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B O E AN BETEIRERLTEFANERERFEHERZGRMA.RETET RO T HRASL MFCC 4k 2 4T
) AR 6 B AR A k. AR DNk & T HARH MFCC ¥ 694 27+ % He Ao Mel 38 0% /78] WMFCC B 1E 28, EHRBA
it sty Rk LRI B TS O Z Mo A A AT AL, LR et T e By R, LR P2 Teager 46 F H
F 18] i% A7 B 5 TR AR B AT ML 5 BB 0 MIFCC 448 A 2 ik 617 3| #7 9 4F 4 A 8k TWMFEFCC, & 6. A3 —F R IR %
Wit G e R.BET VMD AE R EMER LRk, @3 TR THIRBEL R LAFIEGRAN AR, TR0 T
HRANERERERIS,FRETERSITET T RAEZGERALTHEMEL MFCC & 13.02% . A K & T 545 2 B IZ 5 1k
TR R AR P, LA R R A R A e,

KR E AR A MFCC; ok & % 5 46 - #4% ; GMM-UBM
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Language Recognition Based on Improved MFCC and Energy Operator Cepstrum

CHEN Sizhu'?*,LONG Hua' and SHAO Yubin'
1 Faculty of Information Engineering and Automation, Kunming University of Science and Technology, Kunming 650500, China
2 Radio Monitoring Center of Yunnan Province, Kunming 650228, China
Abstract Aiming at the problem of low accuracy and poor robustness of language recognition under low signal-to-noise ratio of
broadcast speech signals,a language recognition algorithm based on wavelet packet transform to improve MFCC and energy oper-
ator cepstrum features is proposed. Firstly, the WMFCC feature parameters are obtained by using wavelet packet transform in-
stead of Fourier transform and Mel filter in MFCC. On the basis of retaining the auditory perception characteristics of the human
ear, the high-frequency analysis ability and analysis accuracy of the speech signal are improved,and the limitations of the Fourier
transform are overcomed. Secondly,the Teager energy operator cepstrum is extracted to obtain the characteristics of the instanta-
neous energy of the speech,which is fused with the improved MFCC feature parameters to obtain a new feature parameter TWM-
FCC. Finally,in order to further improve the recognition effect of low SNR speech,a VMD adaptive Wiener filtering denoising al-
gorithm is proposed. The experiment compares the recognition effect of the proposed features with the traditional features. The
average recognition accuracy of the proposed features is significantly improved, which is 13. 02 % higher than that of the tradi-
tional MFCC without speech denoising. It effectively alleviates the problem of low recognition accuracy of traditional features un-
der low signal-to-noise ratio.and has strong anti-noise and robustness.
Keywords language recognition, MFCC, Wavelet packet transform,Energy operator cepstrum, GMM-UBM
AR ZR G 0 M RR BB TR AT S B0 2T BT T 1Y
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5! SRAFNGE . IR S BOR REAR B L R AETE & h A5 S

il

Bt [ A | 2 3R A8 34 1 A W o i i AR 5 Y e
R 2R F WA R AW . 2 7 4 1 S T 74 R 3 B
54 | hd B AT AR . B T 1 R IR P R A R
B AT AR R 5 A 8 M X TRk e M 5 R B o TR L R 3R
BE S A o el 3 5 B AR T B PR B AR TR S S
A T R AR TR — I AR N A . FHT, B X
T B /N R AR BT A A A SO dlE S B T
TERP AR IR S R TT R B RIS R R A U AT 5 .

e H . = mA BRRA T A S80S TPk 4 (320225403)

