EIRET .

F g
p(mt‘HN) = H me A
f=1"7f
» 2 (2)
L ayen
Hs) = —_
P(:Bt‘ S) fl_[:1 ﬂ_[)\}v +)\?]e

CZT&WAfiW,W® ey, $5& fRTH

OEFH - FHEFEORIELE, X (3) TESNA.
p(zsHs) 1 L
A _ _ T+E 3
1@y) plasHy) 146" f @
& = AP /NY vplay) = JagP/AY

22Ty, vy NN, Fi% SN (signal-to-noise)
REMENL. ZNETHORITOLE DKM X
D, B FEEEEHKITE 5.

Zlog Ag(zs)) 2 (4)

HN

log A(x,) =

log A(z,) 2SEMiE n £ 0 K ZFIUTREL ¢ 13 He, DNSUT
n@HN&&é.::TANuﬁﬂén%Vﬁ®“ﬁﬁé
D, HANCHEE L CTB . BEOGIN] R
DHEET B &, RAEBICER - Bl @#U%’Uﬁcif (5) D
Iy s,

F
log AMH) () = Z vylwy) —logryp(zs) —1) 2
f: HnN

(5)

2%} L T hidden Marikov model (HMM) hangover &
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W) FEICLD, HEERZLEASELFESEESNTY
% . HMM hangover TlIf:5 N7z A # HEMH T, w77
L—2OFERES AW THEIFNICRIE L2

apl + auF(t - 1)
apo + aml“(t — ].)

LD HET .
3. DNN IIE DK EEXERHZE

H 7 el C DNN OB AR E N5 D L ITIZFEIREC, &
FXHBEHIZB VTS DNN OFRYEAHER S L7z (6], [7).
X I0BONDBNNT—ART M, T4 VTN 7
#, Mel-frequency cepstral coefficient (MFCC) 0 F’ 2k
DAY PV X e REXT 2 A e LT, 7222
2/ — PO eRTCES, FEHT— 5O (0)/9F
B (1) ORBISHIS LT, —HD/ = FOWTI1127%
5EXI9ICDNN 278§ L. X (T)DLHIZ, AXT MV
e X' 2 DNNICAH L (B¥x o TEY), Il
Y=y, - Y, ., yr] € R¥>T %152

I(t) = log A(:) (6)

AT, T2 n

Y = o(X) (7)

BEHECEFNSOR IOV T vy 7 AR ELZ LT,
HEREOHBRMELEHR L, TNAMEy 2B TwiUEE
XMW, TNDAMIIESFXMEHETE 5.

eyt (0) HS

¢@+wm<” (8)

4. HBIEFEEE=EOFH

MEUBDIC] 12dlRAEBY, FHERBREICBWT
b, WihEFEEEONHPEN THLEEZOND. &
7R 247 ) B, & LS T X4 2 RET
HBHY, FERIISHESIRKE V. 22T, ﬁ%%ﬁ%&b
T, BAONY =V ERET L L) ZHELr v
HTHROSIREE N TE L, 7oL 213, ?%%T%ﬁi
VIR, oEF EEEEXT ARED, HDEEE
DEFE LB Z XY 5 MEICHEMLTE, SFKHEBKEL
DR frﬁi@“% EHITRE NG, T/, FEEMEET
FHEr AL, BEOREOEFR BT O P o HT
MEICHAETE 2., B 1 ICREDV AT LAERT. &
FHREMDEREE LTI EZZH5NE NMF 12X 5
TI7TAR=—vay, b LIEAEEHEEDEFHET IV
(GMM/DNN) ® 2 27 Z i & LT, DNN (2 X

B X R AT ) .

o(y:) =

41 NMF 79774 ~X—3>

e WM§OK,$X@A7 A7 bV % NMF |2
LoT, BELEFIoEET A, SOk [4] REkIS, 7)) —
VETEN B HRIC %@%f%% LTBLZ tf, =N

1164



BRIBF=EHEE Vol.60 No.4 1162-1170 (Apr. 2019)

spectral feature speech

’ .
X > noise

auxiliary
feature

\

5 \

e =]
\

\

\ <NMF activation>

<Acoustic model score> /

1 REOHBIEFET IV AP L7z DNN 1235 F 7 X
I AN
Fig. 1 The proposed DNN-based voice activity detection
(VAD) system using auxiliary speech models.

