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{ the SpeakerpReeognition ( SR) system, the authors

Abstract: To improve the calculation speed and robust
proposed a speaker recognition algorithm method based on_uttehante J¥vel Principal Component Analysis ( PCA), which was
derived from the frame level features. Instead of fram 1%&}1 s, thiflalgorithm used the utterance level features in both

lso used for dimension reduction and redundancy removing. The

noise on speaker recognition system. It verifie

e algbrithm based on utterance level features PCA can get faster

training and recognition. What’s more, the PCA metho
experimental results show that this algorithm no a little higherjrecognition rate, but also suppresses the effect of the

recognition speed and higher system recegni rate,/ and_ft\enhances system recognition rate in different noise environments

under different Signal-to-Noise Ratio (SN onditions?
Key words: Speaker Recognitio

system

0 5%

EE IR 238 BT AL E F 217 1658 T S 3
AN T XRE S R B AR B AGEE 15 F RS RIS AR
B8 AR B IE O AENU 3E A IR B ( Speaker
Recognition , SR ) $ AR 2 — FARETE & 4 R IR 555 A4 31T
RFHERTEE S8 SR A TS A F B R, H oG8 A
Z— R BHE NGRS RE S R ARSI R
GeH TG B S 80 3 278 1 /R B R 40 ( Mel-Frequency
Cepstrum Coeffidient, MFCC )1 | 4% 4 Hi Il Z& %K ( Linear
Prediction Coefficient, LPCC) " LI R ENTHIA K, K THRE
FRAE R AT R , A A SRR IE AT IR AL, B E 0
B, X FERESHCRBRR N T FiEEmiEE,

AL FEMFEBAT , 7B BRI R B B
BEREBHFENES RGBT S AR REENGHFR
AR TREX AN E FHET B, W HR A
ETFEEHAMEIE ANRAZ B ERBRRAURIFEIEER
B P B AR B TE S ARSI USRS R A S B

s B A :2013-01-18 ; (& [E H #A :2013-02-18,

TEBR N AEE (1985 - ) , T (L5R) \ERA LS4, FEFRT M S
W (1977 =), B ER A, BIEER, W LT &, FEHFF 70 UYL

U, e, EEBRTT 0T AR A T RE RGHHR S e
B MARB T RS

; nemelinearpartition; Principal Component Analysis (PCA); speaker recognition

FIA T IR sz R 5 4 8 3E 4R ¢ 4> B ( Non-Linear
Partition, NLP) AR . SR, TESL 4 - K I, NLP Jo ik M 5 38
ARG B R Y, R A S Z B RUD TR, o B R e
Pegga™  SCERD 1] AR T — Rt A9 NLP J7 gi——3k
TR IEE & 4 Bt #1 ] ( Mahalanobis Distance Non-Linear
Partition, MDNLP) , i 120 X% 73 B HE A7 o , 38 175 T 40 By
BHEME NEEPNBNTILRA RFM S8 P EETX
MR EIE AR R AEE THET &G T AMEFKE TR
A e IR , IR T I MR SR . SCRRL 12 ] A i
T —FhE 19 3 TF 3 1 43 43 ( Principal Component Analysis,
PCA) BYTTE A TRAN 7 ¥ , 1% 5 B TE MR 4 A e BURFALE (B 5T ok 3
RE B TERIE S 100% DL FRHE(E ., XARRIRE SR
AN ATHEAN MEFIEE R, S ETFHIESHR
FERGLT U1 AR MERRAE , T BT B R RIAR , A
XEETHEMRAE, B T — M ET BRI 8520
KRB ARBIE R, BEEFANT

1) EPIGRA R B B, LB R AE B T AR 1IE , A 3K
HEH A S, NI E R ;

EE&MB  ERHPE A RABEES T B (cstc2012jjA60002) .

