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Abstract

Gaussian mixture model-universal background model (GMM-UBM) is the most commonly used
model in speaker recognition technology; the model has achieved very good results in many expe-
riments. In this design, the GMM-UBM model is used in the abnormal sound detection. First, we
process the aircraft engine sound signal, second extract the MFCC characteristic parameters, then
train UBM model and last obtain the GMM-UBM model by MAP adaptive algorithm. The ultimate
goal of the test indicates that the method could optimize the recognition rate decline due to inter-
ference change.

Keywords
Speaker Recognition, GMM-UBM, MFCC, Abnormal Sound Detection, MAP

EFGMM-UBMBI X & EhHE
VR EMAR

HEA, IR

MENT RFEE IR, Lih ME
Email: 1432683346@qq.com, sun_chengli@163.com

Wehs HiH: 20174F8 H6H; FHHEM: 20174F8H21H; KA HM: 201748 H28H

HE

EENRE AR - 3FH Y R 5% (Gaussian mixture model-universal background model, GMM-UBM)=2
YE N RAIBAR B H R, SRR 2 X HUR TR IF R BUR . A BHEREGMM-UBM

XE5IH: B2, VKL EF GMM-UBM B EHLE ShHLA & IR A 5 VA T 0] tHEVLRIZE S R, 2017, 7(8):
781-787. DOI: 10.12677/csa.2017.78089


http://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2017.78089
https://doi.org/10.12677/csa.2017.78089
http://www.hanspub.org

MRS, PNRAL

B RAESEE SRS, Bl CHLURZPLEEE SO, REW/RIFRERE(MFCORESE,
ZRUBMAEZE!, HIMAPH &M EESEGMM-UBMAER!, HGMM-UBMAREG IR RZIHLEF. LK
EH, ZEHEMRA T HF AR TR S BRI TR .

Xiia

PiE NS, GMM-UBM, MFCC, B¥ =S, MAP

Copyright © 2017 by authors and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY).
http://creativecommons.org/licenses/by/4.0/

1. 5]

BEE R R AR KR, FBMERAR TR AT AT ) 2 Aok BGRB8 75 & 1)
FOR LR K1 B UM B — N T 5T 07 ), 38 75 515 S I MR R R, e S b 2 5 S
TR, FEMERBAHMN 5. — 8RS, BRIWUHIL R R, AR RS 78 Kms) . Ki
FATTAT RIS 0 A S AL 7 8 A8 B A R, RIS IR T R, DAMESR AT 2L EE, W] DA
famF R AE .

ASCHE TR AL EHLS B R 8 T AEE S i R . — B DSk, HE SR RIR 2, (HE2
X AR BT R Z, R2HEHET E—K) GMM, SVM (Support Vector Machine), HMM
(Hidden Markov Model)Z1E N7 25 8% , AR IFAEAR, R A SCE B GMM-UBM 177 VA E iR A,
SEIGER, ARG — ) R IR £ .

2. KA REFRTRANRGSH

GMM-UBM [2]5& A E B GMM, ‘&R 512575 & & HIENMAF R, o] LA N & 512k
FEAFR AT RN, 1EE ARG, EINGNEB, 1t KAPLE S AT IR 2 f5, FREH K
FHHLAE I MFCC (Mel Frequency Cepstral Coefficients)4F4E[3], #RJa I #E0 A = IR G — 15 S AR A )
UBM BLAY, P Jd % K 56 v T [4] VI 25 5K A5 76 8 A 8 seB AL AN & 7 0 & B gk AT B & B A5 2
GMM-BUM 8, S 57BN BB, JEARIHRTE S MRHE, S5UIZ0 1) GMM-UBM S5 RLILHRD, fi
15 IR N GMM 1 UBM g iR 2 2. B 1 8EET GMM-UBM (1153 7 35 iR A 45 1K

3. EXRE
3.1. FRACEEF4FEIRER

— A EBNFEEVONRG, H— PR B S MO, PR AR S SRR, Tk
P — A TN E . AW, 0 A A, RS EE S T fE, BREREGE SRR, W SR
HEA 35 I A[S], R IETHI 2% LPC (Line Prediction Coefficient) [6], £kt T3 Z % LPCC (Line
prediction Cepstral Coefficient) [7], HF/R{5]1% 2% MFCC[8]%54. BT MFCC 4R MENE SR K1, &
B4, FrAAS T MFCC REUE N R sh L 35 1L
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Figure 1. Recognition structure graph of GMM-UBM
Bl 1. GMM-UBM iR 54544 &

