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Abstract

This study used DNN (Deep Neural Network) to process Voice Activation Detection, and
discussed the following variable which affect the performance of VAD: (1) The analyzed
window size of MFCC feature extraction, (2) Layer number of DNN, (3) Signal to Noise Ratio,
and (4) The type of background condition. This experiment used NTPU Noise Corpus, which
is mixed by many kinds of background noise recorded by smart phone and TCC300 Corpus.
The background noise includes: (1) Bus Stop, (2) MRT, (3) Train Station, (4) Restaurant, and
the SNR is 10 dB, 5 dB, 0 dB and clean speech. Evaluated standards of system are frame
accuracy and equal error rate (EER). The experiment result indicated that when the feature
parameter analyzed window is bigger, the performances of training and validation set obviously
become better, but the improved range of outside test is smaller. When layers number of DNN
in 2 layer, the performance of multi-condition is better, and when the SNR is higher, the
improvement is obviously, in particularly, the background condition is restaurant. In
conclusion, in every conditions of the multi-condition training, the performances of outside test
are all better than in matched-condition, and it proved that every conditions in multi-condition

can learn each other in the hidden layer.

BRSEE - SR LRGN > MLP > DNN > SRS HEE R

Keywords: VAD, MLP, DNN, NTPU Additive Noise Corpus, layer #, feature frames, multi-

condition, matched-condition, frame accuracy, EER.
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st = Uit {EH(Voice Activation Detection, VAD) H B ZAE T i lIEEF wlae h 555 =7 By
FRAGELEEH - )0 ASR Z&i/E R BB ATE B (Front-end) T{F .2 — o (A Foaf a5 Ui Bl (= H]
FVRRE - & HL A ASR ZSRHYIFERAS - At DALIR T A 8 i I 38 5 i (Voice Trigger,
VT) ~ B &% (Audio conference) ~ B 4RhE(Speech codding) ~ %f5iMEE(Hands-free) ~
&t & [ 1% (Speech enhancement) ~ % & € i (Sound positioning) ~ & ¥ H¥ ik (Speaker
Recognition) & 5 & #¥a#k(Speech Recognition)f o A r] LUKEF 26 VAD BYEELEST A
NUURE T A DA Energy-based[1][2] ~ Statistical-based[3][4] - GMM-based[5][6][7][8]E2 NN-
based[9][10][11][12] 7 Az Hli% -

{E Energy-based fa A HHEEE 73 HY energy HHEALLAER energy K = B AR AT LA
TERF I, S —(E G EEAY Threshold 2R %172 Energy ~ Zero Crossing Rate (ZCR)F1 Pitch ff{
Hlr > M{HH VAD state machine SR ZILEEE HYBHIABISE R

Statistical-based fR3HISZ » 773 A E # Z TR SE B GR0RE I L KM LB TRt 001
BEAE(ELL R AT B P » R R TR ACHIA & i R BRaB R Tk
SEEIE(L - FTHITY Statistical-based VAD B9 HI R I 25 i (LM IR AE - 1
A low-variance spectrum {35230 HLBC & 45 A HIACHE E R Threshold:
f: L% Hangover state machine SCH 635 25 PAKE RIFIURE4) » /£ low-energy (95
B R HY ERER H (false reject) o