TCAe AT Fh 43 260 5 &% R GE R PR REEORE AR 25 . RRAE 9 8
FERSR O TR AR R GRS R0 R g B,
TE UL 1 35 Rl GRS 05T i, i T2 A5 28 R AE A 38 R IR 51 O
T — B R U AT A 5T AT S AR I BT 5T
Fi6) 75 2 R IE A # R B R 8] 3% 2R 80 (Mel Frequency Cepstrum
Coefficientss MFCC)™) Jg 1 2k P4 i U 22 %X (Perceptual Linear
Predictive Coefficients, PLP) | £k 4 7l I {51 3% 22 % (Linear
Predictive Cepstral Coefficient, LPCC)™ | # fii 22 43 {8 3%
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(Shifted Delta Cepstrum, SDC)? 28, MFCC #§ /R 41 % 8] 3%
FRBORVLTE I o AR 0 A A RO b e R R
FERONT DIBIE R BN TE AR FERFT. BRELTT X
WIEF MFCC H51iE 1Y 3 Gl 4 ok 32 & 330 26 1 B 58
Manchala %502 F MFCC 1M i35 5 5 A9 2 P BUI (Linear
Predictive, LP) 43 #1 " $2 B Y 3t 3@ 0§ 40 & i 17 37 51,
Mukherjee 45748 H T — BT Y 35 55 — QUM IR SR 145 &
B (MFCC-2) By 4RAE , BL# P MFCC 4%k ok HA X959 iy In) 13,
Sangwan 1Y R EL MEFCC #1 RASTA-PLP(Relative Spectral
Transform-Perceptual Linear Prediction, RASTA-PLP) Filt &
RAE A P 2R 4 HEAT B, Liu TR T — Fp 3L F
CNN-BLSTM Fl i [a] 3t Ak 5. 5C (1) MFCC 2 WUy v, 3 i % )
I £ [ CHR S 5 I 1) e B 22 ) 9 36 &R L A5 BE T I TE IR R
IR IVESAE A B P A5 B . BRILZ AL RS AR B T T
03 38 45 2R 48] 1% £ B0 (Gammatone Frequency Cepstrum Coef-
ficient, GFCC) . H- I 3§ 1 15 3% % % (Cochlear Filter Cepstral
Coefficients, CFCC) M H 5 B & 5 F 8135 45 1F @b & 19 38 Fp il
S5 D B AR T HE TR AR R AR . BT
A% G AIE 48 BT Wk 76 K MR M BL 2R B R A RN RO 0RO
FHAH

ARSCHR T T AL 55 MFCC B AE i B0tk & e, 4 3%
B MFCC ZEAR A5 M H T 1 R 31 % 26 30K (1 1) B8, 1 5% 1%
45 MFCC (1 J5 B, SR Al /N A 28 e A6 MEFCC H 1 i BL i
AR A Mel JE 4345 WMECC B iF S8 RS ESHE S0 &E
353 T 8 T3 A3 BT A 0 B L T 42 IR Teager RE & 5 1 5135 , 3k
BUEE 5 MEe (5 5, 5 U 1 MFCC RHIE 2 3Rt & 15 3
BRHES L TWMEFCC, I ] VMD [ 385 b7 4E 44 U % 2 1
Bkt — A5 B TR B ROR .

2 BHARERK

2.1 INEETH
TE NG B AR b, = A O — A B R K B AE 5 ZE A I
A R R L R X S AT ST AR S . AR F
BRI AE B O B kAR e xR P R E S AL SR AR 1A R
AN AR et — R B TE AE LT R LA B 09 /0 I bR B AT
G /)N R BORE AT S S T RS R A 4 AR A R A S [ Y A
AN RO E . NI R  — RN
1 t—0b
el
JINUE AL AR B A /N Ik AR e A B Rl _E ST RS Al Y 4 iR
R, NIRRT LA I 5E Y /N I 3 kO AR R R
. U, RFEDNEEAESRN/NEaL, b ne Z, /N
e bR ER IR N
{U27,(z‘)=ﬁ2kh(k)U,,(2t/e)

G (D)= ),a,be R (1)

(2)
Usper (1) =42 2 g (OU, (2t— k)

ARG CO TR /N U 78 4 7 /N 78 5 ) R il b L 7 4
— G5 A R I IR D g AT ] AT R — 2B
itk DT 382 {18 B 22 9 I 430 /5 38 5 2. 38 B 3 3o #e /MR AR o 2K
38 Ve £ B 0 0 ik B AR .l X A O 5 AT RUAR B AE 5 1Y
e ARV A 3 D 5 O O B R AT 0 i L AT AR A5
Cib 3N ERE iR E

