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Gender Recognition of Electronic Disguised Voices Based on MLP

ZHANG Xiao and GUAN Linyu

The Third Research Institute of Public Security,Shanghai 201204 ,China
Abstract A neural-network-based disguised voices recognition model is proposed to realize the gender identification of the dis-
guised speech speaker from the parameters such as the formant center frequency, bandwidth and intensity of sound. The model
uses multi-layer perceptron(MLP) as the framework to obtain the gender recognition results through the fully connected non-
linear stacking calculation,and uses L-BFGS to solve the parameters optimization in training. This paper uses SoundTouch to dis-
guise the original voices of the male and the female respectively,and then linear predictive coding(LLPC) extracts various parame-
ters such as the center frequency,bandwidth and sound intensity of the formant,and eliminates the outliers. Then experiment is
carried out to explore the influences of network structure and activation function on the model as well as the adaptability of this
recognition model to different electronic disguised methods. The experimental results show that the MLLP-based recognition model
can effectively distinguish the gender of the speaker corresponding to the voice disguised by different methods. This laid the foun-

dation for electronic disguised voice speaker recognition.

Keywords Multi-layer perceptron(MLP) . Electronic disguised voice,Gender recognition, Formant, Speaker
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Fig. 1 Schematic diagram of MLP structure
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Table 1 Parameter configuration of audio acquisition
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Table 2 Impact of different network layers on the rsults of

gender recongnition

Model Hid_layer  Max_iter Alpha AUC

MLP_1 1 1000 0.0001 0.9306
MLP_2 2 1000 0.0001  0.9628
MLP_3 3 1000 0.0001 0.9717
MLP_4 4 1000 0.0001  0.9789

%2 2 B T AR EOE KBk RelLU B, R [6 W 48 2 50T 1
MLP H BB E ) AUCCAUC<<1), AUC A , 4 20 1 51| 11
WiRiE ., Hh, Hid_layer ®RBEHUZEE Max_iter FoR
e R EAR R Al pha R TEWALIR S 4, Scgb 2 &0,
W2 MLP Feui 2 80 19 38 0 . i O 26 58 35 19 135 A i)
T 0 3 A o 3R o A BT R T 7E BROBUZ O 4 )2 E, AUC
I Ak 0.9789% , (ABARIZRZH £ . AUC 138 Imis 22,
[ 2 1248 R 2 2, AUC #2724 3% ;1m0 24 B0t 2 i
2 27488 3 )20 AUC A E] 1%, 3K IR BRI 8. Al Xt

o7 b B I 22 2 R 1, SRS AR B Y 1 R e D 5 4 B
. B, R ICRRE)Z Dy 2 J2 I R] DL B8 1 R T O 2
T U AR U B8R BN e S K R ]
4.2 HTE R R0

B SO B 28 98 i i oA BO7E AR T A B v i
P AR TR O o B MILP 1 458 70 28 SR 1 AR B
I B ARUCEON T (8] I R B B2 e S 03K AR 4 dn
# 3 Pra,

3 AN B RO P 5 IR B R 5

Table 3 AUC for gender recognition with different activation
functions in test set
Max_iter
Act_func
500 1000 1500 2000
Sigmoid 0.9241 0.9467 0.9696 0.9696
tanh 0.9220 0.9303 0.9303 0.9303
RelLU 0.9622 0.9628 0.9673 0.9673
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Table 4 AUC for gender recognition of different electronic

disguise methods in test set

Max_iter
Ele_dis — —
250 500 750 1000
Pitch 0.9196 0.9464 0.9463 0.9530
Rate 0.9140 0.9330 0.9330 0.9330
Tempo 0.9222 0.9861 0.9867 0.9937
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