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Table 1 DCRN parameters
DCRN B4 iy AHERE S H LR E i
Conv2d_1 (2,T,161) (1,3).,(1,2),8 (8,T,80)
Conv2d_2 (8,T,80) (1,3),(1,2),16 (16,T,39)
S Conv2d_3 (16,T,39) (1,3).(1,2),32 (32,T,19)
Conv2d_4 (32,T,19) (1,3),(1,2),64 (64,T,9)
Conv2d_5 (64,T,9) (1,3),(1,2),128 (128,7,4)
Reshape_1 (128,T,4) (T,512)
G d_LSTM_1 T,512 512 T,512
I AR rouped LSTM. (1.512) (7.512)
Grouped_LSTM_2 (T,512) 512 (T1,512)
Reshape_2 (T1,512) (128,7,4)
Deconv2d_5(x2) (256,T,4) (1,3),(1,2),64 (64,T,9)
Deconv2d_4( x2) (128.7.,9) (1,3).(1,2),32 (32,T,19)
fir AR e Deconv2d_3(x2) (64,7,19) (1,3),(1,2),16 (16,T,39)
Deconv2d_2( x2) (32,T,39) (1,3),(1,2),8 (8,T,80)
Deconv2d_1(x2) (16,7,80) (1,3),(1,2),1 (1,7,161)
Linear(x2) (1,T,161) (1,T,161)
ZE 12 161
e concat (1,T,161) (x2) (2,T,161)
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Fig. 4  Error signal power spectrums before and after ANC
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Fig. 5 Error signal power spectrums before and after ANC

a.from babble noise to engine noise;

b.babble noise mixed with factory noise
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Fig. 6 Error signal power spectrums before and after ANC in active headphone environment
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Fig. 7  Error signal power spectrums before and after ANC in active headphone environment

a.from babble noise to engine noise ;b.babble noise mixed with factory noise



684

YR/ dB
|
=

-130F
~140}F

—Deep—ANC
_1 50 1 1 1 1 1 1 1

DCRN-MSE — DCRN-MAE

0 1 2 3 4 5 6 7
$ R /kHz
a. 1EH AR g

AU, 25 SUFRA 2 BUIE A 10 2% XISt 7 A 9042 .

WU Lifu,et al.Active control of wind noise with dual-decoder convolutional recurrent network.

— No ANC
| —FxLMS
— Deep—ANC

0 1 2 3 4 5 6 7 8
B /kHz
b. 5 JXUE AU

DCRN-MSE — DCRN-MAE

P8 Dy ECERIEET T XU Rt A 7 ol X R R i ) 2 2 155 T i

Fig. 8 Error signal power spectrums before and after ANC in simulated environment

a.normal speed wind noise ;b.strong speed wind noise
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Active control of wind noise with dual-decoder
convolutional recurrent network

WU Lifu'"> GE Wenchang' CHEN Chen' WANG Shaobo'
1 School of Electronics & Information Engineering, Nanjing University of Information Science & Technology ,Nanjing 210044 , China
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Abstract Here, an Active Noise Control ( ANC) approach is proposed which replaces Filtered-x Least Mean
Square (FxLMS) algorithm with Dual-decoder Convolutional Recurrent Network ( DCRN).Due to the importance of
phase information in ANC ,the input feature of DCRN is the complex spectrogram of the noise signal (including real
and imaginary spectrograms).In the network structure,a coding module is used to extract features from the noise
complex spectrograms,and a dual-decoder module is used to estimate the real and imaginary spectrograms of the
network output.Parameter sharing mechanism and group strategy are adopted to reduce the number of training pa-
rameters and improve the learning ability and generalization performance.Especially for wind noise,a new loss func-
tion is adopted and the training data are regularized to improve the performance of DCRN.Experiments in both simu-
lation and ANC headphone environments show that the DCRN approach exhibits good noise reduction performance
and robustness for both general noise and wind noise.

Key words dual-decoder convolutional recurrent network ( DCRN) ; active noise control ( ANC) ;filtered-x least

mean square ( FxLLMS) algorithm ;complex spectrogram