2.2 it MFCC 2B

I MFCC Ry it 72 52 X 18 & 5 5 1500 2 {8 B ot A8 4 15
FNIR A5, B T — 41 Mel U8 U 4% 9E 47 38 0%, FH /D % A AE
30 ke BOAC 3% WG A 25 B8 L 4 1 B 1Y R AE 2 80 WMECC (Wavelet
packet transform Mel-scale Frequency Cepstral Coefficients) ,
PR A 1 PR DR ERIN .

cCash) = Jf (Do, (Dt (3)

Ho 2 ORFIRE S ¢up (O R/ RE,  fRR /N
OMEIE TR R B RN T SRR AL E . /D
WAL I3 AR I A — 1Y L R R R A

#sigl— fiwg — an o ma }—‘
'
N }—» - §i|—>| DCT |—>| V\'MFCC|

1 WMFCC #& B #2 11
Fig.1 WMFCC extraction process
1) 7N A 78 48 o ] 5 WU A 5 AT /N U A AR 40, 75 B /N i
5% E.. . B FHifes P, Mitah.

Pi==
Horp o OM r XRLER L A TAR A - DN EEREGN, L
AT NN R B A B L Tl R

DB H XA TR AR P, BB R S e
B

=1,2,+,L €Y

Q =logP,,[=1,2,+,L (5)
3)DCT 78 . Xt Q, 47 B B Ay 5% 78 e, ke 5 2] 1L 4
25 [8] .
. A 7 L (j—0.5)\ .
Coniree (i) = /ﬁjéQLcos(w)’,:1,2,...,1)
6)

A I A5 30 38T 19 4R AE 280 WMEFCC, Hirp D 2 WMFCC
AR AL E N 12,

AR SCI I R I R 5 ORFESI S R 16 000 Haz, BV AR 45 43
4 W R s T L 5 0 AR R S 8 000 Hz, 3% L /N A2 43 A 1 0 3R 9
FEl 2 0~8000 Hz, % FH db6 /N 34T 6 J2 40 f . 3k 127 A5
R MR R Y A 20 R H 24 AN U Dl R B /N AR e R
R L o A g A R U O A £ L X 23 R Y T R B AT R )
JEUR B BUR 2R B 24 A /N DA 43 f T A5 R /N B AL R, A
B 2 B

1)

21 22) 23
3 (32 (33) 34 35 (38 B7)
40 @ “2) @3) (44)  (45) (4,6) (4,7) (4,8) (4,9)(4,10)4,11)
(50) 50 (52 (53) (54) (5:5) (5,6) (5.7) (5,8) (5.9)

6,0) (6,1) (6,2) (6,3) (6,4) (6,5) (6,6) (6,7) (6,8) (6,9)

B2 /N AL i
Fig.2 Tree of wavelet packet factorization
AN, A3 R R R A AN SR 1 RS % T RE A AR R Y
R B, W A1 19 B 12 U 2R 0, 4 B 7l i 98y 125 Hiz, IR
RRITL Bt B AR 2 1) /N I8 22 880, 3 B4 4 38 4 250 Hz, T A K

231000065-2



R AT, 45 L BT R MFCC Al

alb =

He B

B {8 5 9 5 )

PRI AN 2R TR . 78 TR B S Mel RER
B4 O AR DE P 24 P B/ B L Tl 26 BT 24 W BE Mel 3
Peas AERE R WA R BB L T EE 1 T

1 NIRRT A

Wavelet packet decomposition node frequency division

Table 1

F 5 TR M B /Hz  H 0 E/Hz S H %/ He
1 [6,0] 0~125 62.5 125
2 [6.1] 125~250 187.5 125
3 [6,2] 250~375 312.5 125
4 [6,3] 375~500 437.5 125
5 [6.4] 500~625 562.5 125
6 [6,5] 625~750 687.5 125
7 [6,6] 750~875 812.5 125
8 [6.7] 875~1000 937.5 125
9 [6.8] 1000~1125 1062.5 125
10 [6,9] 1125~1250 1187.5 125
11 [5,5] 1250~1375 1312.5 125
12 [5.6] 1375~1500 1437.5 125
13 [5,7] 1500~1750 1625 250
14 [5,8] 1750~2000 1875 250
15 [5,9] 2000~2250 2125 250
16 [4,5] 2250~2500 2375 250
17 [4,6] 2500~ 2750 2625 250
18 [4,7] 2750~3000 2875 250
19 [4,8] 3000~3500 3250 500
20 [4,9] 3500~4000 3750 500
21 [4,10] 4000~5000 4500 1000
22 [4,11] 5000~6000 5500 1000
23 [3.6] 6000~7000 6500 1000
24 [3.7] 7000~8000 7500 1000

