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Abstract

Existing and mature speech recognition systems are basically limited to healthy groups and
mainstream languages, and are not applicable to patients with impaired vocal cords. Therefore,
in this paper, an automatic speech recognition system based on laryngeal vibration is designed
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with the aim of providing a feasible solution for the rehabilitation training and normal life of
patients with impaired vocal folds and speech-impaired disabled groups. Intelligent digital ste-
thoscope Mintti Smartho-D2 was used to detect the vibration signal of laryngeal cartilage with
the help of mainstream speech recognition deep learning algorithms: The convolutional neural
network model, convolutional short-duration memory neural network model and convolutional
recurrent neural network model were trained several times on laryngeal vibration signal data
set respectively, in order to realize the conversion of laryngeal cartilage vibration signal to
normal speech signal. Through comparison experiments, it is concluded that the test word error
rates of the three models are 0.1572, 0.2018, and 0.06787, respectively, among which the best
recognition effect is the convolutional recurrent neural network model, which realizes a word
error rate of less than 0.07 in a quiet environment. This paper can initially verify the feasibility
of the design and the CRNN model can achieve better performance in terms of efficiency and
recognition effect.
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Figure 1. Structural flowchart of the automatic recognition system of throat vibration signals
E 1. BRiRk(ES B ahR3 R GRERIZE

2.2. HZMEREXL

S 2RSS J), HANE SN R SRR LR HE 1% 2 (Word Error Rate, WER) 5 THI#3 2] 1 &
FOE, BT R BE R E[10]. o, JEIARAE LS RNN BRI AT HATCAZ I 2% LSTM 25 4R 4851
B0 R IR LB A . (R, AR AP RS S 4 oA IE B S E S B B, &8 =R R
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Table 1. Selection of three deep learning algorithmic solutions
=1 ZMREFIEESRIER

TR K AL BE 5 1 148 X 2% Y filthh 4
1 MFCC CNN ctc_greedy
2 Fbank CRNN ctc_beam_search
3 Fbank CNN-LSTM ctc_beam_search

23. REBIERE

AR RGER B RER T W2 % Mintti Smartho-D2 BEAT MRS RSB 715 5 R4, IRl By St
B RITESEAL. FHLECAR BN S EEEAT 0 T2 W . Mintti Smartho-D2 & — s EEAT A K AR
R BB, REERES AAME 5 ATA 2] 100 15 5CK[11].
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overall system scheme
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Figure 3. Flow chart of throat vibration signal pre-processing
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FRUIER i 2 — B 2240 B BUHI A5 5 y (n) AN S s(n) 2 IIAG 6 R 7T BUR R
y(n)=s(n)-as(n-1) (1)

Hra ATUINE RE. ARG IITUINE REEUE Y 0.97.
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3.2. EFRMERL CNN

R 2 [ 2% (Convolutional Neural Network, CNN)J&—Fi 2 i (1R B 24 ST 5008, S N BUEAE s A
REMAMGE 2T, BELEERE, FRWEE . WEMAeERE . 15 EREEN PGS, st
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1) BNGERPCERANE S x(t) , Horh t FoRES 1] o A AL 4 B2 e (Short-Time Fourier Transform,
STFT)RHE S X(t) -l AN IR 5 4
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y(i,j)= (ggw( 1)x (i+k,j+|)+bj 5)
f (x)=max(0,x) (6)
y(i, j)=max,, x(ixs+k, jxs+l) )
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3.3. JBYAMEZE ML RNN

I 900 22 X 2% (Recurrent Neural Network, RNN), & —Fi 05 Ab 37 51 50 ds b 2 W 2%, il 7E A~
I [R5 4 2 i i AN AT — I )28 RS VR RN SRS AT [0 5 AR, IXMORES IR E PR 4%
#1545 RNN 1] DU 2 BT IS AR LEIRZS . FFBl 5\ 1R A 38 17 BE IR ES [16]

TEV 4 o, FEREANE () 2E, BRS04 0 AOA N x AL — AN R8BI BROBUIR S h_ 7E N RNIN I,
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Figure 4. RNN time unfolding diagram
4. RNN Bfjal B FF &

3.4. KIERCIZHENLE LSTM

KA Z /2% (Long Short-Term Memory, LSTM) & —AN5i K56 I #048 R 45, ilid 5] NFFRIG “id
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Table 2. Comparative analysis of LSTM and RNN algorithms
%2 2. LSTM 5 RNN EEXfEL 4047

T H &Rk RNN LSTM
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5 ik, 5 TR U AT KM R I LA (8
FEBCRIAAIUR, LSTM BB ELER) 2R, ASCHA B RK GRS S 1EAIN R AR,

22> LSTM R AL, XN SOAR S R . Oy 1 AF eIl 25 LSTM R, 3 % 2 s I A2 SO 4 Ok
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3.5. MHEEE

HEREIT ¥ 43 2% (Connectionist Temporal Classification, CTC) & % F T 5412 S B, F BLR 551
(1 B brbr%s, BIA R G PCE RIS 5 IR B0 BTRIE 8 I ZRIR B 1 48 I 4 K 2 ) IR AE 5 H A
RSB R AR, FERH 2RI RHE B 21 B AR 25[18]

XoF P A AR 23 AT X B 23T 5 43 )R D A SR s SR A (CTC_Greedy Search) £ 5% & i i3 (CTC_Beam
Search).

