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[Abstract] In speech enhancement, Auto-Encoder GAE) structures are typically used to extract features
automatically. However, the features obtained in this_manner are singular, redundant, and cannot adequately
capture the contextual dependencies of speech signalsw#Therefore, a speech-enhancement method, MSF-CI, that
incorporates multi-scale features and contextual\information is proposed. First, a multi-scale convolutional block is
used to extract multi-scale features of sspeech Signals to solve the issue of single features. Second, the attention
mechanism is applied to focus on the'spatialiand channel key information of the extracted features to eliminate
feature redundancy. Finally, a Gated*€onvolutional Recurrent Neural (GCRN) network is used to learn the long-
span context-dependent relations ‘of. the speech signal, whereas gated linear units are employed to improve the
nonlinear learning ability andythus improve the generalization of the network. Experimental results show that the
proposed MSF-CI methéd. outperforms similar single-channel speech-enhancement models such as GRN, DPT-
FSNet, and U-Net in terms‘of speech-perception quality and the short-term objective intelligibility of enhanced
speech signals at low Signal-to-Noise Ratios(SNR) and in different noise environments. Under a SNR is 0 dB, the
average speech-perception quality and average speech objective intelligibility of the proposed method are 1. 49 and
0.761, respectively. The generalizability of the proposed method is verified on the Ando Tibetan corpus.
Additionally, its average speech-perception quality and average speech objective intelligibility improved by 20. 7%
and 11. 3%, respectively, with respect to noise. Therefore, the MSF-CI model not only enhances speech quality
and intelligibility but also provides better generalization.

[Key words]) speech enhancement; multi-scale feature; attention mechanism; Gated Convolutional Recurrent
Neural(GCRN) network; Logarithmic Power Spectrum(LPS)
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Fig.2 Structure of attention mechanism-based multi-scale feature extraction block
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Fig.3 Structure of gated convolutional recurrent neural network
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Fig.4 Structure of gated convolutional block and gated deconvolutional block
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Table 1 Parameter settings of the network model.proposed in this paper
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Table 2 Results of STOI and PESQ in stationary, noise
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MSF+GCRN 72,1 78.6 82.6 84.8 8.2 71.6 76.8 78.8 81.2 8.1 1.35 1.57 1.76 1.90 1.98 1.37 1.51 1.62 1.73 1.98
AMSF+GCRN  71.1 77.9 82.0 84.5 86.1 70.1 "\74'8 ,77.9 80.5 86.0 1.36 1.61 1.80 1.93 2.02 1.37 1.51 L64 1.76 2.01
MSF-CI 71.9 78.7 82.7 85.1 86,5 7h1 76.6 78.7 81.3 86.3 1.34 1.58 1.77 1.93 2.02 1.36 1.52 1.64 1.74 2.03
#*&3 FEIEFRMEET STOI K PESQ M4 R
Table 3 Results of STOI and PESQ in non-stationary noise
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Table 4 Comparison of experimental results of different models in a stationary noise environment

