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Speech Endpoint Detection Based on Bayesian Decision of Logarithmic Power Spectrum Ratio
in High and Low Frequency Band

ZHANG Zi-cheng, TAN Zhi-wei, ZHANG Chen-rui, WANG Xuan, LIU Xiao-xuan and YU Yi-biao
School of Electronic and Information Engineering,Soochow University,Suzhou, Jiangsu 215006, China
Abstract Based on the analysis of the power spectrum of speech signal and noise in high and low {requency band,a speech end-
point detection method under low SNR based on Bayesian decision of logarithmic power spectrum ratio in high and low frequency
band is proposed. Firstly, the logarithm power spectrum ratio of speech signal and background noise in two different frequency
bands is calculated respectively,and the statistical distribution is obtained according to the maximum likelihood estimation, and
the optimal decision threshold is derived based on Bayesian decision criterion. When the signal is input, the log energy spectrum
ratio of high and low frequency bands is calculated frame by frame and it is compared with the decision threshold to classify the
speech and background noise,so as to realize the endpoint detection of speech signal. The experimental results show that,com-
pared with the traditional double threshold detection method and spectral entropy detection method, the proposed method can de-
tect speech endpoint more accurately under the condition of low SNR,and significantly improve the accuracy and speed of end-
point detection.

Keywords Speech endpoint detection, Logarithmic power spectrum ratio,Bayesian decision,Low SNR
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Fig. 1 Noisy speech signal and its spectrogram
SRS T W FE T E B A AR AT A AR RS 5 AR e
FIAFAREE T AHX B B 15 5 00 58 B35 0K U6 I B AR /DN, ) AR 45
H7 X B0RE 3 Eb (E BR TR] % 25 Ak T LA — 45K OF HLZR L 45
JETEME P Sy [ M S BT SR 2 ANk, IS PR~~0.,
VA3 BT U6 A L SR e A1 A0 ot 80 R b (B T RLAT 8K
X 45 5 5 5 1 R R L S0 B A5 R B A5 1 R 03 3 0
LRl
3.2 MHEEEIELNRITS AR RHETRE
ToIe BB 5 5 30 2 T S MR A A TR it 22 8] B ) 4B
REH PR S 7E— 2 10 B N B AL AE £k, — 7T LA K J2 i 48—
BB L, — 8l 2 IE S A . E Uk, BT LU 80 R
AR5 B (0 T 55 T SR RS R AR SR B R LR A T ik
Ak T4 B I HE % 1 pR B
B2 A3 B BB RN 22 1 B KRR Ak 3T A X an =X (7
(&) FrR , | e w] Al 45 2018 & (55 R st s & 3 AR
2% REL IO MK Ao PR,

m:WE)PR, 7
L :
J—NIZO(PR,»*m) (8)
1 (x—m)?
p ()= exp(—i‘\) 9
v/ 2mo, 20!
1 (x—m,)"
P )= wp(*——fif) (10)
v/ 2mo, 20,

Horb o N g SEBRREA I B mTEL

T ) B BE B 3 Ll AT T8 T S s AR I ) IR T AN R
— AR PR FRAE Y 43 25 M 8, th T PR RRAE A BE ML, R
FH DURT i 4 25 pe 5 O vk 2 H AR A B, BRIV 41 B R 50 A
WENHEAT 2O sR, TERR MR - mig T . kK5 R
Ak 25 7 Ak Sy B TR A% 14 AR % T D . A S T Y s N X
B % 1 PR 18 p, (PR) > p, (PR) , W 3% i 3] vk g 5



TR LA L T IR X SR R LU DL S o SR A O s AR 35

BT R Z NP A R,
3.3 mmEENEE

FET UL LSBT, T4 2 v ORI B R AR AR S B
FE 4k % LG DL i S0 o SR B vk (i LR B 3R

(1) %7 Bisf 4 i A 311

WA AR5 2 () s R R 3 5 25 B A5 vk of 1 Jon 4 et 2
wn) 43 Wb 345 B 45 50 B US55 2, Go) L, AT
e 2((Gi—1) ¢ inct+n), 1<n<<L,1<i<F

(11

x; (n) =wn)

