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Three channel pathological speech recognition based on
LMD improved feature extraction

Zhang Nan Chen Xinyu Hou Yitao

(School of Information and Communication Engineering, North University of China, Taiyuan 030024, China)

Chen Yuanyuan

Abstract: Aiming at the problem that patients with dysphonia lack clear and accurate pronunciation, which leads to low
pathological speech recognition rate, an improved Gammatone Filter Bank map feature extraction algorithm based on
LMD is proposed for three channel pathological speech recognition. Firstly, the algorithm uses LMD to decompose
speech signals, performs short-time Fourier transform on each decomposed speech component, and synthesizes
frequency to extract filter bank features and their first-order and second-order differential features, forming LMD-
GFbank map features that can obtain effective local features of pathological speech. Secondly, in order to further
improve the problem that the network model will miss some effective feature information during the training process, a
three-way pathological speech recognition model is proposed. Finally, the pathological speech recognition model is
trained and tested by combining the speech feature information. The experimental results show that the recognition rate
of LMD-GFbank map features on the three channel pathological speech recognition model reaches 93.36% , which is
better than the speech recognition performance of traditional MFCC, GFCC, and Fbank features, and verified that the
proposed algorithm and recognition model can improve the accuracy of pathological speech recognition.
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Fig. 2 A three channel pathological speech recognition network model based on DSC
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Table 1 Pronunciation corpus of pathological speech patients
Rk R K I Ait
b7 ALPHA,BRAVO,CHARLIE,DELTA,ECHO,FOXTROT,GOLF,HOTEL,INDIA,JULIET,KILO,
SRV
”‘:fgk% LIMA,MIKE,NOVEMBER, OSCAR,PAPA,QUEBEC,ROMEOQO,SIERRA, TANGO, UNIFORM, 26
?_

VICTOR, WHISKEY, X-RAY, YANKEE
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Table 2 The clarity of pathological speech in different patients
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Table 3 Recognition performance under different

input features

b A WRA
FEE  LBFE Ak
MFCC &%k 79. 67 75. 00 78.76
GFCC 2% 81.32  75.45  80.18
545 Fhank $#1iF 87.25  83.18  86.46
LMD-Gfbank 522 4 92.09 90. 45 91. 77
LMD-GFbank F{§4#/F  94.18  90.00  93.36

R4 FREFRNERTHIRMNER
Table 4 Recognition performance under different speech

recognition models

R WRAJ
FBEE LBE BK
2 DSC 51 A 87.80 84.55 87.17
K AR 22 45 +DSC R HIA A 90.77  87.73 90.17
WK AR 22 P 46+ DSC IR BB 92.53  90.91 92. 21
T DSC 1 = B HLE & IR B A 94,18 90.00 93.36

WM EEF 3 7 A1, LMD-GFbank 3% 4% fiF 72 3% T DSC
F14 = B B U R L b A B o SRR R E 2
IBH 93,36 00 B X Tk oM K AT AR IR AR K F)
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Fig. 5 Recognition performance of LMD-GFbank map features of

different patients on dual residual network-+DSC model
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Fig. 6 Recognition performance of different patients in

LMD-GFbank with the removal of differential features
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Fig. 7 Recognition performance of patients with different

speech disorders under LMD-GFbank map features
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Table 5 The recognition performance of patients with different levels of speech clarity under different methods
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