AL NGRS (CTC_Greedy Search)7E Tt CTC i kI DL KMEAR ARAL i f H 2 41 o FE5E— I ZI 0
I T REfE R AR R S 0 o e b SRk R A B AR, 15 BRI SRR

HERIL R ML (CTC_Beam Search) & i Hij 1511125 /4 £ (FNIN) A A 0 22 19 2 (RNIN 0 HH 384745 3511
SR . SOTAERIEARLL, B R MR R S EU R, R PR MR,
RENRANZ), RPN A) TR IR [19]. DR, B2 A3 208 5 bL 5000 SRS T E A

4. SKEWERS5H
41 BiEEES

TN G RO R B IR ENE 5, HRTERA AT ISR B, ARGt 8
AR IR B 40 Arf@ BN R CE IR E S MR AT 208, RS2 IR 3, Mk
R AR HEAT S5 B FRAIR AL SR M .

Table 3. Statistics on the source information of the training dataset
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4.2. BENISGEE

421 SIWEE
KRGS & FPREAE DL a2 4 Fis .

Table 4. Experimental configurations
4 LHEE

EfFE O DRI 85 I K Hhs

Cudall.6
2% GPU R () PaddlePaddle A& Pytorch [ TMDATA
Pycharm (Python ¥£1%)

CPU i7-13700.
GPU RTX 4070 Ti

4.2.2. BERIGESH

A M EE T, HHESE: SRS E . SN GAME NS R A B B s, WAE.
SRR R RIS . ThAE. FCRSEMIETIRAR, A S0 s B = Floii 48 X 4% S22 SR AE S Bl 5
H T AR AW T S8, I, ARGURAMEESHE L S5E K 5-7.

Table 5. CNN model configurations
7 5. CNN #=EI8 %

S ZHE X FEA
batch_size AR A H 32
learning_rate 2 ) S (PR Y | G o A o B TR 1 25K 0.001
data_mean ToAL 33 FE AT I — b A B (1 3 1 -3.017657
data_std R P A A AR e 22 51.585384

Table 6. CRNN model configurations
5% 6. CRNN #28I5#

alpha TS BLRY A B R E 12
batch_size AR A H 32
beam_size JERBEAR B 0 A BT B ) B 10

decoder AR SO ctc_greedy
num_conv_layers CNN &2 I E 2
num_proc_bsearch FF47HAT Beam_Search FIHEFEEL 8
num_rnn_layers RNN HEIRZ 8 3
rnn_layer_size RNN R 2 8 42 o 4 i 1024

Table 7. CNN-LSTM model configurations
52 7. CNN-LSTM 1RE!I &8

ZH 4 ZHE L HEC
alpha T Y BRI A T 2.2
batch_size FAUIZRRIFEASE 16
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gk
decoder FEHN AT, ERER beam_search
r_num_blocks XA LSTM 1 A LSTM e
num_rnn_layers RNN F &3 2 5= 5
num_blocks PR 12
Input_layer fEH CNN FEVRHESR S IS 2 conv2d
learning_rate 2 SR (BRI Gl FE B A E P K) 0.001

4.3. RGMRGERS 5

4.3.1. FhIEHR
7 Z i fdi Bl 74i% % (Character Error Rate, CER) I 54515 (Loss Function, LOSS) -4 LL#ER % AE N

PR, Hrp CER RN R 5 SH UARZ AIA VLI 505 S22 ], LOSS Rl Zrid f2

Hi N2 H S B AR 2 22 R R, FERAMERT ERRSMES%.
L R BT R (CER) N, W A A a0 T -

S+D+1

CER (10)