Hep, L Rwik ,ine HWIBKE . F R 8%,
(2) 1530 1) 6 3
Xof 45— A S8 B WS 5 2, Go T H R R kA e, OFdF — 2531
FBE I
X (@) =FT(z;(n) a2
Pi(o) =X, () X/ (@) as
3D T3 e AR ATy %ok 45 R 1 3 L
15345 — Wi Y BE 1 3 2205, 40T AR L1 w2 15
B s »or TR RERTE PLAT Py IR 0E— 4150 w0 (R A0 5
X ERE RS L PR,

jop— J P, (@) dw s
Wy Wy J o,
Pl = J P, (@) dw (15)
Wy w3 Jo,
Pi .
PR,:abs(log(P—,))nggF (16)
L

()15 B e A3 LY 1

H DU $07 43 285 R S R D) % b B B 0 e U AR A 24
Wit Xt 45 B B G PR RN B A BB 0 AT 4 25U L AR ST B
B M BT 36 A 3R AT LA AT 0K Ak BB )

DU 357 43 25 e 5 B4 ) B T K p, () = p, () AR R (D)
(10D e 3 A3 S 1 B /N 5 38 00 S ARE 1S L
H P

2

‘ ) o,
(myol —m,o?) —a,\a,,J(7n,\ —m,)?+In [ =
T = o,

pr

0. —a’
17

IZ B S RS GE o A7 B e W A 0T Gm, ) Z 08D
AN T B A v A T A A TR

eI

AR 2 (16) 75 ) 19 % %5 e i3k b A= (17D i ) ke 4
e 5 90 Mk R DU N 37 4y 2 e O R A% Ak S A R Ry B (E 4 28
PR,

i PR>T,,

y:{ﬁ%@%ﬂ R (18)

S R B 1 i B 3 O % 45 5 1 B Y — R T A
BT ¥ Ak L — 2 I ST TR R 7 TSP 3

4 XBWEREHH

4.1 XWHRESEH

7E Windows #/E R A F . T Matlab2017 A1} &
B AT IR & A5 5 v R 0 S0 A AT . S 0 BN A R o SR
FEREFH L UE T Z AR EPER RIS AR 21 4R o
F I REAS SR AR 1Y S5 AR 75 5 SCPETT LA L R 2 10 1 3 &

P T AN B AR IS o BG4 18] L SR B R R 8000 Ha,
16 FiF, DL wav SCHERS X AEAt . S8 b Ja i & R R PG WA 6
KB 25ms, *F LA b S0 E (545 BEAT I b 38, 43 50 A
T SNR 4 10dB,20dB #l 30dB KM, X 3 T 6 1) fig & F
3o ARG R PR I TR RN AR SR 4 v AR AR X AR
T HE DU 7 e 5 1k (PSR IX 3 Filr i i K6 00 5 36 16 47 LA

S 06 235 L5 2o ity a5  VA R RR A L A N A R
Sy S WTROE 25 A R TBUR A7 B TR A E T LD

X100% a9y
4.2 HER5454

R T K I AR SR HH AR B4 T v DR L S b 2
HEAT HCHR 52 56 43 531 R R T T B 9 | i 0 9 A0 ke 4K g A % E DL
37 P 5 3k (LPSRO X 21 413 35 R AR oF A7 40 B840 b7, 15 51
T 63 AR AL R, K 2 45T SNR=10dB &/
5T 15 5 R AR A k7 Y S s AR T 195 L

Hit amn o m—

01 02 03 04 05 06 07 08 09

(a) JR IR i 5 8

I
Ll

) J B 33k
e} - - - - :
3 et /\/\N\ j
4 4
3 2ka } h & i
10 20 30 40 50 60 70 80 90
Wi % n

Ce) e AR Bty Xof 44 R et 3
Bl 2 &5 S A0 I Y B 3 Ry ik g A U
XJ e
Fig. 2 Time domain waveform of speech signal “cloth shoes” and

comparison of three endpoint detection methods
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Fig.3 Time domain waveform of speech signal “nail” and

comparison of three endpoint detection methods
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Table 1  Test results of different endpoint detection methods

at 10dB
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Table 2 Average accuracy of three methods with different SNR

BT 2 %)
I 10dB 20dB 30dB
i % 85. 80 81.67 85.07
BT % 84.72 88.39 74.67
LPSR 90.76 92.66 92.79

F 3 3 Py AEA [ {5 W LU B o i R Oy 22

Table 3 Accuracy variance of three methods with different SNR

V3 10dB 20dB 30dB
P % 0.0243 0.0256 0.0076
BT % 0.0141 0.0059 0.0186
LPSR 0.0030 0.0024 0.0037
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