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Abstract Aiming at the fact that there is no breakthrough in modeling for the electronic disguised voicer estoration,
this paper proposed a new model based on Dilated Casual-Convolution Neural Network (DC-CNN) for restoring elec-
tronic disguised voice. DC-CNN is used as the framework of restoring model,and convolution and nonlinear mapping are
performed on the historical sampling acoustic information and restoring factors of the electronic disguised voice. Mean-
while, the model’ s neural network adopts skip-connection for deep transmission and outputs the restoring voice after
companding transformation. The model has obvious characteristics such as nonlinear mapping, expansibility,adaptability
and conditionality.concurrency,etc. In the experiment, the original voice was processed by three basic disguised func-
tions: pitch, tempo and rate. Then,voiceprint features comparison, LPC analysis and voice identity of human audiometry
recognition were made between restoring voice and original voice. The voiceprint of the restoring voice fits that of the o-

riginal voice perfectly,and high quality formant waveform restoration is achieved. The piano music’s and English voice’s

#I55 H 3 .2018-10-05 iR f& H I .2018-12-15 AT 2014 AF ERAL SR E S S ORI E 5 ) (14ZDB147) , 28 2 Rk 4 5 28 5L il 1T 4F
LI H (2017GABIC33) , U H 8 2017 4R 55 ZHL* 2 KAl & B BOR1H 7 Ik 4 R (2017B06106) » 48 7% B KA N T80 BB 90 ) 3 11 3 o R
B H (A-0312-18-174794) % 1)y,
FEkE£964—) B A B WA S RS T )y 4 2 B) 2 A RBUE 5 N T B E-mail : wangyongquan@ ecupl. edu. en G {5 fE
#)HEIER (1996 —) , 2 Al A, R EHFFT Iy i) R RBE 5 AN TR k3% BE1987—) % Wi, BY BB 7 6, 3 SR 58 05 1) M {5 B I 4% 2 4
LU ST AR R A IR R



184 B N N = R

2019 4F

general restoring fitting rates of the formant’s parameters are 79. 03% and 79. 06 % respectively, which are much higher

than the similarity of electronic disguised voice to original voice. The results turn out that this model can minify the e-

lectronic disguised characteristics effectively and it is efficient on the restoration of electronic disguised piano music and

English voice.
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