3.2. GMM-UBM #&=#!

e ST VR A ARl 2 X — s Uk () e T R R 25 P R O AT e AL, M TR A B GMIML

M AN LS T 23 A1 R B AL SRR WURFAE CERFAE 2 [ K 20 AT [9], — D e B m R &AL h S 80U K%
B 7R X NRUE o ARG ATRARIR N

A={o,m,% =12, M} 1)

Gi—H S8 UBM 2 R A8 & AR 2 & FhEAEE T I S s I 2R3k 15, % UBM 2Tl
PR A B EIE (S e, R UBM IR BB R . B RE i), BRI R T
F—RPE N GMM AR A2 3501 455 5% 1t UBM E3E NS S, Aseib b F B B &R 52 MAP B
TEREIE[10] 0 & R AT DR G (1 A P I 2Rt /0 i il R, 2] LA FH 2 s i e e A 5 N 7 3 1
FRIER R, B WA 240, DUOA B2 R RS M VT EC 9 B 1, AMARIE T R4 R 4PN
WAERE. B UBM BiAY@E I MAP HIEMF 2] GMM #& GMM-UBM #5:4!,

3.3.EM E%

e R S AL 1 2 2] 5 VAR MAP ELE RIS T A, SR HAEE SR EM 59%(Expectation Maximization
algorithm) [11]E#F EEZMMEH . EM Bk —Mik e, @il E B M PP REARP TR, IRk~ ER
AR R BIE . EM HIERFER T E 2 fis:

BW—HKEEAN T IEARHEF S X ={X,, Xy, X; | SRBCORRRETHEN, 423 GMM 112
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Figure 2. Flow chart of EM
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HrEE m > GMM BRI fF IR A,
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BIEZ 5 IALE o,
@, {“E"%%l—aﬁ)wm}y (6)
BIEEIME
thy = anEy (X)+(1-ap) ey ()
BIEZ G ol
DOI: 10.12677/csa.2017.78089 784 THEAURF 5 R


https://doi.org/10.12677/csa.2017.78089

MRS, PN
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X NEEL HRARBIER TR RE.

2t A EJUASP R, RAFIEIEEHIHALRIY GMM-UBM AL ZE R B, R IR0 P &
FHEF R AT RS UBM B F AR SRR AR EE S b, SR SO0 i, AR 75 5 LR
JEE R AR R ABLIR X M 22

P _
o, =

1 T
§ =2 2 [100P (X | 4rsq ) 109 P (X, | Ay )] (10)
t=1
SRl X, A HOSEWOE BUORHERT R e B0 Ay, #1227 FERFSEBUL R UBM B,
S LU AR V55

4. EWERE SR

I EE AR AR AR, AT T AN KUK SIS S, B RS T RIS 727,
L F-15 8+ JUR B 5 1 RWURBIHLA &, fEARWE S, HRNNLAE & A0 MEA, AHEKRE)
MUBZENF & IR & BT B — SR S ML BA S ¥ . 7E I b FH B R SIS & L K 1474
s, HhRANNLEENESH 347 s, (Z1EEEA 205, IERIZITA S 6295, Ml293s BABE &, HEE5S
RFEARZE N 16 KHz, BTG, KM 16 Bit k. 5 SRR MFCC FHIE. MRAEIX LR 55,
BT T R =R

SEB— LU B E IR BRI, TRA BERHET S MR . R 61 AN RS SE S UBM JIlZk, H
LR 12 A E A, 8 MBI, 30 MEFIEAT ML 11 ANBABE IR, BEKCh 6 4 22 70, H
T MAP HI& N EAA 39 MG 8 NE s, 8 MEKEA, 13 M IEFIZAT EAMF 10 A BA B AL i)
KN5 45732 s, FRRBIF SR 6 NEshE, 6 MEKEM, 29 NMERFIBITE A 11 A,
SAEN 9 4E MFCC ST, #2578 3 1R 3R 45 i R 4 1.