B (1955 - ), 55, AL A A B8, B LA R


http://www.fineprint.com

1936 SR A

533 %

2) FIFAHT PCA J5 353 Be R R AE BEAT IR 4E . £ AR 26, 170 ]
WA X B IE AR RERTE I, IR RGBTk, R R
B,

EELERF R AR R RA T RE IR T BUR
T REREIR BB RE , [F] e 78 A [ MR A5 3R 355 R R 15 1R L 1
UL T3 LR R GUIRGI R

1 HFBARNELES

EEPRKHEL R R T 3 &0 (5 L # ( Dynamic
Time Warping, DTW) B35 A B ZiRM RS E 5, A
TEHREAT 8 kHz RALFH 16 bit KEAL, 35 YL ZEE BT# 20
A R K B3 o $84 WF 17 ( Finite Tmpulse Response, FIR) FF i
IR AR HET T DUR S, A5 F — B s e as AT U, A
TR RS & B, K15 520 B 32 ms 25K T, AR 4P i (5] B
16 ms, TEVEEHATALBERT, 40 A7 208 BE AT o Uk I,
RJH 24 4Ef) MFCC $71E, 7EHEAT PR UL L B9 i) i 65 78 2 e
L5 R DTW J7 3 SEARF 5| #E 47 IL AL, JF TH B L A5
a3 ARG 23 A0 BB B AE X R/ SR RE R 5 2R

2 BT BRREE AT ULTE AR F %

2.1 NLP 4B
Lo BB IR IE AR e e 9 Bk R 40 ok BR B 3%
Ao BIEESTERE LAALBR NLP B0 KER

KR, 7ERT NLP RIS ARSI R G , RIE 5 B
RN KGRI — o 5B B T35 P 7 R
B NEEE /N T RBURIBE R R NSRRI S B
A TR o2 (6] %Eﬁgéﬁ%ﬁﬁ‘@ﬁ
et 9 57 Be AL MDNLP 4%%—%1’5%%5‘#5 o 5tk
3T EHE S A T o BfEs e A3 el 2ot B
Nl MDNLP,,

B —BOR &R M BT, 5 — W ML Y x, (1 <
i <M), WXTRIFHERS) X = (xy - xgONESGE T FRE AR
WAFRA x, M x., ZIEIEER

K
d, =d,(x,x,) = ;[Wk(xiﬂ_xfﬂ)]z slsisT-1

(1)
ol W, 9 TREAE RN IORUE, & RBEBK
o ASCHRILE QN DRIE W, = ko BT HRiLBSR
525 SR TGP AN s, I T
. = {(s'i L0, (s, -s') >0 2)
0, Hott
Fobs s = o0 dys i B SU] Z AR, M

AT BN B I TERE, s B o MIREFTA s 11y
BRI s, Bk, MRS | BUATIE 22 S, 3%
A AT R — BN SR
2.2 PCA &4

PCA 2 —FIERI IR 2 B/ L b MR e e ™
PCA Bt HL A A5 A 1 7 1) 1 038 b AR 2 25 4k 7 1) b 1 5
S AELNEL, BT E FHRAG BT BN
DB [OPARE St € M EVE =Y R AT d AN
B F25 IRI$% 5%, PCA 358 T AR ER AR, Bk, 2

i1 PCA B4 3R FHIESS B R, A IE IR B RE A R AT
JGEN BT EF K S RRBD . 550, W TR ERE
RIS A L R FRAE , 03 PCA B4, s i
HaENRBERR  FEWRENSEEBRR T, Bk, PCA
B A R ThRE. B2, 55K PCA Bk BB K
AR (LT N YRR AIE 2% B A A 2 17) B S 0008 R AT MR 4, T W
FIRFIRFRHES SN BTS00, X B R A PCA
Bk e B BURRIEAE A BURRAE (B 5T MR 31 B R AR TR R K
F 100% i b RIREAE{E

Bx(i) = [ay .05, ax]" N K WIS FHE ) B4R
MIBRARIE , Ho P, o, WIBASIE. X = x, %, , -,y NN
EENBIUFESE, N RREH . BRMET B YU AL
ST R ULE AP AR T

D) HEREABE R R p;

N
w; = ;X(i)j;j =1,2,,d (3)

;H\:I:PM](J = 1929”'9d) %%—?ﬁmﬁjﬁmﬁo
2) HRBRFFIESE X Hoth RZERRE S .

.s=j%§§xu>—u>%xu>—n> )
AR SR EUMEF. # 4, >

= W

- )\dy *r’:ﬂﬁﬁ@ﬂ‘]ﬁﬁfﬂ% W, 0, W0
\}3) BT TR IR k. ERUA TR
) PR

FE N B X E— B BB WL DOV BRI 1) Y
GAIR BB B K ABL RO TR KB T30 48 , AR KABTRY T

d
AN/ Y N i=12,d (5)
j=1

LR BLRSS  ER TTIRR . R TTRRR MK (6) B
2

H = (ZA)/(Z)L) (6)
Hrp H 525 i N FESH BT,

T 2 AT 100% 1 2R SVE R 3T R 1E
R (BTSN ¢ ), W ¢ NFIE ) B4 R S s I
W

W = [wl,wZ,"-,wq]T (7

5) WA BB AREAE AT R A A0, AR B BE R B
51 .