Hrr, S FORBHM RN TAEL D RRMBREHR T, | R mABR T, N RRSH 7
SR

432 MRERESD

TERGIAET, SRR SERECREIMRIRE 5304, R&EH RS, w5 frox. Wk
ANRRFTER:  “AERN—ANElE R 228 m E0m, RN 2D XA . 7
PAT A E] . 7620ms

fE RS VH FERT ] . 28ms
RBLER ] 8976ms, RAIGR: Frou— A EH 208 EZBUTRSIRAENSRDHRCOR, 1559 61.919655

Figure 5. Schematic identification results
E 5. RAERTE

IR ARG =T SRR AN 8 B

Table 8. Performance of the model on the training set

8. BEEINAE LR

A HER A (LA 5 SE IR )
CNN 48.6%
CRNN 79.2%
CNN-LSTM 66.7%

IR FE R IE SR S PGB PR bR A R E R, FECRATAE H U, BFE IRk . HERIR . 22K,
IOAERR . IUEER RS S, R T W AT B R A A . =R Ty R AE AR B Ak
FIE] 6~8 AR,
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Figure 6. CNN model
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Train loss Test error rate (%)
2500 1.193
2000
0.9
1500
06
1000
500 03
1.184 Lf\ 0.06787
0 100 200 300 400 500 0 10 20 30 40 50
Number of batches Number of epochs

Figure 7. CRNN model
7. CRNN 1&#
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Figure 8. CNN-LSTM model
& 8. CNN-LSTM #&8!

R EIBUU A AR TR 0 O BT, AESIBRYIZEITRE , CRNN BUB(EL A MR 40 LT .

CNN-LSTM BRI i o AR, S ORI, R REE SE e DL ST R 2.
SYTIRIE A LSTM R (SATF 6 HALATERT . SHOHUIRS  MEDLIR(FC5 . CNN BURACR T 51
Hebt, G, (RECRR AT . 5 ONN BUM S BEIHUR IRRHE, 20 T Wb iRa( 5
R PR L TSR

I, SIS AR LM, 75 10 CRNIN HUBEREAT BRI IFLALA, SR 0 IO B
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Table 9. Performance of the model on the testing set

0. RAEMAE LRI

MRFER S5 ZHE L Ji%— CNN J7 % CRNN 75 %= CNN-LSTM
Learningrate ) H 9x10® 4.876x107 9x10*
Trainloss R R EE 0.4446 1.184 0.6427
Testcer MR F R IR 0.1572 0.06787 0.2018
YISt ] TR (R R I B AR 16 /N 48 /NEFLL 1 168 /I LA |
5. &g

ASCSEPL T R T WREHRSIHIE S A SR R GER B IR, JRR I TR R GRS, AR SEIG

LRSI AR AT 5. JEr, CRNNARBRYSCHL 1 8 R AR 2 A8 TR T 0.07 AURICR, DLW AE MR
PRAE S IRAMES ERARIMERE, BEREAVUNHIER, A&l Uhix.

FEASCSE T, B0 RS T ISR, & 24E PC imse i, HJaW I T oot Hse e,

EMER BB, RN, 732 40 S S IR 0 G MR I IR T MRS I A 2 A T ) R AR

AR AR A L T

SEEk

[1] M TCE BEARG R AT, —PhHs BT e AFIIENT e A ST B R RE 38 B & b Rl F5[EB/OL].
https://www.docin.com/p-2248375934.html, 2023-03-23.

[2] Lee, W, Seong, J.J., Ozlu, B., Shim, B.S., Marakhimov, A. and Lee, S. (2021) Biosignal Sensors and Deep Learn-
ing-Based Speech Recognition: A Review. Sensors, 21, Article No. 1399. https://doi.org/10.3390/s21041399

[B81 ZE0b, RER. [ ENEAFE ) TCRERG S B RG] IR, 2022, 12(11): 113-116.
https://doi.org/10.16667/j.issn.2095-1302.2022.11.034

[4] Rk, X N R REHEORTE BN N VA AT 7 1S A ] 8 EERAR, 2021(7): 256-257.

[5] Joshi, A, Sierra, H. and Arzuaga, E. (2017) American Sign Language Translation Using Edge Detection and Cross
Correlation. 2017 IEEE Colombian Conference on Communications and Computing (COLCOM), Cartagena, 16-18
August 2017. https://doi.org/10.1109/ColComCon.2017.8088212

[6] Sun, K., et al. (2018) Lip-Interact: Improving Mobile Device Interaction with Silent Speech Commands. Proceedings
of the 31st Annual ACM Symposium on User Interface Software and Technology, Berlin, 14 October 2018, 581-593.
https://doi.org/10.1145/3242587.3242599

[71 Ahmed, M.A,, Zaidan, B.B., Zaidan, A.A., Salih, M.M. and Lakulu, M.M.B. (2018) A Review on Systems-Based
Sensory Gloves for Sign Language Recognition State of the Art between 2007 and 2017. Sensors, 18, Article No. 2208.
https://doi.org/10.3390/s18072208

[8] Nishimura, T. (2020) Primate Vocal Anatomy and Physiology: Similarities and Differences between Humans and
Nonhuman Primates. In: Masataka, N., Ed., The Origins of Language Revisited, Springer, Singapore.
https://doi.org/10.1007/978-981-15-4250-3_2