2.3 Teager fE 2 & F &L
Teager BB 5T T J& Teager $HH M—Fh AR PEMR S50 F
Kaiser X} H AT TIE 0@ CRE A5 B F T LA
R b A A SV IR I B
X FiiAMGS 2(n) . Teager BER T T LM -
Yz =z ) —xn+Dx(n—1) 7
A SCEL IR TE M R PR R HEAT R SRS 2 Go T L
AR NEIREERES s 5EYEMREFEF S oG Z ML A,

x2()=s5(n) +wln) (8)
() Teager et 5 F Al LIRIR N
‘If[f(n)]=‘If[x(n)]+‘If[a)(n)]+2ﬁ/[x(n) yo(n)] 9)

HA L U0D s0() HE s() 5 GO Teager i€ . HA :

\}’[S(ﬂ) y o) |=sGDw(n) —0.5s(n—Dwln+1)—0.5s

+Daw(n—1) (10)
T sGOM wG) IR % HPH A E 0, B
E{¥[s(n) w(n) ]} =0 an
T
E{v ]} =E{¥[s() ]} + E{¥[w(n)]} (12)

— BT . 5RIGIE S Teager fig i AH L, B
%) Teager At 7] LA ZWE At R vT PAFS 3] .

E{¥Y[ () ]} ~E{¥[s() ]} (13

H AT UL, Teager BE & 8 1 1T LI BR 25 359 i Mt 75 0 52
W Lk B TR AR A H Y

£ 3o T B T A5 S AR 2 (7D SR B LR A R SR
-1 Teager AT I — {4k 21 I HOR s 2 .

A
Y x(n) J=log{ ¥ x(n) ]/max(¥[x(n) D}

ab =L

HE &L »

14)

ab

SRJG PEAT DCT Z8 e FoR ¥ E 15 3] — 4 Teager BER A T
813 28 TEOCC(Teager Energy Operator Cepstrum Coeffi-
cient, TEOCC),
2.4 HEMAE

DAy i AT R R U R E L AR SOf Bk 9 MFCC
AL R AR 28 P BE 4 R AL HEAT RS 78 4 BUEE T /N Dl A0 78 B
#E MECC $#1E WMFCC 9 5 fili 1 i A B W £ 5 B i 22 b
i) Teager fEH 3 T3 2 5 TEOCC, 14 5 il 4 4% iF TWM-
FCC, ZAFMELECR B T AN H- W 58 B A5 v iy B it F 48 T 1735
BAF T 0 0 A RE I AL RS R, B T BRI e
AR I RETE — AR L IR, T S T A b A
BRI

3 ET VMD B Bi& M 4 8 K K 1R

1 35 N7 4 29 D D B vk A AT e MR Ak B, 7 B O R o
FIRMES zGO W RTBIE m, FURTR T 2% oF 8% U I 4% 1Y
B th, B MEEME S ARG R 5 Z BB Jrig ., B L
FRAEAR 5 19 JR) AR GE AR P HE AT 3 L 8 08 55 2 R R AR
W, AT DR B TE 2 J5UIGMR 5 AR AR RRAE . 1 3 N 4E 4 8 ik
MR,

BT BT R

() =sn) +vln)

H,sGo RFIRIEEES 00D B,

AR S B A MR RS R T AT A ST RN PR R 0 ()
ME A, TT 2R o WL R RE T L

(15)

P,(w) =0 (16

B —/DNRIEEFES  HPRERS 20 R PR, F
B LIRR N

x(n)=m, to,wn) 17

Hobom, flo, & x G By Ja) 3B ¥ 08 FUbR HE 22 50 () Y {E

R A R, WL, B ES sGo W FEH{E m, %
Fm,.