MR HET A LDITE S,

|X|?~ X = HU
= [Han] [Um Un]

(9)

=HU, + H,U,

CZT|-PRAFVNOZKEEROMSMHED 2 F % & 5 H
%, HERFXK & K ORI Hy o 205 % 5 FEIEATS,
UeRQ”i BEIE k DOREZ ¢ 12350 BIEHALE U, 2K
TT 7T AR=2a T hsb, REH 7)) —
DI Hy EBFEOIIK H, 20T h 8, T/ T4 X=T 3
YU DENZFNIDLTCU, & U, 123 F6hs,. 22T
X, CoU b LIFU ICERT A, AT LD
CHEPFEHEFHN (10) 12XV, H, L U %FH+ 5 [18]. FHi
KT S NATH X = HU ORBG % Xp & 55 &,

X420,/ X2
Hyy — Hyy, 2| Xz @/ﬁt
Zt Uk,tXf,t

(10)

X 4|2Hp ) X2
Ues  Us > 1 Xl Q/f¢
2o HpnXy

DEHTHDB. L HIZH, GBS 5 kEOREHT
L., FlEZ2F 0B H, 27 ) —VEFRPLT VT LIS
BIR, H, 37 ¥ amiiftL, U, U, & H, £ (10)
WX EFT 5.

NMF ©O7 7514 X—=3 3 %, EEOKE H, %3555
OO L IBEL TBIIE, BFEICEITNLIEHD
TITANR=aryeRTeEZONL, FEEHL[19] T
&, RO TAIT 7T 4= a Y =FHLT,
ST SRR CHE R X BRI 2T o T, F258D
FEERTD,

D& 912, DNN IS HFHRE BB O EE LT

HYTHAHIE#BRL TS, T23EBDOY AT LI
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2T, U

Y = o ([X";U]) (12)
bLRU, ®

Y = (XU) (13)
DL, HFEEEE LTHYS
4.2 BEFHROBEETIVOEEXOT

umfi B R OAERE T4 — NNy o
DY

FEZ ML &5 HESRESN
TW5h, ttLFiL W) IRz K90, HA X MR
HIE7a2— FXD QEAMIVNEVLEDNHY, 7a—FL
TEOTIXAMPIKRETEL, TNEHHNICEET L0
L:, /J\ \l\ﬁ‘;@@:}:gﬂﬂ%_rw y) E;ﬁ;twigﬁ"/ﬁ:
TEREERL, ThERE/ MR LTRIHT S 2
&ﬁ%i%h%.%@%?»’ié}Nﬁb»ﬁﬁ%X“
DHEHRTEDAATAOEME p &35, GMM F2E
)V, DNN FEETLONWTN L2 5720, ﬁ%f%%
fioTwh, FEZXI7%IEHILL T3 DNN DAL
T5L, N4 DEHIThD.

4.3 fEEH

AT RO E 246 L2 EaE el .
ZZRLZDE I TIIRTEFEL 2D T ELBENHLDT,
DB U CERST 5T (Principal Component Analysis;

PCA) 12X D RICHIFBATHI P 20T 5. PIEFEET—%
DY) L FHFTITROTE L.
~peigE)
Y =¢(|X;P|U; 15
“"([ { (X)) (15)