STOI/ % PESQ
E S Pink RN White LA Pink AHNEER White
L S= 8= S= S= S= S= S= S= S= S= S= 8= S= S= S= S= S= S= S= S=
—5dB 0dB 5dB 10dB15dB —6dB —3dB 0dB 3dB 15dB —5dB 0dB 5dB 10dB15dB —6dB —3dB 0dB 3dB 15dB
MR 56.3 66.1 75.4 83.0 88.3 59.1 64.8 70.3 75.3 89.7 1.03 1.04 1.10 1.27 1.59 1.04 1.04 1.05 1.07 1.47
CED 58.3 65.7 70.4 72.5 73.0 60.0 63.5 65.8 67.8 70.8 1.09 1.22 1.37 1.39 1.36 1.17 1.24 1.31 1.35 1.34
CRN 61.9 69.7 74.3 76.6 77.2 61.0 65.9 69.3 72.0 76.0 1.16 1.29 1.41 1.45 1.43 1.15 1£211.27 1.32 1.35
GCRN 71.9 78.6 82.7 85.2 86.8 71.7 76.1 79.0 81.4 86.7 1.31 1.54 1.72 1.87 1.97 1.33 1.46 1.57 1.68 1.97
TSTNNLE) 64,6 73.3 78.8 82.1 84.0 63.7 70.0 73.8 77.0 83.3 1.25 1.45 1.66 1.80 1.894°1.28 137 1.48 1.59 1.89
DPT-FSNett 241 59.9  69.8 78.5 85.0 89.4 64.4 71.3 76.5 80.5 91.2 1.05 1.11 1.26 1.52 89 nl.11 ) 1.16 1.24 1.34 1.95
U-Netl151 56.3 73.6 75.4 93.0 88.3 61.7 67.8 72.2 75.7 81.9 1.20 1.30 1.39 1.451.47 T0.15 1.22 1.29 1.36 1.48
MSF-CI 71.9 78.7 82.7 85.1 86.5 71.1 76.6 78.7 81.3 86.3 1.3¢ 1.58(1.77.1.92 2.02 1.36 1.50 1.63 1.74 2.03
HaasH 15.6 12,6 7.3 2.1 —1.8 120 11.8 84 6.0 —3.4 0.31 £0.54, 0.67 0.65 0.43 0.32 0.46 0.58 0.67 0.56
*5 FIETFREHFRETAREE NS L RYTtt
Table 5 Comparison of experimental results of different models'in a non-stationary noise environment
STOIl/ % PESQ
ELHIE A Babble KA R Buccaneerl ELHIE A Babble ARHE 7 Buccaneerl
L S= S= 8= S= S= S= S= S= §= S=  S= S= S= S= S= S= S= S= S= S=
—5dB 0dB 5dB 10dB15dB —6 dB —3dB 0/dB '8 dBuls dB —5dB 0dB 5dB 10dB15dB —6dB —3dB 0dB 3 dB 15 dB
el S5 54.4 64.4 71.3 81.5 87.1 51.3 57.0 62.9,689 8.7 1.05 1..07 1.15 1.36 1.73 1.03 104 1.05 1.07 1.53
CED 53.9  62.8 68.9 72.0 72.8 54.24,59.00 6312 67.0 72,3 1.10 1.24 1.38 1.40 1.38 1.70 1.11 1.18 1.26 1.35
CRN 56.8 65.8 72.1 75.5 76.8 ASla6 7.1 65.9 66.9 759 1.11 1.23 1.38 1.46 1.45 1.11 1,15 1.21 1.27 1.41
GCRN 67.3 76.1 81.7 84.7 86{8, 53.8 61.6 67.7 72.9 84.5 1.21 1.42 1.66 1.8 1.97 1.11 1.16 1.26 1.37 1.86
TSTNNIO)  57.5 68.3 76.1 80.4 983.30.54.9 61.5 67.2 72.1 82.2 1.13 1.30 1.52 1.71 1.84 1.13 1.20 1.28 1.39 1.79
DPT-FSNet?!  54.4  65.9 75.1¢82.4°87.7 50.5 59.0 66.0 71.6 87.3 1.06 1.11 1.23 1.47 1.86 1.06 1.08 1.11 1.15 1.71
U-NetH % 63.0 72.2 77.06,80.2 81.8 54.0 6.2 66.8 71.2 80.6 1.16 1.26 1.35 1.41 1.45 1.09 1.13 1.17 1.23 1.44
MSF-CI 69.5 77.3 82.3 85.0 86.8 557 63.3 69.7 74.8 85.2 1.26 1.49 1.71 1.89 2,02 1.12 1.19 1.29 1.43 1.9%4
Wil 15.1 12,9 11.0 3.5 —0.3 4.4 6.3 6.8 59 —1L5 0.21 0.42 0.56 0.53 0.29 0.09 0.15 0.24 0.36 0.41

& 5 Fr7R A SO MSE-CT R HA 1 13 b 22
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THYEM HTML M, FRD . Hor, 4 FE e sy
HA—5 dB.0 dB.5 dB i1 10 dB. 5 FjE s 4351 45
Babble, White, Buccaneerl , Pink # Factoryl, 1] DA
BRI EEE .

DMSF-CI AT a4 i S i o i . AHA T
HAth A A, MSF-CI J7 853815 T B i 19 PESQ 3 4
{8, K 5() 7R .

2)7EAR SNR T, MSF-CT A5 5 (it £ 4 1 B9 i,

it STOT S z5fEWI k. MA3R 4 FIZR 5 ATLLE L 7E
11 SNR A SO ) 45 548 STOT #5451 2 #5300
B KA PR 8 25 (H /N A& 5(b) IR

&l 6 Jr 7~ A % b 18 TR B ot 28 ) 8% R AR SC 7 1k
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Table 6 The performance of MSF-CI on the Ando Tibetan language corpus
PESQ STOI/ % CSIG CBAK COVI
A §S= S= S= S= S= S= S= S= S= S= S= S= S= S= §=
—5dB 0dB 5dB —5dB 0dB 5dB —5dB 0dB 5dB —5dB 0dB 5dB —5dB 0dB 5dB
WA S .07 110 1.17 528 644 752 1.34 1.53 1.80 1.23 1.47 176 1.13 1.23 1.40
CED 1. 11 1.25 1.33 59.0 68.5 74.0 1. 68 1. 89 2.07 1. 44 1.53 1. 60 1.32 1.47 1. 61
CRN 1. 14 1. 22 1.31 55.9 63.5 69. 2 1. 83 2.05 2.23 1. 35 1.43 1. 50 1. 37 1.53 1. 68
GCRN 1. 16 1.25 1.33 59.9 68.5 74.0 1. 68 1. 89 2.08 1. 44 1.53 1.61 1.32 1.47 1. 61
TSTNNH 1.21 1.22 1.31 62.3 66. 1 73.0 1. 95 1. 94 2.13 1.59 1.61 1. 69 1.48 1. 49 1. 65
DPT-FSNet'?!  1.12 1. 13 1.15 64.1 66. 1 67.5 1. 46 1. 45 1. 46 1.47 1. 54 1.61 1.18 1.18 1. 20
U-Net-?! 1.24 1.38 1. 47 60. 9 71.2 77.4 1. 00 1. 06 1. 16 1. 06 1. 31 1. 45 1. 01 1. 06 1. 16
MSF-CI 1.21 1. 35 1.48 62.7 72.4 79.0 2,12 2.40 2.64 1. 58 1.69 1.78 1.57 1.79 2.00
Language Processing, 2012, 20(4)s 1383-1393.
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