GMM-based Hllli& » B 773% T B R ARIESE T A0 BEHRA R Bt - TR
FIIFA Threshold #C3fE 5 R I 5 H TOASUR OIS - FePTRAEERIIARIF TCC300 2
SFHTERE B2 T DS > 7B BR4E LA ROC (Receiver Operating Characteristics)
curve |- EER (Equal Error Rate) {3250 45 Al R 41T - S A MEI{E A NN-based
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£ NN-based f AT ELZ [ MLP 1224 - (HITERGFZEHETY NN H2%E
B MEAIIRFERCS - FTLUZ WA DNN » RNN £ 22 LSTM ~ GRU FZEFEHIFE - DNN [
2T {#H4%5 MLP 75 =& 25 (input layer ~ hidden layer 2 output layer) » 3417 MLP
£ hidden layer A% H - hidden layer #£1f node AV H > [E15%4(E network $515 & H.
7% o Al H DNN AT dropout Jz mini-batch 7E{H4EHY MLP F[&fzEF2H - ¥j% neural
network (Y unit {UE—E LLBIRFIFMEFERAT 2 TE - FUERE © B RN SR EdE R DS - Al
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AEHSLEE T TCC300 FERHEE[13] - TCC300 sERHEE FHEIL &8 RS ~ B3 AES »
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F— * TCC300 sHRHEEENETR

R | XEBEMN gt S BEER TEEBER
5 152 5 193,167 5 4,614
TCC300 FAH] 4 151 4 197,296 4 4,265
Rt | 303 | &Gt | 390463 | &Gt 8,879
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Sampling Rate: 16kHz ~ Sound Encoding: Lin16 k7 Channel: 1 Yy PCM & g% e Tk EL
AR E TS R way TEFAE T - $1Z 2EE(E H] HTC Desire (A B 5% 1Y Android §5%
FARAHET TR -

FERREDRIEE S 5 5 4 (B Ry 5 JURERER R HE ~ MRohE K Fh ~ MRAEHRE LG ~ i
NHEFEESAETHE - SIS E G aET 60 pEREHNIEH - SEREREE R

ycdeng °
F L IEREEEE R EE AR TR
FesnEE Rk HiH AR REE BB HAARE
B fs 2 o i cE 12/27/2016 | 11:54~12:44 | ycdeng | HTC Desire | 50:48.96
K EIE Wik kB | 12/26/2016 | 19:02~20:02 | yedeng | HTC Desire | 1:00:22.40
FE#E N FEEN EE 45 12/26/2016 | 20:11~21:03 | ycdeng | HTC Desire | 52:12.54
INEEDERR | B EEDE | 12/26/2016 | 17:47~18:48 | ycdeng | HTC Desire | 1:01:08.35
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Bk E NTPU Additive Noise Corpus
AR 16kHz
EVAE 4TS Lin 16
BiE 1
mENE HRifbE 500 S EalE T SCEERHE
s 4]+ 5)(TCC300)
B EE Clean Multiple Additive Noise
IR MRS IR BEE(GILRER) ~ KEILRRAE) - fEEnh
Training Mode (TRt&) ~ A EHIERERAE)
SNR:0~5-~10dB
IR MR IOpcEREE: BEE(GILRER) ~ KEILARAE) - fEEnh
Testing Mode (TRt&) ~ A EHIERERAE)
SNR:0~5-~10dB
Development IR MRS IO BEE(GILRER) ~ KEILARAE) - fEEnh
Mode (HH8) ~ A HERR (TR B)
SNR:0~5-~10dB
0 - IR GERHE AR B
ReRfEE SNR f&%E | sE&4E® | B4tk | Utterance | Utterance length | fEZE&EE;
Restaurant 131 A 65 : 66 131 HJ 50:48.96 393 &
Train Station | 05~ 10 157 A 78 :79 157 4] 1:00:22.40 471 %
MRT dB 135 A 67 : 68 135 4J 52:12.54 405 &
Bus Stop 160 A 80 : 80 160 1J 1:01:08.35 480 &
Clean » dB 160 A | 98:62 | 160 A 52:45.04 160 4
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Noisy speech ERHEEAVEILITALE —FR » E5 TCC300 sEkHE A —EEZFHER T
BREBLA 2 SRR - TR o] LU TCC300 iy clean speech » 132 TCC300
sE e ab 7k AT LA Ry clean speech Hf LAFFEEEAYT)EIEEN (label 528) 214055 TCC300
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[&— : Noisy speech E}HER T 174 E]