Y=W-X (8)

FBRR RS Y(i) WAL ¢, K3 T 4R
KHERE .

3 LRWERERASMN

R PR T B HE F 070 B v s AR R SAE R 4n
B 1 iR, TEEF, F(Feature Vector) R L 6] &, NF
( New Feature Vector) FR%1T MDNLP 43 B2 F1 PCA 3 i =48
BEBTRIRIE A&, W SRR B 5, M (Model ) R I 2575
BB AR, B ATEE S0 T BFIRHAE SR BUS 15 8 i
RIS RBAE , SR)G F MDNLP X% fE 48 317 20 B, 18 3] BR 4%
FRAESE . TEVIZRRYBE, i “ PCA . B E BG " Btk T R AR IS
W, SR E% WA PCA  FRIEAR {5 BB, 18 21 37 O RPAE 1) £
FP 3, T FH BT A ARAE 1] S YN ZRIETE ABES, B el I ZRir i 1
TENEB AR TS N AR AR R TP EE D . TEUEE A
TR B B, K BRI 1E 3 s A “ PCA . BRIE AR " A B | ] Aef
R PR U A Z AR o, (R AR ALE 1) 2 A A5 B 2



(Pink) 27 F1 Volvo M s, ZZIGHY PC BB N : Pentium Du

%79 R R T RAHIEE R A AP Sk 1937
R BRAORHE (B, SRJT , HE B B0 T SR G B A TG Bt 53
HEHe, 5 R A0 B A M AT DU TS, A8 A 1 N m VCNLP:
FRIE ARG, B BRITE IS AENE, K = S;ﬁg*
] 5 o £5
RN R §= |
%% N %I EERGR
AN Ty B
o T T {EWRLL/dB
lE B2 White 5T FYiRAILE R
PCA: w 91
A sERE
90
MCNLP+
- © 89 ® peAFiiE
;jirgs ] B 144RCA
2 & §; = [z K ge % & MDNLP
s o O R e Y R 36 ii%s;. 8BRS
= 1= (5 (5] R B
i 8 15 10
e 0 A VRN N f5MH/dB
B 1 BT BGRHE M Miiia RS R G HE R B3 Pik MR
B B G H— & 28 ARTEREE, AL 20 KiF 9
F EAEEAETHATA, MK 2, BT HEIE, K e = MCNLP+
10 452 AT, 10 2 A TR, T T 5 RBEE SR PCAHi7i:
WA —3%, REEZRY 16 kHz, R A 8 bit 54k, MDNLP 4B 8 {&4pcA
5b% 4 B, Hol PCA BE4EM 24 SERER) 16 4, W FERA  _ 83 B MPNLP
Nmamtw@%ﬁ¢m¥ﬁ%%9mmw@%wﬁ<§§/w 0 #ERG
83

Core CPU E5800 3.20 GHz,1.96 GB 77,
SR E T ROMEREN SR R sk 1 E?/%\A'EE

UL, L3 T BRURRAT 32 A 507 10 B3 AR i
ARSI RIS AR B R G RGR B 2 T4 )=
#EAT MDNLP 43 BR RIS 40 PCA [ 4k 1 7 0> BN 4 3 Al
WA T RIER AR, ETFRAR S35 BB
AT 1 U AR B 2R 6 U 4 R R R 1

47.8% , M ) 45 5 N FE 4k R LR 40. 0% , [Nl B 2
WA PR o

R AEEE T RGN
o ALY B ,
witn el e SO
R ARG 2.97% 1.004 88. 89
MDNLP 17683 0.503 89.10
455 PCA 1642 0.449 88. 86
MDNLP + PCA B iE 1.421 0.405 91.82

R TR R T BSOS 3 A BT RS AR BB
HOE AR B RO TE B S AT SCIO B SRR 2 ~ 4 TR,
2 ~4 AT LA AL R 1R AL Pink WA ERES T, BT BYR
L £ A AT RO DA AT B R B A B R S5 21
%% PCA Wi iR B R SRS, B FER R G L &
MDNLP 53 B H0iR B R 4 ; 7 Volvo MR IR F, B F B 4
1E BRI B ETE AR B BT AR B R AR B
FHB=A RS,

4 HiE

AT AT B E B P B, 3R T —Fh I B
G £ R T BE AR B B, T4 R, %R
BERE ARSI R RS T RAETRE, EATE
S AR B RS

10
f5Wtt/dB
4 Volvo M T IR

SELH

[

[2]

[3]

[4]

[5]

[6]

[71

[8]

[9]

. EHFHEAR S AR R REE]. FEHAYIZSE
R, 2008,4(2):48 - 52.