5. BEEIBICH I 3SEXBIRHER

5.1 EEREM
HNTESFEEINEHT— 5ty s THhb CENSREC-
2[16] Z VT, FEREREOZODF—5 £y b %
W% L72. CENSREC-2 CIIFFIT & 774»ﬁ@bﬁ
éﬂfw%#,pﬂ%ﬁﬁbflkéfbl\ﬁﬁw

=% &R L, ﬁEW&ﬁ@%%%ﬁot.10®i
ATHE O%,ﬁ%%i By v b 58N, Pty b 15
ANTH5H*, HFHEXEMHEEHE DNN 08 1%, 3MOEfTH

*3 ﬁfb@?ﬁk?é%ﬁi&w#,ﬁ%x:7uw®v//ﬁk
EV, MSDPOEEALEE 25,

M EEXEOEREEIT) 20D F—F Xy b & LT, CENSREC-
1C 3 BH, 7)) v VRN 8kHz TEFLEb LWV
O, Tty PEREEL.

*5  CENSREC-2 Ot v MZI3EGE~ A 7 DFF D% FHIX
m@7«u/7@@%f@ot®f CENSREC-2 %8+ »

2HELT, HolFBEy bty bR,
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Fig. 2 Speech waveforms recorded by close-talking and distant

microphones in a highly noisy environment.

BE(TA R Y7 (la), Had (i) £47 (ca), m
AT (ea)) TRTCOFFEHANTIT o7z, KEITHEIC
BWC, 4 HEOBENES (BFET, =732 On, 4—
744 On, BH) %I3ZFA CEETHAS DY 12 HH
DBEIBEHIAAET B, EFHIETHRENAT o 72, BE5E
B 11 M (1~9, 0 (F5), 2 (€5)) »oflksh
%. CENSREC-2 (213, HEFXMEOERH 7 NVEEin T
Wiz, FRVAHTIRER A 2 RS i ER R E
BEEia L T o 7270, X 212, mEEfTE O~ A
yEEB~YA 27X DR SN EEOLEE R, T
RAZIE YGRS N EF T EFX B 2 HETH52 52
EDLTEZILEN, EE~A 7 O EEERHERT I L
ThY, HETRIEFXKMZEET 52 L I3H L.

R 1ICEBORELRT. FEFHMEL, FTHAXER
HH O DNN & HE 2 3 7EHEH O DNN (21, 0:k55
22 KD 7 4 )V F N2 7 (filter bank; fb) FE%, Hifh 4
TL—=LaYTXFAMBELEZLDEHV. NMF O7T
7T ANR=Y 3 VIITRTCOERICHT LU (X (12) &
HRORDOREIKIHIET 5 U, (X (13)) @ 2580 THEER
L7-. NMF 0K H, 13, 15 BHOEZED 7 ) — »EH
(Wall street journal 0 (WSJ0)) 2056 T ¥ ¥ LRI LD
RESE L, ARSI VAD oFERBRFER I hikE L7z, H, &
6 AHED A1) 7 R T [Condition 3] THEETFV2MAYEL,

ZOETNVIZED EBOLEEFRBELIZBEOT T4 A M &

Lo IAERORERERA S, 10ms AMD 7 L — 25 TEH/IE
T 2 HD T NIAHT 24T o 7.
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® 1 OEHERKEBINY AT LORE
Table 1 Setup for VAD system.

Acoustic features

Sampling frequency 16 kHz
Window length/shift 25ms/10 ms
Features 0-22th fbanks

Splice 9 frames

Model for VAD
# DNN output nodes 2

# DNN nodes per layer 1,000 nodes

# DNN layers 3 layers

Model for auxiliary features

# NMF bases 50 for each
# NMF iterations 100
# GMM/DNN output states | 84 monophones
# mixtures of GMM 12
# DNN nodes per layer 200
# DNN layers 3