TE X — /NBEE T P 2 90 08 2% 0 A% 3 R BT LT LR

Pl
Hele) =50 5P () ot to? (18)
28 (18) AT DAAS: 2] 45 40 0% Ik 2% 6 Bk o
_ o
W =50 () (19

i 2 (20) , % B B R 915 152 S Go T IR R .

2
oy

A
s(m)=m,+ (x(n)—m,)

673+035(n)
=m\+g‘\20T:ai(«r(n)*m\) (20)
WRAR B m, Flo, FEREAET /DB RE R B4 .
§<n>=m\<n>+%<x<n>—m\<n>> 1)
BT i DLl 2O m, o FIRWF .
A _ 1 e
mA(n)ii(ZA‘Fl)/k%iAI(k) (22)

Forfr, C2A 1D Al B v T A o BB
N IR S RGN EIRE SRR A o =0l +ol Wk

Ve
if 62 (n) > 5>

A A
ci(n)—o?,

0,

(23)

A,
ol(n)=
else
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N ’
o.(n ( ) Z:/\ x(k m,\n

WO B T AL R B TR RS R
ARG IS N IR AR . BF S BORTO % O v 5 AL G A ah Uk
T2 Bl 3 R /0N I 2 W R L L A M v 0 R R R R R
i 00T S HUR T ARAT I R

Jo VAR G AR RRAE S Y R ROCR AR SOR B TR S
43 f# (Variational Mode Decomposition, VMD) B H & )/ €
P, H A VMD 4 55 8 38— R R o
B A DA 5 TR 3 07 D I X 5 AR S A o e
13- 308 P S5 B RS 43 5, 3 Jm X ORI S BB A i i AT E A
B EMEMIEEES.

4 GMM-UBM &%l

/5 HT IR A 8 8 (Gaussian Mixture Model, GMM)! g —
b 22 2 (%) ME 256 % B pRB, 1t 22 1 B B %% B 43 T (Gaussian)
HEAT LA S A L, A R v 5T 9 B 0 A PR R — A R R
T TR A AL AT LU AR (TR B 85 43 A . 1B AR g
SRR 24, ok AT B R 2 ik b AT LA TR A AR i
ARG Hb R R TR A A R . SR, R RN O B A ST R
Wi R %05 5 (5 B0 GMM BRI 35 2 R 48 (915 & Suils & . 3%
Fub 2 W T A 5 AR B (Universal Background Model,
UBM) ,UBM # 8 A 57 b J& — > KB GMM L8, 76 & T
GMM WM R G, B—MiEFHA A C K GMM, i
ST SRR GMM R G0% BT A 18 5 4 B — 3 SR
LR GMM 8B5S UBM. )\ UBM Ht H i& W 15 2 45 Ff i
FHEM GMM, %k UBM BERI S R Q0N . 1 el i &-
mean B35 %A T S B0 AT 0 IR AL T G EMOSR AR
Wr.459%) UBM #85 , &> HAR i Fh L8 2 78 UBM £L8L 1Y
AL E R A% B 0 RO AT EE N

GMM-UBM #& 8 J2& 15 35 4b B A 5% rf 8 i 485 2R 51 5
T 0 HR T SOAR T8 56 Y U R IR BN 5T R R BT
PO S . GMM-UBM #6221 1 B 7R i #2 an /&l 3 JUim o

g | . JI4UBM | 5| 45

2 ' A GMM #
e lall MUBM # # B HAER T4 | REEH
WS E A | AEEE [ ] Hk ’

E 3 GMM-UBM #i#l
Fig. 3 GMM-UBM model

5 ZWIRITRERSN

5.1 HiE&KERMEEITENIER

AR SCHIF 24T 55 R IR T S8 B i 3K TR ol B ST R
SR R 4 A B e B T AR RO R S A
BT = 05 M DX A AT R SR U R BB RS SRR . A
BRI RN RAR A 2 BUE A R I A B S TR s AT i
EO o A 6T R A R AT O L L 2 R S AN AR
FrBe W E] AR A0SR IR OB . BEANE 4 2000 &,
GE— KL B SR AL AR 16 kHz S 16 bit W < 3 HYFFEIE wav

