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Speech enhancement model based on deep compressed sensing
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Xinjiang University, Urumgi 830017, Xinjiang, China)

Abstract: With the further research of compressed sensing, the application of compressed sensing in speech
enhancement has attracted much attention. Aiming at the shortcomings of traditional compressed sensing speech
enhancement algorithms, a speech enhancement model based on deep compressed sensing (SEDCS) is built by
combining compressed sensing and deep learning. Based on the principle of compressed sensing, the codec model is
used to replace the sparse process of speech in compressed sensing, and the convolutional neural network is used to
replace the measurement matrix to realize the measurement and dimension reduction of speech. The speech
enhancement of the model is obtained by jointly training. The experimental results show that the proposed model can
complete the speech enhancement task and achieve good speech enhancement effect compared with the existing
compressed sensing speech enhancement algorithm. Compared with the speech enhancement algorithm using deep
learning, the performance of the model is general, but it is improved in the model generalization ability and the

enhancement time efficiency in the test stage.
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Table 1 Comparison of evaluation index scores of different models

Bk PESQ SSNR CSIG CBAK COVL STOI

Noise 1.97 1.68 3.34 2.44 2.63 0.916

Wiener 222 5.07 3.23 2.68 2.67 0.914

SEGAN 2.24 7.15 3.47 2.93 2.84 0.931
SEDCS(CNN, m=25) 2.02 6.01 3.35 2.73 2.65 0.915
SEDCS(CNN, m=50) 2.15 5.50 3.31 2.78 2.71 0.918
SEDCS(CNN, m=75) 2.06 5.95 3.32 272 2.68 0.913
SEDCS(CNN, m=100) 1.95 5.51 3.21 2.69 2.56 0.916
SEDCS(MLP, m=50) 1.89 3.01 3.11 2.45 2.46 0.912
SEDCS(Atten, CNN, m=50) 2.19 6.71 3.41 2.88 2.78 0.921
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Table 2 Comparison of PESQ and STOI scores between
SEDCS and traditional CS algorithm
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PESQ 5 1.43 1.60 1.74 1.50
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STOI 5 0.823 0.819 0.841 0.858
10 0.876 0.882 0.882 0.867
FEME S 0.781 0.764 0.794 0.841
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Fig.4 Comparison between speech waveforms after noise sup-
pressed by SEDCS and traditional CS algorithms
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suppressed by SEDCS and traditional CS algorithms
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Table 3 Comparison of times spent on enhancement opera-
tion between SEDCS and SEGAN algorithms

FRAb S I /s SEGAN SLVEFER /s SEDCS 5Ly ERT /s

1 5.1 2.18
3 5.44 241
5 5.8 257
7 6.28 2.96
PRI /s 5.66 2.53
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Table4 Comparsion of model parameters and floating
point operations of test code between SEDCS and

SEGAN algorithms
TRy BMZHE WRBRERFRIEEE
SEGAN 97.47x10° 33.26x10°
SEDCS 98.26x10° 5.80x10°
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microphone before and after speech enhancement pro-
cessed by SEDCS and SEGAN algorithms

B W om R SEDCS. i FH 4 it A4 2E BB AL AR B
CSH 5 SR, [ HIRE BRI & 24K
B CS Ol B gk AR, R PN A I R T
F, AR EEEES . A0 CS 5iE
FESIAGE ST E R TiES e, SRRk
B, SEDCS SRR UR —M, (HAEETRES
SR T CSHIEEE S M EN S, HAfA
BRIz A tERE . BeAh, @I TR B R AL
FEHEE, RIASCEEENR BT S H
BE/N, AT ETE SRR R RCR . @ikt
72 ot KR B 1 B MR i R I, A, B
BUrEE R, SEDCS AL FE 45 Fus A T SEGAN,
— B UL B AR SO R B & — e iz .

EA R TAES, KGEr By pEee gt . 1847
R LR S i szt e, 3 — 25 S A A AR RN
BERAT IR A (R R OE B RHER AT T, oF
Fuid i AR g S 7 N ik B . VRS
a7 AR ZR . Rk ST 2 T 2
R TELRE LR RERIRTIE T, K 2is i AUE
BRI 265 S B R FH B s R TIUAL 3 7 1 B



870 B

"R

2022 4F

RAEALZATACHY, [ R AT BESRTHE AL T B B
SEIPERE . DAL ik R o 5 5 BT FU ik TR I
208 R 1V 4 o TR ) S BRI LT A

2 F X M

[1] LOIZOU P C. Speech Enhancement[M]. BoCa Raton: CRC
Press, 2013.

[2] GOODFELLOW IJ, POUGET-ABADIE J, MIRZA M, et al.
Generative adversarial networks[EB/OL]. 2014:
1406.2661[stat. ML]. https://arxiv.org/abs/1406.2661

[3] PASCUAL S, BONAFONTE A, SERRA J. SEGAN: speech
enhancement generative adversarial network[C]//Interspeech
2017. ISCA: ISCA, 2017: 3642-3646..

