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—MET LSTM-RNN IR IRfE E SR B T B8R E A
MEH KHH YAE YR B % Mud

(B ZE TR R 2%, m AT, 210007)

W OE:RERGEFEALRROREFRBRCAESHREFY I PRI LA 2L ANETH AL
ETRARNREEZ SRR R FFR, P EY T ETWAWERTREE., HAREERE S ZE
RE,AILE R T —H AT KL 2 ICi# )24 2 M % (Long short term memory recurrent neural
networks, LSTM-RNN)#9 vz kts # B2 5 FI R A E, S A THRENES L F AT L ERR,Z
H kB AAMLSTM-RNN 3kt B B2 F 5 2 A FEFTO R ET MR E S Mgk X 7t
R REAKMRE T XAFEERFBFTRAEEGEM, RE KM E T 4K 5 # (Non-negative matrix
factorization, NMF) s &+ s a9 & F e Z i #im A2 AZHN TEFRRNAEA, #—F RS TET R
T, W AERFE G LLR,LSD, PESQALIAFEA N, X Lk TH A K SRR FEHETRE.
KB RS SR ET AR EANERL KERIZICERERE S B
FESES: TNII2.3 XEf RS A

Blind Enhancement Algorithm for Throat Microphone Speech Based on LSTM Re-

current Neural Networks

Zheng Changyan, Zhang Xiongwei, Cao Tieyong, Yang Jibin, Sun Meng, Xing Yibo
(Army Engineering University, Nanjing, 210007, China)

Abstract: Throat microphones have been used in a variety of strong noise scenarios due to their excellent
anti-noise characteristics. However, the generated speech has some shortcomings such as much higher
energy in middle frequency and severe loss of high frequency, which have greatly affected the speech
quality and intelligibility. In order to improve the speech quality, a blind speech enhancement algorithm
based on long short memory recurrent neural networks (Long short term memory recurrent neural
networks, LSTM - RNN) is proposed. In contrast to previous estimation algorithms based on low -
dimensional spectral envelope features, this algorithm first models the relationship of the high-dimensional
logarithmic amplitude spectrum between the throat and air-conducted microphone speech directly, and this
kind of neural networks can impressively capture the context information to reconstruct the signal.
Secondly, the estimated speech amplitude spectrum is processed by non-negative matrix factorization (Non-
negative matrix factorization, NMF) , which can effectively suppress the over-smoothing problem and
further improve the speech quality. The simulation results of LLR, LSD, PESQ show that this algorithm
can effectively improve the speech quality of throat microphones.

Key words: throat microphone; speech blind enhancement; RNN; LSTM; NMF
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Fig.1 Framework of TM speech blind enhancement algorithm
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Fig.2 Flowchart of the proposed algorithm
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Spectrograms of a female speaker



HGH F.—FEATLSTM RNN®ERE F BEFTHIERTE 623
B4 T 4T ACM i 5 0 SO L 30 4 EROERART
UE T NMF 5 47 208 il b 22 9 2 3 & ;
$ e 3 B TR )

L 25 5 T LR S %

TR A 28 W 45 a] A B TM
ACM I 5 o 2k A il 22 ] Y 41 OG G

(=]

rdL ‘f
05 10 1

M |

10 15 20 25 0 15 20 25

ZAH T DNN, BB 65 S 8K i )7 i /s \ B /s
Bl A5 %% 7 K5 1 LSTM -RNN 7] 5 C3l (c) (d)
)W 4 TM 35 35 5 9 8 R % /-1\3 b _53 A
NMF fE 843 4 22 W i e AR 12 R 22 i 13
3o - ¥ ] 1 N ?i “‘&i = [T TR 1‘}§y
4 EHIE é -:EI. : 2 é :&;Q
0705 10 15 20 25 0 1.0 15 20 25

18] /s ] /s

ASCHEM T —F 3T LSTM-
RNN (1 1 4 1% 75 i o & 5 1 o 5
%o A E A LSTM -
RNN 2B PR % 75 2818 & 525K
e T T e A X BSOS 3 i AR 22 TR B AH 56 DG R L SRS R NIME XA T 5 600 e 88 3 g 47 A 348 LA 41 o) ol
25 I 2% 1 3k VU ) R S G A SRR B R AR AT A v R U N B MR R A% 7R R 0 T A B R
SR T 32 BR B IR 2% 2 AL VR B A P 28 N 4% DA B B — (1 K i i e B A R I 4% . R SRTE X B R
B8 8 R W B T L R, A T S T B T A B R AR R A B S BN 43 A TR A A R 22 T LR Y
AT B 2 AN Gy IO o T — 25 S X o A 9 4 A= ) A 40038 o A i RS el 2 ) 2% 00
— 25 X B B B S AR AT B OE DA /INAE R s AR A 5 L SRR A T 25

K6 5 il

Fig.6 Spectrograms of a male speaker

S E 3k

[1]  Shin H S, Kang H G, Fingscheidt T. Survey of speech enhancement supported by a bone conduction microphone[C]//Speech
Communication, 10 ITG Symposium 2012. Braunschweig, Germany:IEEE,2012: 1-4.

[2] Toda T, Nakagiri M, Shikano K. Statistical voice conversion techniques for body-conducted unvoiced speech enhancement[J].
IEEE Transactions on Audio Speech &. Language Processing, 2012, 20(9): 2505-2517.