RINE, A PUEARAEE Skl M] . JEat AR
fR4L, 2009:3 -3.

HUNG W W, WANG H C. On the use of weighted filter bank anal-
ysis for the derivation of robust MFCCs [ J]. IEEE Signal Processing
Letters, 2001, 8(3): 70 -73.

HOSSAN M A, MEMON S, GREGORY M A. A novel approach for
MFCC feature extraction [ C]// Proceedings of 2010 4th Internation-
al Conference on Signal Processing and Communication Systems.
Piscataway: IEEE Press, 2010: 1 -5.

KOPPARAPU S K, LAXMINARAYANA M. Choice of Mel filter
bank in computing MFCC of a resampled speech [ C]// Proceedings
of 2010 10th International Conference on Information Sciences Signal
Processing and their Applications. Piscataway: IEEE Press, 2010:
121 -124.

WANGHZ, XUY C, LIM]J. Study on the MFCC similarity-based
voice activity detection algorithm [ C]// 2011 2nd International Con-
ference on Artificial Intelligence, Management Science and Electron-
ic Commerce. Piscataway: IEEE Press, 2011: 4391 —4394.

GISH H, SCHMIDT M. Text-independent speaker identification
[J]. IEEE Transactions on Signal Processing, 1994, 11(40): 18 -32.
YUAN Y J, ZHAO P H, ZHOU Q. Research of speaker recognition
based on combination of LPCC and MFCC [ C]// Proceedings of
2010 International Conference on Intelligent Computing and Intelli-
gent Systems. Piscataway: IEEE Press, 2010: 765 —767.
ZBANCIOC M, COSTIN M. Using neural networks and LPCC to im-
prove speech recognition [ C]// Proceedings of 2003 International
Symposium on Signals, Circuits and Systems. Piscataway: IEEE

Press, 2003: 445 —448. (F#% 1968 )



1968 SR A

533 %

TL-CENN B350 1.5 . LIS RRMTL-CANNTE k BRI 1E
DU EAR IMA B HPERE. B S(b) BEM TR REE
S XTEVIAEBRR RIRIRNA . 2 £y, ORI, TL-CANN BIEA TMA
TRA R AL BER RIARBE S X R B DA (B R A AR A1
L, Z MR IR

[a-IMA -= TL-CiNN|

[-1MA = TL-CiNN]

CPUHHE)/s
OHHNNWW R~
[l d) Tenld; Fanld s Ean i) Feandd) |

20 40 80 16 f4 . 8 16
(@) KN CPUB TR 0 (b) feas MCPURHTSIEO T
S kA £y, CPU B

HEE 6(a) H, 2 £, K, IMA B fl TL-CANN Bk &
AL FERT EIBRE BTN, R EZ AN BN B SR g
£, FERMTEREVFNEREBRE, B6(b) LR T for X
IMA By TL-CENN B ki ab BT IE] B B2, SRIRes
FH o BN S IMA BIEFN TL-CANN BIE A HERE T,

[-IMA = TL-ckNN| [a=1MA = TL-ciNN]
900 800

« 800 « 700
£1700 £ 600
= 600 2 200
=500 =
S Eb
B 300 5

Bl6 [ foy 5 CPUBHHSCH

Te LA B Scserh , 2R AR 3 X R 7 E B
Wi BT BT EWMBRT

U 7R Uniform 5347, Q 3271 Query (ZEif]) , O 327K Objeet( £
FXG) . HARRY, BEWN Gaussian 17, B 2lxF 5 N
Uniform 53}, TL-CANN B35 BA S O ERE. 7EX AR 0L
T B SR P 2R AR A AT O A A A 1)
MR R BR T TURER, M T CPU I E,