Noise speech x, 7217 7 BN N R
X, =s+g-n, (1-1)
Hrfts, B TCC300 HYsEE 47 (clean speech) n, ~ HIZFERREL /7 (noisy data) » ZAT g £

B S n, A A RS Noise speech x, FIFEE TSR | RGN FEES 4T s, « —HE7K
SRR AT TE FYEEA] > Global SNR ELE[141400(1-2)FT7s
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GSNR =10log,, [“—2] (1-2)
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0-52 = z Siz ’ é‘speech (t) Z 5speech (t) (1_3)

t= =0

Hrrs AR (TCC300 5k Z5E0]) WY ¢ {[E sample [y sample value » 7 fUFRHEE
HJLA sample B L BEATHIRIE » M0speecn ()RS ¢ [ sample B4 SeEEE9E @ EtE

1, if sample ¢ is a speech sample

é‘speech (t) = { ( 1 _4)

0, if sample 7 is a non-speech sample

R ey 7] lHE(1-5)5 T EAS 2]
O'fz—Zgz-nf:gz-é'f (1-5)

Hrpn AEFMENEIREOSHYS ¢ #Y sample 2 sample value 5 L fURILFEHE&HY
L-1

sample % ;g (UFAE S TRAVEUA (%3 (magnification) © &, =%an RFUAHENESE
t=0

HY noise power ° By T SR EHY noisy speech 2 GSNR FF& B EgAYZKAE » FAFTHH
# g EAI(1-6)F R~
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& 2 ZRESEAREM T EAIREHEIANS] - BN IERREEEEL > AlE
i 2l A B R B IRy T2 > o] DURBABAMEE S SRR P & 228 L Kl H
R EEERE i g o A DB EE S AR H g A A LAY R - s A
B DU RS S T RUEAGER R E S HI A e BOR TR S AEHY —(E sample - {EIRH
& AR HARMEN FEH 0 ATAE 16bit FraeR=0AvEE N - HhfE 774 f Normalize ffrA[16]
{EHRE AR R B RAVEZ IR /N H SR A RHEAR - (i ReUR S RUAM R HAY 774

AIGEFL (clamping) » FL LA EAVE RFTRERAAVEAME » B34 M s P %
& Ry PR =i MEAT T =

MAX, x, > MAX
x, <y MIN, x, < MIN (1-7)

x,, otherwise

— ~ NN-based VAD 7%
(—) ~ Deep Neural Network (DNN)

Deep Learning HIHEE T DARE (B B 4H ok S0 aC i 4R M B FR R IV AH S 1R RE A BA
end-to-end global optimization 4 » H o iz HLACEEMEHY Deep Learning /& A4 H! Y Deep
Neural Network(DNN)[9][17][18] - %5 {¢ H Z2 s s & - DNN i {# 45 'y Multilayer
Perceptron(MLP)ZfHEIRY » {EZ 4T MLP K25t A E R =@ 2efiscoE T - 8
=B A2 AJE(input layer x) ~ —{EFZe/e (hidden layer) DA K — (R ! & (output
layery) o Z&[f) DNN HIl5Z/FH hidden layer HY%; H 3471 > hidden layer [N node % H 7.5
> EEYE 25l Neural network fRZE HART © FEILRE A ELA—f /M43 DNN H7R
BB dE —FrrRZEE A Signal flow graph &R HILERERT Z47 -

W, o) B n) e IO e P L o R[], o,0)
x[n]o » » » » hzo o O— o — — ykd
i]hl i]hz (7] ilh,( ily
b b b* b

[& — : DNN signal flow graph

Hpx Ml y 73 IR E R AR R ~ 2 fARE hidden layer Fy#rt ~ W A3
EEEIEE ~ b UR{REE (bias) [ & ~ T AUREHAL(dentity) FEfH « o ()RR FHEE R E