FUFLAMPMEL, U & &b ICEEEFHNC L D EH L
72. ¥ CGMMIC X AHEEZ T ORMEIZIE, 0k05 12
R ETO MFCC ¥ & Z OB #E 2 v/, S
AATEEHOEEET VI, HEE H, 28R L7720 LFH
U 15 B0 3EEE 7 ) — v EFE ML Lz, 58T
DIRBERUNIFFEDE ) 7 + Y20 d 5 84 & L72. DNN
DRENEER / — FEITREEBRIICHEL TB Y, R bid
1o TV,

Sohn DJFHETIE, AY [3ZEREBHOEE AT 10 7 L —
LA D5 L7z, Sohn DN m—a & LT,
1575 OIRIE % /s 2 Fein7% (minimum mean square error;
MMSE) 3:#CHE%E L 72 decision directed (DD) T d &
D, EIERE O CTHERMR 2 ZE S ELMRDD 5 [2].
DD Tl AT SN It € OffisE % MMSE-STSA (short-time
spectral amplitude estimator) # [20] 12X V479 . Lo T
MMSE-STSA {12 & 0 BT L 72357 120 LT A X
B 2T S & THRBEOREFHON DL 20, Thk
DS 1T - 72, Sohn ® J#1E 3 X T HMM hangover
WM 24TV, K (6) DINT A —F aqpg = 1 —ap; = 0.8,
a1 =1—a0=09&L7.

HAEXEME OBIMEIX, Sohn @ HETIE, FHMIZHK
bRWEFRXERBEESSEOND &L XOMEy &, BREE
2B T 272, DNNTIE, 2 /— KOOV 7 b~y
7 MR LY, BFEORBMHERLG Y =05 2B HEIC
T, ENLAMIEES L LTHE L 7.

WAEMOGAL, HAHFMES SR ) T X515
M3 5 7207, MBI E L HAMICHE A L2b o L,
NMF 7 7 7 4 X—3 3 ¥ % PCA 12 X 1) 400 KIC 12

T fb HMEAS 23 K9G, NMF 7 27 7 4 X—3 3 ¥ 75 100 kTG,
GMM/DNN H#E 7V OREHERD 83 KL TH Y, Thth
I YT FAMEET 5DT, 207, 900, 747 KILL %A,
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K2 JL—-aBoEFE - FEFONEHE (%), DNN Ok
Sohn @i K L7z, DNN X7 1 V& N> 27 (fh)
ENMF 727574 X—3 3 %2 i

Table 2 Average frame-level VAD accuracy [%]. The perfor-
mance of DNN was compared with that of Sohn’s
method. DNN used filterbank (fb) features with NMF
activations.

e.a c-a ica
Sohn 52.08 63.34 63.23
Sohn (w MMSE-STSA) 62.25 60.81 65.06
DNN (fb) 77.76  86.03  91.62
DNN (speech activation Us) 76.00 84.36 90.00
DNN (all activation U) 77.48 85.75 90.89
DNN (fb + speech activation Us) | 79.37 87.92 92.70
DNN (fb + all activation U) 79.38 87.79 92.64

L72Ob I EHEG Lz 02 L 7.

WY XD, EHEPOEWIETHXE (&5
RETE) #EEXEE L CEHE ST L72010, AL—Y
/7&@%%0% ZIUREERE O RNk E Y 10 7 L —

B0 3 7 L= UTOESXETEFEXEE LT
xﬁuéﬁémuﬂf,a?ﬂ:%ﬁ&mfitmTchmiiér
VNS IR VI SR oY (W

ﬂ%nt%%[ﬁ’ﬁbf CENSREC-2 ftED A 7 1)

CEDFBFLAFETTVICLY, HERERIERT
Tot ST AT O HEEE T IV T, GMM DA
3% 20 TH 5.