[AmMA COFRCENN |

700
600

CPUR}8)/ms
s
=

¢QGO GQUO UQGO UQUO
AAFA
7 ARSI RK XS CPU BfH

4 #iE
TL-CANNSLIE I ZE AL, o T A4 5 18 T R A7

TR AW, A TGRSR, AR AR b A

TEEE, G557 A 20 R A
SEBRRL A, A AL B AT REE E S B A W S X R

1B3NT718) , LR T8 B Y i — SRR A% A 40 AT BB TR

RFLEAFEE, F AT T 52 4 i 38 B 25

WRERHAT R IR BT, TS SR BB MGV 7 R S8 B e — 25

HE SN A

SE Wk

[1] KOLAHDOUZAN M, SHAHABI C. Voronoi-based k nearest neigh-
bor search for spatial network databases[ C]// Proceedings of the
30th Very Large Data Base Conference. Toronto: VLDB Endow-
ment, 2004: 840 —851.

[21 £ Wb ETEERI Voronoi & 1 BT B
[J1. iTEHLY FEFESE, 2008, 25(9): 2771 -2774x

[3] HUANG X G, JENSEN C S, SALTENIS S.¢The islands approach to
nearest neighbor querying in spatial networks|[ €]/ Proceedings of
the 9th International Symposium on Spatial ‘and/Temporal Databases.
Berlin: Springer-Verlag, 2005: 73,-90.

[4] XIONG X P, MOKBEL F M¢ AREF W G. SEA-CNN: scalable pro-
cessing.of continuous kgnearestmeighbor queries in spatio-temporal

dagabases[\(\] // ICDE 2005; Proceedings of the 21st International

A\’A&-:\c ce ‘on Data‘Engieering. Piscataway: IEEE, 2005: 643 —

rQ

terngfional Conference on Data Engineering. Piscataway: IEEE,

2005: 631 —642.

M@URATIDIS K, HADJIELEFTHERIOU M. Conceptual partitio-

ning: an efficient method for continuous nearest neighbor monitoring

[C]// Proceedings of ACM SIGMOD 2005. New York: ACM,

2005: 634 —645.

(7] F3R5E, . BP AR si W R K g A si 1] . 3HEH
R, 2011,31(11):3078 -3083.

[81 BREiuk, X ARk MRS 4 Ima KNN & H ATl BT
KepF: HRBI AR, 2012, 40(1): 138 - 145.

[9] M8, BREE, B, 5 EB MBI RELE K ESER
[J]. iHEHLEH, 2010, 33(8): 1396 —1403.

[10] MOURATIDIS K, YIU M L, PAPADIAS D, et al. Continuous nea-

rest neighbor monitoring in road networks[ C] // Proceedings of the

»\‘
YU\X H, PG KQ,"KOUDAS N. Monitoring k-nearest neighbor que-
.= Mies over movitlg objects [ C]// ICDE 2005: Proceedings of 21st In-
0061 15 20 0 5 10 15 ®
/% fl% 7
(2) foo RFCPUBHHEIBY 5 (b) ﬁ]ryx‘jCPUr (8]

32nd International Conference on Very Large Data Bases. Toronto:
VLDB Endowment, 2006: 43 —-54.

[11] DEMIRYUREK U, BANAEI-KASHANI F, SHAHABI C. Efficient
continuous nearest neighbor query in spatial networks using Euclide-
an restriction[ C]// Proceedings of the 11th International Symposium
on Advances in Spatial and Temporal Databases. Berlin: Springer-
Verlag, 2009: 25 —43.

[12] B, RIBF, 7R, 5. LM S b ia SN RBe N
BARFR[I]. TP, 2009, 29(7): 1861 - 1864.

[13] BRINKOFF T. A framework for generating network based moving
objects [ J]. Geoinformatica, 2002, 6(2): 153 - 180.

(L35 1937 )

[10] REYNOLDS D. An overview of antomatic speaker recognition technolo-
gy [C]// 2002 International Conference on Acoustics, Speech, and Sig-
nal Processing. Piscataway: IEEE Press, 2002: 4072 -4075.

[11] LUO C H, WU X ], ZHENG F, et al. Segmentation-based method
for texi-dependent speaker recognition in embedded applications

[ C]// Proceedings of the Second Asia-Pacific Signal and Informa-

tion Processing Association Annual Summit and Conference. Singa-
pore: [s.n.], 2010: 466 —469.

[12] 4FI5%, DiEH. 2T PCA BARMHE B 45 35 R BB
[N HEHL TR S5, 2010,46(19):211 -213.

[13] XU H. Robust PCA via outlier pursuit [ J]. IEEE Transactions on
Information Theory, 2012, 58(5):3047 -3064.



