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Abstract: Considering the time frequency correlation characteristics of speech is not well utilized in the conventional deep
neural network, a single channel speech enhancement method based on deep encoder-decoder neural network is proposed.
At the coding end, the time-frequency representation of noisy speech is extracted step by step through convolution and poo-
ling operations of convolution layer to obtain high level feature representation of the target speech. At the same time, the
background noise is suppressed. The decoder and the encoder are symmetrical in structure, and the target speech features
are reconstructed from the advanced feature representation obtained in the encoder step through de-convolution and up-sam-
pling operations at decoding end. Skip connections are employed to solve the gradient dispersion problem in very deep neu-
ral networks. In this paper, low level feature maps which include the detail information of speech are delivered by skip
connections from the coding end to the corresponding decoding end feature map in the decoding end. This will help the de-
coder recover the detailed features of the target speech better. The network is trained in two ways with L, loss and L, loss,

the performance of two forms of connections, feature fusion and feature concatenation are evaluated in the experiments. The
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results demonstrate the effectiveness of proposed method.

Key words: speech enhancement; skip connection; encoder-decoder; convolutional network
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Fig. 1 Architecture of the encoder-decoder network
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Fully convolutional encoder-decoder network for speech enhancement
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Tab.1 PESQ score of different methods under different SNRs
L L,
SNR/dB Noisy DNN-LAS En-De-Net
U-Net Res-Net U-Net Res-Net
-5 1.213 1.456 1.598 1.571 1.594 1.601 1.632
0 1.519 1. 890 1.957 1.892 1.937 1.956 2.011
5 1.864 2.224 2.270 2. 161 2.230 2.277 2.335
10 2.216 2.454 2.551 2.418 2.504 2.579 2.622
Ave. 1.703 2.006 2.094 2.010 2.066 2.103 2.150
2 R[FEIJIEEAEANR] SNR TR LSD {H
Tab.2 LSD score of different methods under different SNRs
L L,
SNR/dB Noisy DNN-LAS En-De-Net
U-Net Res-Net U-Net Res-Net
-5 2.727 1.969 1.892 1.842 1.844 1.913 1.883
0 2.556 1.732 1.719 1.677 1.674 1.727 1.689
5 2.281 1.535 1.566 1.541 1.528 1.561 1.523
10 1.943 1.381 1.413 1.404 1.388 1.398 1.370
Ave. 2.377 1.654 1.648 1.616 1. 608 1.650 1.616
#3 RREJIEAAR SNR T [ STOI
Tab.3 STOI score of different methods under different SNRs
L, L,
SNR/dB Noisy DNN-LAS En-De-Net
U-Net Res-Net U-Net Res-Net
-5 0.533 0.595 0.560 0.561 0.559 0.576 0.582
0 0. 650 0.717 0.675 0. 664 0. 666 0. 687 0. 698
5 0.765 0. 800 0.776 0.744 0.756 0.781 0.793
10 0.858 0.849 0.855 0.815 0.833 0. 857 0.867
Ave. 0.701 0.740 0.717 0.696 0.703 0.725 0.735
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Tab.4 PESQ score of different types of noise under different enhancement methods

BT
e R b b
DNN-LAS En-De-Net
U-Net Res-Net U-Net Res-Net
Babble 1.816 1.863 2.005 1.904 1.953 1.978 2.036
F16 1.752 2.015 2.086 2.007 2.067 2.110 2.151
Factory 1.754 2.021 2.093 2.011 2.047 2.095 2.145
Hf channel 1.591 2.087 2.112 2.053 2.109 2.141 2.181
Pink 1.717 2.042 2.152 2.043 2.119 2.152 2.210
White 1.588 2.010 2.115 2.044 2.102 2.143 2.178
%5 RN R FREE T T 1SD (8
Tab.5 LSD score of different types of noise under different enhancement methods
BT
eyt B L L,
DNN-LAS En-De-Net
U-Net Res-Net U-Net Res-Net

Babble 2.036 1.700 1.616 1.593 1.579 1.625 1.582
F16 2.261 1. 645 1. 606 1.586 1.571 1.607 1.573
Factory 2.321 1.661 1.649 1.608 1.610 1.660 1.622
Hf channel 2.432 1.530 1.643 1.595 1.585 1.619 1.597
Pink 2.453 1.662 1.649 1.626 1.617 1.659 1.626
White 2.758 1.728 1.724 1.690 1.689 1.729 1.697
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Tab.6 STOI score of different types of noise under different enhancement methods
HARR T
M G L, L,
DNN-LAS En-De-Net

U-Net Res-Net U-Net Res-Net

Babble 0.704 0.705 0.686 0.672 0.679 0.692 0.701
F16 0.708 0.752 0.730 0.703 0.712 0.737 0.748
Factory 0.683 0.736 0.695 0.682 0.688 0.708 0.718
Hf channel 0.720 0.770 0.756 0.736 0.741 0.768 0.777
Pink 0.705 0.745 0.718 0.692 0.702 0.725 0.734
White 0.688 0.734 0.715 0.691 0.697 0.721 0.731
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Fig.3 Spectrograms of (a) noisy speech corrupted by 5 dB
factory noise; (b) clean speech;(c¢) enhanced by DNN-LAS;
(d) enhanced by En-De-Net; (e) enhanced by U-Net with L,
loss; (f) enhanced by Res-Net with L, loss; (g) enhanced by
U-Net with L, loss; (h) enhanced by Res-Net with L, loss
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