[4] STOLLER D, EWERT S, DIXON S. Wave-U-net: a multi-
scale neural network for end-to-end audio source separation
[EB/OL]. 2018: arXiv: 1806.03185[cs. SD]. https://arxiv. org/
abs/1806.03185

[5] MACARTNEY C, WEYDE T. Improved speech enhance-
ment with the wave-U-net[EB/OL]. 2018: arXiv: 1811.11307
[cs.SD]. https://arxiv.org/abs/1811.11307

[6] GIRI R, ISIK U, KRISHNASWAMY A. Attention wave-U-
net for speech enhancement[C]//2019 IEEE Workshop on Ap-
plications of Signal Processing to Audio and Acoustics. New
Paltz, NY, USA. IEEE, 2019: 249-253.

[71 DENG F, JIANG T, WANG X R, et al. NAAGN: noise-
aware attention-gated network for speech enhancement[C]//In-
terspeech 2020. ISCA: ISCA, 2020: 2457-2461.

[8] DONOHO D L. Compressed sensing[J]. IEEE Transactions
on Information Theory, 2006, 52(4): 1289-1306.

[91 SREENIVAS T V, KLEIJN W B. Compressive sensing for
sparsely excited speech signals[C]/2009 IEEE International
Conference on Acoustics, Speech and Signal Processing. Tai-
pei, Taiwan, China. IEEE, 2009: 4125-4128.

[10] SIGG C D, DIKK T, BUHMANN J M. Speech enhancement
using generative dictionary learning[J]. IEEE Transactions on
Audio, Speech, and Language Processing, 2012, 20(6): 1698-
1712.

[11] WANG J C, LEE Y S, LIN C H, et al. Compressive sensing-
based speech enhancement[J]. IEEE/ACM Transactions on
Audio, Speech, and Language Processing, 2016, 24(11): 2122-
2131.

[12] SRIDHAR K V, KISHORE KUMAR T. Performance evalua-
tion of CS based speech enhancement using adaptive and
sparse dictionaries[C]//2019 4th International Conference and
Workshops on Recent Advances and Innovations in Engineer-

arXiv:

ing (ICRAIE). Kedah, Malaysia. IEEE, 2019: 1-7.

[13] BORA A, JALAL A, PRICE E, et al. Compressed sensing us-
ing generative models[C]//International Conference on Ma-
chine Learning. PMLR, 2017: 537-546.

[14] MOUSAVI A, BARANIUK R G. Learning to invert: signal re-
covery via deep convolutional networks[C]//2017 IEEE Inter-
national Conference on Acoustics, Speech and Signal Process-
ing. New Orleans, LA, USA. IEEE, 2017: 2272-2276.

[15] WU Y, ROSCA M, LILLICRAP T. Deep compressed sensing
[EB/OL]. 2019: arXiv: 1905.06723[cs. LG]. https://arxiv. org/
abs/1905.06723

[16] TROPP J A, GILBERT A C. Signal recovery from random
measurements via orthogonal matching pursuit[J]. IEEE
Transactions on Information Theory, 2007, 53(12): 4655-4666.

[17] SCHMIDHUBER J. Evolutionary principles in self-referential
learning, or on learning how to learn: the m-eta-meta-... hook
[D]. Technische Universitat Miinchen,1987.

[18] FINN C, ABBEEL P, LEVINE S. Model-agnostic meta-learn-
ing for fast adaptation of deep networks[C]/ICML'17: Pro-
ceedings of the 34th International Conference on Machine
Learning - Volume 70.2017: 1126-1135.

[19] VALENTINI-BOTINHAO C, WANG X, TAKAKI S, et al.

Investigating RNN-based speech enhancement methods for

noise-robust Text-to-Speech[C]//9th ISCA Workshop on

Speech Synthesis Workshop (SSW 9). ISCA: ISCA, 2016:

146-152.

VEAUX C, YAMAGISHI J, KING S. The voice bank corpus:

Design, collection and data analysis of a large regional accent

speech database[C]//2013 International Conference Oriental

COCOSDA held jointly with 2013 Conference on Asian Spo-

ken Language Research and Evaluation (O-COCOSDA/

CASLRE). Gurgaon, India. IEEE, 2013: 1-4.

THIEMANN J, ITO N, VINCENT E. The diverse environ-

ments multi-channel acoustic noise database: a database of

multichannel environmental noise recordings[J]. The Journal

of the Acoustical Society of America, 2013, 133(5): 3591.

[22] VARGA A, STEENEKEN H J M. Assessment for automatic

speech recognition: II. NOISEX-92: a database and an experi-

ment to study the effect of additive noise on speech recogni-

tion systems[J]. Speech Communication, 1993, 12(3): 247-251.

Wideband extension to recommendation P.862 for the assess-

ment of wideband telephone networks and speech codecs[J].

2007.

HU Y, LOIZOU P C. Evaluation of objective quality mea-

sures for speech enhancement[J]. IEEE Transactions on Au-

dio, Speech, and Language Processing, 2008, 16(1): 229-238.

[20

=

[21

—

[23

—

[24

[y