T, T O T I ST 0 R X R R A S L B T R T
TR L A NoiseX-92 24 H B 77 Hh (16 1 M 7 Sy B 75 5
I T {50 H 3 5 15dB.10dB,5dB,0dB, —5 dB A4 1 i
wiEe, Hh BRIES B ER LA A 14100 FUI4ERM
600 Z MR A 18 3 SCHF. ISR A A0 3 4 0 F B n 3% 2 A
% 3 5,

# 2 INGE

Table 2 Training set
%%/ %
B -
E#E¥F  15dB 10dB 5dB 0dB  —5dB
Eg 1400 1400 1400 1400 1400 1400
i ] 1400 1400 1400 1400 1400 1400

o 1400 1400 1400 1400 1400 1400
FHE 1400 1400 1400 1400 1400 1400
*iE 1400 1400 1400 1400 1400 1400

#3 MikdE

Table 3 Test set

& U
Fi#E¥F  15dB 10dB 5dB 0dB  —5dB

* #t 600 600 600 600 600 600
9 ] 600 600 600 600 600 600
] 600 600 600 600 600 600
o 600 600 600 600 600 600
®iE 600 600 600 600 600 600

AR FHNIST T o v 1 22 38 R 15U IF 4 28 45 g 3T
Hrdadr, HaRik .

IR

ACC:’ZT
Horfr R AR FP S0 AR A, N AR A K
5.2 XWiEHRERSM

AT R R H MATLAB R2020b 7E 5 1K & , 30 UE 4
SCHR H Y A R R 2 R B 9 A b

SUG 1 BUEJCMR S BB R AT RS A A At . H Al
W Bl B MFCC . MFCC fin = — B 25 73 Al — B 25 4 (MF-
CC-Delta-Acceleration, MFCC-D-A) , WMFCC, TWMFCC j%
4 FREFAE , 1 A GMM-UBM #2898 77 Y1 25, % Lo ) 4 45
Ji T v R IR A i R AN SR 4 BT

A SR I RN B R

Table 4 Accuracy of original speech language recognition

yi=1,2,,G,G=5 (25)

(%)
, ER FH R A
RESH — 0 mm R RAE  AE  A#%

MFCC 72.11 72.52 69.16 73.18 86. 28 74.65
MFCC-D-A 73.58 78.54 74.61 70.73 84.13 76.32
WMEFCC 75. 64 80. 67 75.35 78.75 88.50 79.78
TWMEFCC  78.86 82.33 78.00 80. 33 90. 83 82.07

2 4 AT AR SCHR B TWMECC $5 411 5 23K 51 5 %
LA R MFCC $RAF$2 /T 7. 42 %5 3 T /N I 40 48 e 19
MFCC ##1iF WMFCC 7£ Jfi MFCC {9 55l 14255 T 5. 13%;
WMFCC 5 TEOCC fii & 1% £ 5 TWMFCC H #— WMFCC
LT 2.29% 0 /NI A AR e X 1 B4 b HEL T S 40 B, O K AR
BE LR B TR R MEFCC 51 AN 45 #4551 1) WM-
FCC #H-IE % 45 Fh i 5 09 3R 5 R ¥ ¢ MFCC A 1R K #& 7t
Teager BEIt B B 115 ¥ 5 5 19 g 12 28 e, %) 15 A iR 0 o
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WA, 45 B T ek MFCC FRE 3807 (80535 A9 18 Al 1

TR

LI S5 R B X T Al s, AR SO I A TWMECC
PR35 5 MFCC 91T BB R5CH FH 7 Rl 2L 0 v i 2R

SIHG 2 BEAE MRS IREE R AT SR AR A A . KR )
17 W b P4 Y W 0 o 42 AT RRAE SR B, 43 8] MFCC, MFCC-
D-A, WMFCC, TWMFCC 4 FHEE , i A GMM-UBM #2 2 if
PN, % e A A5 R . R M R VMD A i B 4 49 %
PR MRS P07 T 4 A 2 B, ) B 4 B 3R 4 R ARRAE X HE
TRAE R R I I R R R R SR 5 A