52 N—XF4>

R2I1C1E, HETEICEY, 7= T 81285 - Iy
g L7k RO EREE 2R T Sohn0)7:7¥4:0)f\—7\
74 ¥, MMSE-STSA 12 X V) BRE#IE L 721412 Sohn @
HiEEHWizbDTHsH, MMSE-STSA H:I12 L 0, Bk
HT (eca) 1I2BWT Sohn D HEDOMEREN M LEL TV 5
72, DNN (fb) #°DNN (23D FE0 b H#ETo
NR=ZAF L THAN, Sohn DFFEIZHRTTRTHOSL
BCIEEICHNEREE R LTS

53 NMF 7774~N—>3>
%2 (&, NMF OEFOEKIFIET 57 7 7 1 N—
v U, ®D# (speech activation) & EFEEIIHT AT
774 X—33 U (all activation) %, AJJFrme L
CDNN 2 & ) HFFXEEE 2175 72455 (DNN (% acti-
vation)) 7KL TCWw5. DNN (fb) & 0 1dPERED S T
boo, EFEXMBBIZTETBY, 77714 X—Ya >
CEFXERIEICEH 2 ERE EN TS 2 LR T
*8 3 (15) ® PCA ﬁEﬂJ P OFBEETFNVAITIIHNIET b5 %
AFTHIE LS LIS A, FEA a7 I L TIE PCA *

T B EVEREDSIR T L7272, NMF 72774 X—3 3 Y DRI
PCA % HF7-.
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3 JL—2jloEF - FEFOWTERE %]. DNN 12X ) EE
A E 1L MOMT L BEEICOHET 5
Table 3 Average frame-level VAD accuracy [%]. DNN classi-

fies noisy speech into eleven digits and noise.

e._a c.a i_a
DNN (fb) 78.00 86.53 91.79
DNN (fb + speech activation) | 78.72 87.98 92.39

®4a4 TL—2sRl0EE - EEHEOHERE [%]. DNN i3 GMM/
DNN 7 ) — v HHEE T @%éx a7 &H

Table 4 Average frame-level VAD accuracy [%]. DNN ad-

ditionally used GMM/DNN clean speech acoustic

model scores.

e.a c.a ia

DNN (fb) 77.76  86.03  91.62
DNN (speech GMM) 78.41 87.30 92.15
DNN (speech DNN) 80.96 89.32 93.72

DNN (fb + speech GMM) | 80.23 88.33 92.94
DNN (fb + speech DNN) | 81.70 90.14 94.28

&7,
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7T A4 N=va e AWz O U, OVEREDZET )TN
Epoll s, BEOREIIHTLET 774 X—= 3
YU, FRAVTY, BERMELZWZ E25ho7z. &
DD, FEOHKKINTLT 7T 4 X—=Va v U,
WS HEREATR S .

+ 31, DNNoH &R - EFHD 258 TIE R <,
11 FEEOBT LBEFO 12 08I~ ET) v 7 Lz
HETCTHAH. HTOHEEEDOM EXSERONL Db H o7
ﬁ,m&ﬂ%#ﬁb%k@x&w W) RIENH D120
PDizi3 ERCEIsE - FEETE 2 2O E TR 5.

54 BFEX27

®4121F, FEE7)V (GMM/DNN) OFBEZAIT %
P AR L LA ORREEZ R Y. 5.3 HilRL
72NMF 7 7 74 N—3 3 v & 7RI R ek
BESE <, GMM &) 34 DNN FEE 7L EAWGE
DS DBERIEDRE N Lol FoEBA a7 %4
Wifsm & LW, TR &0 S ERED S
W ENG o T

5.5 AL, SREEOLR

X 32iF, M2oEFx2527-&0, i (5) TRtE S
% Sohn DFEIC L 2B, log A &, $2%D DNN
DOEFX BB ETIVIC DNN OFBEE T IVOFEZATT
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Sohn’s method
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Fig. 3 Log likelihood ratio of Sohn’s method, log A, and the
speech posterior probability o of DNN baseline and the
proposed method. Upper line indicates the reference

speech area.
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Table 5 Average frame-level VAD accuracy [%]. DNN used

both auxiliary features.