(Activation function) DAz i % 7 AR A B tH 2 8V ] index » I 20 Ry Holi AR
B R (A

yln]=F(x[n]) =0, (W, h*[n]+1b")
h'[n]=0,(z"[n]) = o, (W . 0" [n]+1,b), k=2~ K 4-1)
h'[n]=o,(2'[n]) = o,(W _,x[n] +1b")

(4-D)Z a8 o () 7T LU element-wise [ Sigmoid » Hyperbolic ~ Linear » Rectified
linear functions [ 3/l| 4% & DNN #{ criterion A )& Minimum mean squared error(MMSE)
5k & Maximum likelihood(ML) ; E:rft ML (/] criterion {£7E{% H 2.2 LA category {5
HLE[E]Y Minimum cross entropy(MCE)AY{FR(A: - FREZLL_EAYFRER - BT DAMIFH LA T Ay SR
A ZET: DNN AV5lI4HE e

W',b" =arg min J(W,b)

ZNI

=" (§[n])" log(F(x{n])) for MCE

4-2
Wb = y[n]- F(x[n] )|| for MMSE (4-2)

H J[n] H{F25E n MHHY input sample  x[n]FTE ESIAYIEREE 2 (Reference) » 1fiiEHEHT
sl eRAEF2Z A Gradient decent {1y 572 Integrative IGEIf(EA# - [NILE—/EHY W Al
b SR E W b 8 > FTLUA chain rule HY55HE ] BLUERLVHIZE 44 Back
propagation 5537 [ BT B3 DNN 4 i S el it — (B AG—A 3 B e 7
G AT SRIEAEL % layer HYEREEBAAAL R CUIRE K BEHOCAIEE(E DNN
HITE{LBE T THGR - 1F(4-2)=(r 2 DNN & BAY3lIIgRAERT] » %7 MMSE 2EJIARER

1 S m m
JMMSE(W9b;S):MZJMMSE(W5b|O ¥")
m=1 (4-3)

Tinsr (Wi 0,3) == [0 =y = (0" -y (0" )

M FyallgR &Ry 4a8yin m RICZRE index « 1Y category HUIE L ARER » (BiEt y & — (&%
O3~ C TSRS E T § fyH index » Al ML BRI Ky
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Joy(W,b|S) =MZJCE(W,b o™, y™)
m=1 (4_4)

C
JCE (W,b | o, Y) = _Z Yi loghiK
i=1

S5 T AR - BUEIZ3(W,b} > ATLUFIF LAkEREIH) back propagation 3 ELZACHH
B IS T DA L T AR A

8

WE, < W — AW
bk

(4-5)
k< bl —gAb!

(4-5)ZUF W, Febf Sy RIEAES ¢ ZOEEHIRE k B EIE AR & -

M,
AWF :LZVWfJ(W,bIO'",y'”)

b m=1 (4-6)
k 1 & m m
Ab' :VZVMJ(W,MO y")

b m=1

1E BT IR ¢ O R T HE B AR IS R R P (R BB - 2 o M,
714k samples ~ & By Learning rate - iyt HE EB AE AT e BT B FEE DAL
IR > 7E Category Y FHIE A CE 3SR HI(4-4) 2RI softmax it

VW,K Jex(W,blo,y) = ezK (th_l)T = (th _y)(hrK_l)T

4-7)
vbeCE(Wab lo,y)=¢ =(h; —y)
EAEE (k=2~K-1)HIE
Vi (W,blo,y) =[0,(z) e e/ 1(h; )
' (4-8)

V,J(W.blo,y)=0,(z)eeS

4-8)f1 > € VhlkJ(W,b |0,y) BALEF k JEMSEETE - © e EHE -~ o, (2) HIEH
JER B TR B o PERRERE e HIZFERAT

e =V, . J(Wblo,y)=(W) e}
e =(W)) [o,(z]) eef]
1T DNN £y back propagation Ji 502 B BB fiaR A -

(4-9)