5 METE T R R o 5

Table 5 Accuracy of noisy speech language recognition
%)
i v 15 %t /dB T 337 5
BESE ’ TR
P 15 10 5 0 -5 2 ES
& 68.33 50. 60 35.78 23.86 20.67 39.85
MFCC
= 72.75 68.33 63.15 58.74 48. 89 62.37
& 71.50 53.52 38.10 26.53 22.46 42.42
MFCC-D-A
= 75.53 69. 85 65. 26 60.50 51. 80 64.59
% 75.36 58. 80 50. 36 41. 60 30. 56 51.34
WMEFCC
z 78.23 72.82 68.50 65. 36 57.16 68.41
& 77.20 60. 66 52.15 43.02 31.30 52.87
TWMFCC
£ 79. 36 75.13 70. 26 68.16 60. 05 70.59

H 2% 5 Al UL, % Tl el 3, AR SCHR B TWMEFCC HHE
SHAEIE R P SR B B A U X HOAS TR AR AE S
BB RN R R AT R R AL M E LT, TWMFEFCC
FRIE S 800 F 35930 51 R & 5 48 MFCC & 13. 02% , WMFCC
FRIE S 800 B0 R Bt 58 MFCC & 11.49% , BLF B i
P P B 5 A AT T 25 AL B AE BT, TWMECC $R1iE
S0 T B IR B R L g5 MFCC 8 8. 22% , WMFCC $3 i
B0 R B R B AL B MFCC 35 6. 04% . X o Al — 4 F 2
BOAS E) 5 M LU T 0 DR 0 0 %, Y (5 B LU AR T 5dB AL 1R &
1555 B 7™ 3, 35 A IR 2% B {5 MR b I IR T R I B IR
XF L VMD  H 3 5 2 49 08 5 5 M Ab B R S B 35 AR 0 2 R
Tl R AIE 25 500K 7 IF A [ 0 Ak T 0 591 o 1 SR A5 SR AR T
VMD [ i B 45 40 8 A 2 R bR T i R MR R L AR K
R LR JE T i R IR 5 B 3T T B A U AR .

LY S5 SRR B X Al MoE L AR SO i TWMECC
FRIE AL 58 MFCC R AE REAG AL THIE A BB 36, A 5
FERYHU MR BE s A SCHE L A VMD [ 33 I3 2 94 U8 0k Ik Mg 3, g
AR R BRI R SRR R TN AU .

GERIE X RE R AR S RS M LR R R R ) v %
IR0 A 22 09 TR A, AR SCAR L T Bk T /N I A8 #8e 0 3F MIF-
CC HRE L5 T B4R AF 10 05 MR I 0k . IZARIE IR R T
TS % 0 T 1 S Bty 1 3R T T I AR T I R A4 AT i
ARG 00, X85 A 8 R RE 1 0 e L 38 B AT — S R T
PEBE . ik — B4R TR A MR T AR IR LR I T VMD
[ 3 RO 2 4 % U 25 MR vk L SIR N L T A% R AIE 19 R 5 3L
B BT IR A AR T AR SRR AE AR AE M 1L T R AR R
IS A4 T 80, FLELA 50 0 (0 P M e A b .l AR S B A
BE X [ M P T HEAT , LN I A AR 4 3 KT R A 4R T AR
B T R R TR B 0 7R SR R B A b L T LI A Al R 2
W P AT SY O 3 — 2 DR AR B LR THE R R SE i 52
R,

[1]

2]

(3]

[4]

[6]

[7]

(8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

231000065-5

2 % X M

LI H, MA B, LEE K A. Spoken Language Recognition: From
Fundamentals to Practice[ J]. Proceedings of the IEEE, 2013,
101(5):1136-1159.

DESHWAL D,SANGWAN P,KUMAR D. Feature Extraction
Methods in Language Identification: A Survey[ ]]. Wireless Per-
sonal Communications,2019,107(4) :2071-2103.

SRINIVAS N S S,SUGAN N,KAR N,et al. Recognition of
Spoken Languages from Acoustic Speech Signals Using Fourier
Parameters[ J ]. Circuits, Systems, and Signal Processing, 2019,
38(11):5018-5067.

TAWAQAL B,SUYANTO S. Recognizing Five Major Dialects
in Indonesia Based on MFCC and DRNN[]JJ. Journal of Physics:
Conference Series,2021,1844(1):012003.

GUPTA J,PATHAK S,KUMAR G. Deep Learning(CNN) and
Transfer Learning: A Review[ ] ]. Journal of Physics:Conference
Series,2022,2273(1):012029.