HSEIEIRE Y, EHAAFAHFME T, IRAFERN 256 (I e AR s ROR BT, (B2 TEIZK
B0 26 T A B 75 E R R R = A 50%,  AH P ICABSE AL 7 R R AR . R I — 2 R,
BEAEIRA FERI I, R W2 G, H 9IRGB B — @ E g, SUNEAFE M, EEIFH
TR

Table 1. The recognition rate of different mixing degrees with 9-D feature

=L OHERE, TEIRAERIRAIR

W il #

REE 8 16 32 64 128 256
=] 33.3% 33.3% 50% 50% 50% 50%
JEK 66.6% 50% 50% 50% 50% 66.6%
BT 89.6% 96.5% 96.5% 96.5% 96.5% 93.1%
UNEq 63.6% 72.7% 72.7% 81.8% 81.8% 81.8%
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SR T SIO K S I A E, AN RE 12 45 MFCC FRES 5L, IRBIEE Fln N & 2:

5 —Atk, SONEREE FTTIRZ, Bl SRR 66.6%, IEH A R R
AL E] 100%.  FHEET UL, REAE SR 3G I BT DASE R A A U

PR SZ86 — AN szi — XA, MEHR 12 4E MFCC HHIESEL, IRATE N 128 B RIEm iR 5% .
JIT LA T B SR B0 B ATE VR 2 B 9 128 IR, 1EEL MFCC A 28, shas—Mr 29 2B — I 24> R ¥LL
KEATTIR A FHR B R e, X J LRI 4 5 ] MFCC. AMFCC. AAMFCC Fll HMFCC k%R . 256
S5 RT3 Fis.

BT MFCC R &R M/RENEFEM RS R AL, RERAE T S MEIERE S, BT LR A2 T —
BB B Ehds 250 RBUBK, SIS BN A (E B R RAL B AURHIE 2 S BE I (B AR AR, BRI RN L
PRI S S RETAR BN R . IR RmT AL, B RE IR AR A — B RE IR R H TR
JAENE T PAERRRIAR S, X2 TR S A S R E R . SEI R IRATE PR, B ARAEEAS
REON— B 2277 RS- GAFBI R 2 LU A R — IR IE RECR A R BA R &, RS REC—Br
TS RBE AR MFCC RFIE 1R % 2 i 1

EHSEIG RN, 4I%HE 9 4 MFCC RHMES BN %, BEE RS R, SRR A Fritm, 1Y
B —E )5, RARRMIFIE T X EHT GMM BEELA R R MR, IR A i i I A il 4
%, H T UIZRAT 20 R B0 Bt ORI I, 1 AR S50 (R B AR X b, IR G BRI 2, & A
FEE, IS BRI ERE T M. RHES O 4E RO IR 12 4Enf, SUNZA TR MRS, 10 HA
GMM V& 128 I, 3B AF iR B Rk . i S258 = SHRRIE REUNIEFRE, 27 ZEAMFCC f
AAMFCC H#E L R 2 MFCC FRE R R iy, SR, =4 R EA-E U 12 4 MFCC FHiE, TR
HE 128 BB, XF A BIHLIT P R 5 R ) 26 5 e o

Table 2. The recognition rate of different mixing degrees with 12-D feature
= 2. 12 HEHHE, FREIRESERIRAIE

i il #
RA R 8 16 32 64 128 256
)=E=) 33.3% 50% 50% 66.6% 66.6% 66.6%
Fa Kk 66.6% 66.6% 66.6% 83.3% 83.3% 83.3%
BAT 89.6% 96.5% 96.5% 100% 100% 86.2%
EASK 63.6% 72.7% 100% 100% 100% 100%
Table 3. The recognition rate of different feature
= 3. TREFHERIRANZE
3 il £
FHE MFCC AMFCC AAMFCC MFCC-AMFCC HMFCC
V=E5) 33.3% 33.3% 50% 50% 66.6%
Kk 50% 50% 50% 66.6% 83.3%
BT 31% 17.2% 27.6% 96.5% 100%
BAE 16.6% 27.3% 27.3% 81.8% 100%
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5. 45RiE

GMM-UBM 7E Bt N IR s I RAER 2, T H ARG TR RPN RCR ,, A SCIEwam N 77 7%
MHERZIHUE FIRBI T, St T H GMM-UBM AL SLHUG A s WL & iR, 2T GMM R i I 7 5A
RUZ— R @M R, AT USRS B A BRI B GMM IR G AR, BHRAZ RS, 1 Hidd
PiFSRHw A, 2 GMM-UBM 7 FIFE R LA S A B R AT AT [, SO0t 1 B R R »
TR GRER T WU BIHLA & RRAT L, 1R m RSN 3 B AR KR F IR

B oW

ARSI TAE R AEFRM T TP B2 1 2B DS RSR VIO N e B, ™ i i RHE S R,
TR IR SRS 1, R S SRR B T A AR T bR G A 5 B 7 I S0 B B 2 Tt R S o AN 36 5
I e 35 B Rl 5% R ) 2 R 4 T H (61362031) M i 28 B 2 3 4 (2014555601 1) 5% AL S 2 B o
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