[9] Ghai, W. and Singh, N. (2012) Literature Review on Automatic Speech Recognition. International Journal of Com-
puter Applications, 41, 42-50. https://doi.org/10.5120/5565-7646

[10] Lu, X., Li, S. and Fujimoto, M. (2020) Automatic Speech Recognition. In: Kidawara, Y., Sumita, E., Kawai, H., Eds.,
Speech-to-Speech Translation. SpringerBriefs in Computer Science, Springer, Singapore.
https://doi.org/10.1007/978-981-15-0595-9 2

[11] Electronic User Guide Stethoscope.
https://minttihealth.com/wp-content/uploads/2022/06/Digital-Stethoscope-User-Manual.pdf

[12] &&, R, PR, & ETHEEZINBSmE SR REUTE]L BEAIESHRAXRGENH, 2020,
20(9): 28-31+35.

[13] Lee, S.J. and Kwon, H.Y. (2020) A Preprocessing Strategy for Denoising of Speech Data Based on Speech Segment

Detection. Applied Sciences, 10, Article No. 7385. https://doi.org/10.3390/app10207385

DOI: 10.12677/m0s.2024.131035 375 e RSE TR


https://doi.org/10.12677/mos.2024.131035
https://www.docin.com/p-2248375934.html
https://doi.org/10.3390/s21041399
https://doi.org/10.16667/j.issn.2095-1302.2022.11.034
https://doi.org/10.1109/ColComCon.2017.8088212
https://doi.org/10.1145/3242587.3242599
https://doi.org/10.3390/s18072208
https://doi.org/10.1007/978-981-15-4250-3_2
https://doi.org/10.5120/5565-7646
https://doi.org/10.1007/978-981-15-0595-9_2
https://minttihealth.com/wp-content/uploads/2022/06/Digital-Stethoscope-User-Manual.pdf
https://doi.org/10.3390/app10207385

Wfieatfi,  DEHRE

[14]

[15]
[16]
[17]
[18]

[19]

Labied, M., Belangour, A., Banane, M., et al. (2022) An Overview of Automatic Speech Recognition Preprocessing
Techniques. 2022 International Conference on Decision Aid Sciences and Applications (DASA), Chiangrai, 23-25
March 2022, 804-809. https://doi.org/10.1109/DASA54658.2022.9765043

Zhang, T., Shao, Y., Wu, Y., et al. (2020) An Overview of Speech Endpoint Detection Algorithms. Applied Acoustics,
160, Article 107133. https://doi.org/10.1016/j.apacoust.2019.107133

Caterini, A.L., Chang, D.E., Caterini, A.L., et al. (2018) Recurrent Neural Networks. In: Deep Neural Networks in a
Mathematical Framework. SpringerBriefs in Computer Science, Springer, Cham. 59-79.
https://doi.org/10.1007/978-3-319-75304-1 5

ER, UE, KA. 456 LSTM F1 CNN WG 280 IR B2t 22 P 4515 5 AL D). 1R F4ik, 2018, 37(2): 194-205.

MRk, WHEHEE, MR, 2% {3 F Conformer 1 #2 [¥]7E & CTC/Attention 3 23 rh SCE SR MI[I]. HHENLTAE 5 RN H,
2023, 59(4): 97-103.

Seki, H., Hori, T., Watanabe, S., et al. (2019) Vectorized Beam Search for CTC-Attention-Based Speech Recognition.
20th Annual Conference of the International Speech Communication Association: Crossroads of Speech and Language,
INTERSPEECH 2019, Graz, 15-19 September 2019, 3825-3829.

DOI: 10.12677/m0s.2024.131035 376 e RSE TR


https://doi.org/10.12677/mos.2024.131035
https://doi.org/10.1109/DASA54658.2022.9765043
https://doi.org/10.1016/j.apacoust.2019.107133
https://doi.org/10.1007/978-3-319-75304-1_5

	基于喉部振动的语音自动识别系统的设计
	摘  要
	关键词
	Design of Automatic Speech Recognition System Based on Throat Vibration
	Abstract
	Keywords
	1. 引言
	2. 研究方法
	2.1. 语音自动识别系统基本结构
	2.2. 神经网络算法
	2.3. 系统整体流程

	3. 算法及理论基础
	3.1. 预处理
	3.2. 卷积神经网络CNN
	3.3. 递归神经网络RNN
	3.4. 长短时记忆神经网络LSTM
	3.5. 解码算法

	4. 实验结果与分析
	4.1. 数据集准备
	4.2. 模型训练配置
	4.2.1. 实验配置
	4.2.2. 模型训练参数

	4.3. 系统测试结果与分析
	4.3.1. 评估指标
	4.3.2. 测试结果与分析


	5. 结论
	参考文献