BISWAS M,RAHAMAN S,AHMADIAN A,et al. Automatic
spoken language identification using MFCC based time series
features[ ] ]. MultimediaTools and Applications, 2023, 82 (7):
9565-9595.

DEEPTI D,PARDEEP S,DIVYA K. A Language Identification
System using Hybrid Features and Back-Propagation Neural
Network[ ]J]. Applied Acoustics,2020,164:107289.

ZHU J,LIU Z. Analysis of Hybrid Feature Research Based on
Extraction LPCC and MFCC[C] // 2014 Tenth International
Conference on Computational Intelligence and Security. 2014
732-735.

TZUDIR M,BAGHEL S,SARMAH P, et al. Analyzing RMF-
CC Feature for Dialect Identification inAo,an Under-Resourced
Language[ C] // 2022 National Conference on Communications
(NCC). 2022:308-313.

SUYANTO S, ARIFIANTO A, SIRWAN A, et al. End-to-End
Speech Recognition Models for a Low-Resourced Indonesian
Language[ C] // 2020 8thlnternational Conference on Informa-
tion and Communication Technology (ICoICT). Yogyakarta, In-
donesia:IEEE,2020.1-6.

ALKHATIB B, KAMAL EDDIN M M W. Voice Identification
Using MFCC and Vector Quantization [ J ]. Baghdad Science
Journal,2020,17(3(Suppl. )) :1019.

MANCHALA S.KAMAKSHI PRASAD V,JANAKI V. GMM
based language identification system using robust features[ ]].
International Journal of Speech Technology, 2014, 17 (2): 99-
105.

MUKHERJEE H,OBAIDULLAH S M,SANTOSH K C,et al.
A lazy learning— based language identification from speech using
MFCC-2 features[ J]. International Journal of Machine Learning
and Cybernetics,2020,11(1) :1-14.,

SANGWAN P, DESHWAL D, DAHIYA N. Performance of a
language identification system using hybrid features and ANN
learning algorithms[ J]. Applied Acoustics.2021,175:107815.
LIU X,CHEN C, HE Y. Temporal feature extraction based on
CNN-BLSTM and temporal pooling for language identification
[J]. Applied Acoustics,2022,195:108854

LIU J,SHAO Y.LONG H,et al. Language identification based

on GFCC and energy operator cepstrum[ J]. Journal of Yunnan



Com puter Science THEHLES Vol. 51,No. 11A,Nov. 2024

[17]

[18]

[19]

[20]

[21]

University(Natural Science Edition). 2022,44(2) :254-261.

SHI Y, BALI J. Speech recognition combining CFCC and Teager
energy operator cepstral coefficients [ ]J]. Computer Science.,
2019,46(5) :286-289.

FAROOQ O,.DATTA S.Mel filter-like admissible wavelet
packet structure for speech recognition[ ]J]. IEEE Signal Pro-
cessing Letters,2001,8(7):196-198.

PREAUX Y,BOUDRAA A O,LARKIN K G. On the positivity
of Teager-Kaiser’s energy operator[ ] ]. Signal Processing,2022.,
201:108702.

ABD EL-FATTAH M A,DESSOUKY M I, ABBAS A M, et al.
Speech enhancement with an adaptive Wiener filter[ ] ]. Interna-
tional Journal of Speech Technology.2014,17(1) :53-64.
DOUGLAS A R,RICHARD C R. Robust Text-Independent
Speaker Identification Using Gaussian Mixture Speaker Models
[J]. IEEE Transactions on Speech and Audio Processing, 1995,
3(1):72-83.

231000065-6

[22] REYNOLDS D A,QUATIERI T F,DUNN R B. Speaker Veri-

fication Using Adapted Gaussian Mixture Models[ J ]. Digital
Signal Processing,2000,10(1/2/33):19-41.

CHEN Sizhu, born in 1996, postgra-
duate. Her main research interests in-
clude wireless signal processing and

language recognition.

LONG Hua, born in 1963, Ph.D, profes-
CCF(No.

B3460M). Her main research interests

sor, is a member of

include Audio signal processing and

analysis, big data and wireless network.