activation GMM/DNN PCA | e.a c.a ia
speech GMM - 80.18 88.87 93.42
all GMM - 79.97 88.24 93.19
speech DNN - 81.51 90.08 94.11
all DNN - 81.49 89.91 94.00
speech GMM v 80.01 88.47 93.30
all GMM v 79.75 87.64 92.53
speech DNN v’ | 81.66 89.88 94.38
all DNN v 81.44 89.51 94.10

K6 AL—V L7 L= L0085 H - IEEHOHERE (%)
Table 6 Smoothed average frame-level VAD accuracy [%].

e.a ca ia

Sohn 52.14  63.66 63.46
Sohn (w MMSE-STSA) 62.41 60.81 65.22
DNN (fb) 80.91  89.02  94.03
DNN (speech activation) 78.62 87.21 91.68
DNN (all activation) 80.14 88.47 92.76
DNN (speech GMM) 79.86 89.69 93.55
DNN (speech DNN) 82.62 90.65 94.58

DNN (fb + auxiliary features)

activation ~GMM/DNN

speech - 81.90 89.93 94.02
all - 82.13 90.25 94.39
- GMM 82.25 88.33 92.94
- DNN 82.68 91.19 94.91

5.7 AL—T > TOREMN
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TR L2 E A Y. DNN ICED C Fogaic,
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ANBMEOREI Y T F A MEFIMT S 2 & TRIIZE 2
TWA T HOT, il L7z,

WAL T, AL—Y 7 LTlEdE D e’
MELZEDPo72b00, RTIRTERBY, A=V 07
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IS Lz, 2008 LLHELM ) 2 LT, ZTHNP
MHICEE, XVLEWCEFXMPMETES LX)
Tholzb#E26N5.
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KT AL—Vr7 L7 L= LRlOEH - JEEHROHEREL [%].
DNN (il B % i
Table 7 Smoothed average frame-level VAD accuracy [%].
DNN used both auxiliary features.

activation GMM/DNN PCA | e.a c.a ia
speech GMM - 81.87 90.77  94.26
all GMM - 82.12 90.16 94.28
speech DNN - 82.80 91.14 94.72
all DNN - 82.86 91.05 94.74
speech GMM v 82.08 90.81 94.54
all GMM v 82.32 89.96 94.26
speech DNN v 83.40 91.14 95.22
all DNN v 83.16 91.01 94.91

Counts

-1 0 1 2 3 4 5 6
Accuracy improvement [pt]

4 FEROVEREEE [pt] O A M 7T 4 (15 speakers and 4
environments)
Fig. 4 Histogram of accuracy improvement [pt] per condition

(15 speakers and 4 environments).
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Table 8 Word accuracy [%] of automatic speech recognition

for the detected speech.

‘ e_a c.a i_a

Baseline
VAD none 41.21  39.83  41.81
Sohn 18.37  40.79  44.70
Sohn (w MMSE-STSA) 50.93  59.38  68.67
DNN (fb) 69.33 78.30 87.25
DNN (all activation) 67.76  73.99 82.71
DNN (speech DNN) 73.82  79.09  88.66

DNN (fb + auxiliary features)
activation GMM/DNN PCA

speech - - 72.70  78.87  87.37
all - - 73.00 79.15  87.06
- GMM - 73.75  80.57  88.35
- DNN - 72.70  80.28  89.03
speech GMM v 73.15 80.11 88.72
all GMM v 7479 81.19  89.21
speech DNN v 76.51 80.85 89.88
all DNN e 74.57 81.98 89.27

o HELY S, DNNIZED K HEOMRAHE R
W LRG0T F, NMEOT 774 N—=2 3 v
GMM/DNN HEEF VDA 37 % MbEE & L5
XY, WMRBEONHPERTH L Z L 2R L.
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2ODHIMIFMEELIHT A 2 L TEH IR YEL,
FRIE R IERE D RIR 2 e B AT 5 /e,
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