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Abstract: Voice conversion is a technique for changing the personality characteristics of a source speaker’
s voice into the target speaker’s, while preserving the original semantic information. An adaptive particle
swarm optimization (PSO) based method is proposed to model voice features by training the radial basis
function (RBF) neural network in order to capture the spectral envelope mapping function between
speakers. In addition, the pitch transformation is captured by modeling pitch with the joint spectral fea-
ture parameters in RBF neural network, which makes the converted pitch contain more target details. Fi-
nally, the performance of the improved voice conversion system is tested by subjective and objective
method respectively. Experimental results show that the performance of the proposed method is better
than that of the Gaussian mixture model (GMM) based system, especially for the male to female conver-
sion.

Key words: voice conversion; radial basis function neural network; adaptive particle swarm optimization;

gaussian mixture model;pitch

ES£TA VLA ML A RB# DI E R (13KTA510003) B BT H 5 VLA @ 4 3424 B @ 1 T2 (PAPD) ¥ B 301 H 5 V1 95 48 5 3 =
W58 A BB R (CXLX12_0478) % B i H .
W7 B #:2015-01-15; /81T HH#A: 2015-01-28



hhde X A TFTHERETHILAELRBRKAVERNLGETHS 337

51

il

T R A B R SR 48 AR R VR U0 1 AT UM R AR (I 00T 028 JR U8 18 NS PERRAE L i 2 B B
B el AN D VERRAE . 1R S 4 BOR 2800 A B Be: I 2R B B RN A 4 B Be . DI R B B 1 32 44T 55
S B IR BETE AN F E AR UL A 8 & R AE 2 50, IR 5 IR 3 8RR AR 2 800 5% 4 SR B I R A B B
TR o 4 B B 1 32 AT 55 2 R IR D30 N 1 35 5 R AIE 2 50, R A I R o B A 3] 1% A 48 R D x4 B
PR T8 SRR AE 2 BIGHEA T 3G 4045 B 56 46 (0 15 35 R AE 2 80 B 5 IR AR 36 0 00 15 5 FR IR S 806 ORI s

T et 2 0 B R A . R R Rk I (Vector quantization, VQ)™ (BRI &% 67
(Fuzzy vector quantization, FVQ)"™ |75 #7118 4 8L I (Gaussian mixture model, GMM)™ A T 1 £ W 2%
(Artificial neural network, ANN)"*' 4§ . 5 5 5 fb 1 76 1 7 5 40 1) W W0 4 1 02 R D 4% 1 JHC B sk #E
BE T 5 2 A S B LA B g S B T N IR SR . BOR K AL AR T TR R 2R AT Ok 1Y
e A5V P R AR AT 1y i) PR B I 1) IR AR SR AEAE . Stylianou 557 R Kain 55 43 5l 42 1 3 F
GMM #55 #Y 1) 1 5 e 4 7 ks A8 R 0 36 T SR 2R 0 3% S W Jph i) LG e MR R AL T R e 0 o e i U
2502 H AT B e A b ol TR — b 5 ik AER A TE 18 2o - 18 05 4005 B G ARy 57 o B 4 1 B A Y O
HEIER . AR BT ANN BTN (8 ¥ 5 4 ] LR 5 GMM R A b1 7% 5% J6 1k BE [l i) RE AR 47 it 3
TEAS R 3G N Z [ A R A AR e OC &R . 76 ANN BEAL b, 4% 6] S oK % (Radial basis function, RBF)
Fi e I 451 B T D G R TR BR 2 BRGE I BE ) 5 % 2 2] o B PSR O A TR AR SRR RBF 2 )
ZEXT TR e AT IR GE o A% G T VR I R AR 1] i bR BRI 4% I AE A 1 WS BE 1 L B B A R S B
e ZACPEREA AR SE 0] 8, 2% 51 A B 3 R 3 A A6 58 7 (Particle swarm optimization, PSO) kil £k
RBF it 22 % 25 LA I 268 1) % H A0, JF AT 0 HEAE TR & e e R b PR B . e A BA 1 i 3 A 32 10 e
SRR o B i A0 2 S R0 T e e T BORR VR AE T R AN D PERRIE R Ay R VN T IRIFEE 2 1Y
VEIE N PERRAE A SCHR ) RBE #2800 2% (9 1K 5 335 (0 2% JE 8 e 5507 . %0806 AT RBE h 28 1 45 12
T AL 26 2 H0 5 B A R) T I AR (A5 A6 L T B RE 08 S A b BRI H AR SRR A2 RS A E 2 H
FR Ut iE AP RRAE A 40

1 $ESHIR

A 5 O AR I o B A T 4B GE B D R RO . S B
T A0 5 0 25 500 0 5 5 5 B PEAAE . /IO T R AR LB UL L B G S 4
T 8 U 4 L 22 L

LRI (Linear spectrum frequency, LSE) ™) fi 5 15 I b ¢ fF &4 e 0 (5 s 5 SLAT LI 1)
LR S LA 2500 8 43 2 0 P2 W6 00 T 2 019 — T8 43 B 0 268 45 4, 45 LSF 10l i
ST B B ARV . M Ah  LSF H5AE S0 75 B X R e B Y 4 K BFTT R AR B (4~
8 ) 10 e P T M B A0 3 L T > 12 ) 19 2 P U 40 B R 1 i 66 349 5 £ 8 i
R S 4 UL A0 35 L BT AR SCOR I 16 45 LSF H5AE B8

TERFE 515 5 317 R 4R BB L 1 5 199 S ) 26 50 SR TR 1 A 0 LA 0 2K 0 3 5 )
S A5 TR 5 A% SOR R T 1 75 AT A T [ 1R % O 0 5 R 75 0 IS TE

AT 5 5 8 T A 5 W L AT O 0 R L I B L K T
R L 0 O o L R /0N — J D 3 5000 4 75 AR B, PRt L RE B WUSRBR LSF A 2
B0 T T U S5 e 0 5 AR B8 R TSR IR LSF H5AE 5 0 Ab 3

LSF H5-AE 42 9 A 40715 4 F

(LB STRAIGHT BT i 35 15 5 A7 35 507 .



338 HERE LS L Journal of Data Acquisition and Processing Vol. 30,No. 2, 2015

0.05 0.5
0.04 04 |
0.03 | 0.3 {
m 0.02 m 02
20,01} 0.1
I I
S 000 S 00
=~ =
| —0.01r ] —01
I -0.02 ¢ o -0.2
-0.03 03
-0.04 -0.4
-0.05 . . L L -0.5 L . . .
0 200 400 600 800 1000 0 200 400 600 800 1000
(a) T H I (b) 5 B IR SaRape T
(a) Time-domain waveform of unvoiced sound (b) Time-domain waveform of voiced sound

L b i s r K

Fig.1 Time-domain waveform of voiced and unvoiced sound
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