( — ) ~ NN-based VAD EEiz% E
REBFTEAOEERIE AR 1.3 s - BTt ROR 0 IR BRI - H
FHESEEA T 12 451 MFCC Fil I 1 4[5 energy» MFCC 3 E LRI {EH T 24
[ filter bank il H £ cepstrum #EEVAT 12 {{ cosine A #lt HIf7 iR 14: - MFCC F# 28
MHZ SBEENR AR « SHEHEES RIFEE 2 label Z{# ] HTK (Hidden Markov
Model Toolkit) 3 fHAZEE0 -
1. : MFCC RS2 BdhIGEE

Config of MFCC Feature Extraction
SOURCEFORMAT Alien
HEADERSIZE 0
SOURCERATE 625.0
TARGETKIND MFCC E
TARGETRATE 100000.0
WINDOWSIZE 320000.0
USEHAMMING T
PREEMCOEF 0.97
NUMCHANS 24
CEPLIFTER 22
NUMCEPS 12
ENORMALISE F
ZMEANSOURCE T

Ry TR REE IR A Ve S b B > P DUAGR SRR B delay AU - 20
=FR » BARAERER R NAYEEE AR (Energy) BT EUE TEIAEE THUAE
h Rt RN BEEREGETRTZE % frame HCHENE MY frame FifiEiE
EREEN  aagEEsR o RS H frame n-/ % frame n+d 1Y (d-1+1){§ frame (1752 window
size of feature frame) HVEEZIFESECRTEMN frame n 1Y VAD JREE  n {3 H FiTE{E VAD
AREERY frame index > d Frr ByfiE H ATEEEES n BT delay 19 frame 875 - 17/ For BHE B AT
IRF[ERE 7 TR frame B H - NN-based RS HECENFR SR ©
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pre
| I e e Bk e —————

n—1 n n+d

ddddadddd R

n—1I ﬁ n+d

B = : Windows size of feature frames ;R =[&E ° (F) :EZEIE ~ (T) SBEELEHR

Z27N - NN-based VAD FEnzs &

NN &35 DNN
i AER NTPU Additive Noise Corpus
Windows size of 1~3~-5~7~9~11
feature frames (d+/+1) -frame
BERE
Optimizer Adam
Batch_size 64
Nb_epoch 1500
Data set Train (7) : Validation (2) : Test (1)
Earlystopping patience 50
Activation function RelLU
Loss function categorical crossentropy
Node size 256
Dropout 0.3
QOutput layer function Softmax

( =) ~ NN-based VAD & bu4s SR EL 7717

A INETEFAS [E]fESE NN-based VAD 7 5 fdififjH - #[0: feature frames ~ layer #{H - matched-
condition B multi-condition F1 delay decision FY R RE#ETT EERET 5 - NN-based Y VAD Hf
FEITEBE M Tensorflow V& _E - FE4EE I A LU < B 21% - (RIS EIHY NN 2844
A TE B frame BEEHEEIFGES o Fy T ZERN[E NN JAMEEET - ABHFTHEEE HIHL



BARMEZIF AR -

1 ~ DNN | feature frames HYE &

EVUFR AR E S » DNN AY feature frames 4558 - fgiil & feature frames #7H ~ 4t
7y A2 accuracy (Acc.)PA K EER - [EDU » 2 feature frames % H iy 715 Acc.LL Kz EER
1F training set B validation set §1FYZRIH A HHEE ST AVEEES - {(HIEFE outside test 1 E. EER
HEHIEFEEE /N o B HESRER » & feature frames=8 IF » LT over-trained ©

Training Set Validation Set Test Set Clean
1 1 1 Rest. snr0
0.95 ﬁ— 0.95 ///_—_ 05| —— |
g 09 09 09
0ssf 0.85 1 e
0.8 0.8 0.8
2 4 6 8 10 2 4 6 8 10 2 4 6 8 10
04 04 04—
03 03— 03 o
& 02 T 0.2 T B2
w — w
0.1 T 0.1 0.1
\‘k_\%
0 0 0
2 4 6 8 10 2 4 6 8 10 2 4 6 8 10
Fea. frames (1+d+l) Fea. frames (1+d+l) Fea. frames (1+d+l)