[3] Tran P, Letowski T, Mcbride M. Bone conduction microphone: Head sensitivity mapping for speech intelligibility and sound
quality[C]// International Conference on Audio, L.anguage and Image Processing 2008. [S.1.]: [s.n.], 2008: 107-111.

[4] Erzin E. Improving throat microphone speech recognition by joint analysis of throat and acoustic microphone recordings[J].
IEEE Transactions on Audio Speech &. Language Processing, 2009, 17(7): 1316-1324.

[5] 2. THSE ST EREOR[D] P9 %P4t Tl K2, 2004
Li Jing. Speech reconstruction technology based on bone-conducted signal [D]. Xi'an: Northwestern Polytechnical University,
2004.

[6] Turan M A T, Erzin E. Source and filter estimation for throat-microphone speech enhancement[J]. IEEE/ACM Transactions
on Audio Speech & Language Processing, 2016, 24(2): 265-275.

(7] ZHEN . B SRATEERE &R R R (D] MR M R T K%, 2016.
Li Minjie. Bone-conducted and air-conducted combined speech enhancement system[D]. Harbin: Harbin Institute of
Technology, 2016.

[8] JouS CS, Schultz T, Waibel A. Adaptation for soft whisper recognition using a throat microphone[C]//Interspeech. [S.L.]: [s.



624 R E B L Journal of Data Acquisition and Processing Vol. 34, No. 4, 2019

[10]

[11]

[12]

[13]

[14]

[15]

[16]

(17]

[18]

[19]

[20]

&&

n.], 2004: 189-194.

Thang Tat Vu, Unoki M, Akagi M. A blind restoration model for bone-conducted speech based on a linear prediction scheme
[C]// International Symposium on Nonlinear Theory and Its Applications. [S.1.]: [s.n.], 2007.

Shahina A, Yegnanarayana B. Mapping speech spectra from throat microphone to close-speaking microphone: A neural network
approach[J]. Eurasip Journal on Advances in Signal Processing, 2007(1): 1-10.

Huang B, Gong Y, Sun J, et al. A wearable bone-conducted speech enhancement system for strong background noises[C]//
International Conference on Electronic Packaging Technology. [S.L.]: [s.n.], 2017: 1682-1684.

Vijayan K K S. Comparative study of spectral mapping techniques for enhancement of throat microphone speech[C]//
Communications (NCC), Twentieth National Conference. [S.1.]: [s.n.], 2014.

Kawahara J E A O. Aperiodicity extraction and control using mixed mode excitation and group delay manipulation for a high
quality speech analysis, modification and synthesis system straight[C]// 2nd International Workshop on Models and Analysis of
Vocal Emissions for Biomedical Applications. [S.1.]: [s.n.], 2001.

Hochreiter S, Schmidhuber J. Long short-term memory[J]. Neural Computation, 1997, 9(8): 1735-1780.

Hennequin R, Badeau R, David B. NMF with time-frequency activations to model non stationary audio events[C]// IEEE
International Conference on Acoustics, Speech and Signal Processing. [S.1.]: IEEE, 2014: 445-448.

AL SR AT SR AR A I 2 ST Y B e SR VR (T, AR AR, 2012(5): 539-547.

Huang Jianjun, Zhang Xiongwei, Zhang Yafei, et al. Time-frequency dictionary learning for single channel speech enhancement
[J]. Acoustics Journal, 2012(5): 539-547.

Williamson D S, Wang Y, Wang D L. A two-stage approach for improving the perceptual quality of separated speech[C]//
IEEE International Conference on Acoustics, Speech and Signal Processing. [S.1.]: IEEE, 2014: 7034-7038.

Liu B, Tao J. A novel research to artificial bandwidth extension based on deep BLSTM recurrent neural networks and
exemplar-based sparse representation[C]//Interspeech. [S.1.]: [s.n.], 2016: 3778-3782.

Wang Y, Zhao S, Qu D, et al. Using conditional restricted Boltzmann machines for spectral envelope modeling in speech
bandwidth extension[C]// TEEE International Conference on Acoustics, Speech and Signal Processing. [S.1.]: IEEE, 2016:
5930-5934.

Fpidg A B A S RGOS S GAN YRS HE S 5 R A (T). [ gk, 2017, 43(3): 321-332.

Wang Kunfeng, Xun Chao, Duan Yanjie, et al. Generative adversarial networks: The state of the art and beyond[J]. Acta
Automatica Sinica, 2017, 43(3): 321-332.

[

MEH(1990-), %, i+ wF
R eI Iy I o
MO E 4 2, E - mail:

echoaimaomao(@163.com.

3k & (1965-) , 55, i+,
B W57 I i 5 A
b B 22 R B A B
E - mail: xwZhang9898@ | &
163.com, 22

EWEE(1971), B # %,
WFFE 7 ) 4 e A A b 3
B % &b 2, E - mail:

cty _ice@sina.com

TR 258 (1994-) , 5 4 -1 HF
A WS ) s
R B (B AL B, E-mail:
18252059100@163.com.,

& (1978-) , B, Bl #
B R 05 1) i AR T A
P 4 it E-mail: yjbi-

ce@sina.com

R (1984-), 5, @l 2,
W78 05 1)« 1 & 5 KR A
B, HLgEF ) TR ) B

- mail: sunmengccjs@163.

comeo

(%% kW)