&y« B EAAFEMEEC T DNN 2 feature frames 455

2 ~ DNN | layer 8 H Y515

[ 7175 7~ AF multi-condition H&{[E & T » DNN Y layer $5 B 45 5 - feifil 545 (@ condition~
et o7 il 2 Ace. LUK EER» H Al f-E condition (/777 il /2 : Clean Fyiiz 5 ~ BusStop
By /NEEYE - MRT BdEsE L - TrainStat B oK B - Rest. & EE - Multi. & multi-condition
HYIEN » TAE BusStop ~ MRT ~ TrainStat il Rest. iYf& & H Y144 snr=0, 5,10 (dB) 2
GEIR o e lE TR P USRIV A2 » R condition FYEDRHE (£ multi-condition
& R TEREREAVENR - FAF/C1E DNN 1Y layer £ H s 225 layer TR HLAY
Bi1% o o] LIS R4S 2 E(E layer #H Y FF > EH Acc.Bi EER fF training set ~ validation
set 1 outside test FIAVFRIR G 84T 7 it 5L > L EHEAF 21 condition § snr=0 (dB)AYHF(

B EHEERERAE hidden layer #5070 » 44 condition =] DL A AHEEE ([ condition [H]3:[H]
HYFF4E o {HIZAE 2 layers Bl 3 layers H7HY Acc.Bil EER #2008 EH#/ )N » HIFAZLT over-

trained o



Training Set Validation Set Test Set | ~""* " 1 layer

' a 1 T BussStop —+— 2layers
1 !\C/ean TramStat 1 eal:} + TrainStat e P g 3 layers
oA \ / /\/ 0.9 by i
09 09f’ £¥ p
g \ f : PO ' Clean F TrainBtat & T Multi
p 3 0.8 pd &
< o3 BusStop ¥ \/ Multiy o BusS{Dp " Muti ! &
T MRT 7 MRT ¥ 0.7 T MRT &
0.7 ¥ Regt. 07 v < Regt  Res}.
2 4 6 8 10 12 14 2 4 6 8 10 12 14 2 4 6 g8 10 12 14
0.3 -’.‘_ Redt. 03 + < Rest. < Rest.
L MRT s & MRT 03 MRT i
02 e 3( / 0.2 BusSlop ’r\ X . ,; ‘\
& us "p A { '\.4 - J - 0.2 %
g1 - 01 \\ |\ Clean %
/\ J \/\‘\} Multi. r,’ o\j/ /\TramStat MquU 1l A “? 3 Multi.
0F Clean TrainStat 0T Clean " BusStop T Traﬁﬁlat
2 4 6 8 10 12 14 2 4 6 8 10 12 14 2 4 6 g 10 12 14
Condition Condition Condition

& 71 : multi-condition B multi-condition H-£&{[E &2 DNN layer #7 H 455 » H. 1 BusStop
By /NEEUE ~ MRT BdEi#E L ~ TrainStat 2 OK EEL ~ Rest. & BE ~ Multi. & multi-condition »
[fi4E BusStop ~ MRT -~ TrainStat ~ Rest.[F)i % J X &H snr=0, 5, 10 (dB)AY4E5H

3 ~ matched-condition #1 multi-condition HYE &

7NFe~ matched-condition Bl multi-condition Y455 » SAEEEE N TR & HHY
layer 8 H AR a1 5 o il £ &2{E condition ~ 4t 7 A& Acc.LLj EER » H il
{E condition {XFE47 HIE * Clean fuHZ)F ~ BusStop Ay /\Elh ~ MRT B #fEiElL - TrainStat
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