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Two-stage PD speech clustering envelope and convolution
sparse transfer learning algorithm

Zhang Xiaoheng"? | Li Yongming”, Wang Pin’
(1. Chongqing Open University ,Chongqing 400052, China; 2. School of Microelectronics and Communication
Engineering, Chongqing University, Chongqing 400044, China)

Abstract: The research on the Parkinson’s disease (PD) speech recognition algorithm is important for timely diagnosis and treatment.
However, the existing public PD speech datasets are characterized by small sample sizes, which is one of the main challenges faced by
existing PD speech recognition methods. To address this issue, a novel dual-side two-stage means clustering envelope and convolution
sparse transfer learning model is proposed. First, for the dataset side, multiple groups ofconvolution kernels are trained, which is based
on the source domain dataset. Then, the optimal convolution kernels are filtered by the encoded intermediate dataset. Finally, the target
domain dataset is encoded by the optimalkernels. In regard to deep instances clustering envelope,an iterative mean clustering algorithm
is designed to construct the deep instance space. Secondly, various classifiers are developed after sample/feature parallel selection.
Finally, the classification results of different instance layers are fused. In the experiment, the representative PD speech datasets are
selected for verification. Experimental results show that the main innovative parts of the proposed algorithm are effective. Compared with
more than ten classical algorithms,the obvious improvements in terms of classification accuracy are achieved 97.8%. In addition, the
proposed algorithmhas potential in clinicalapplications for acceptable time complexity.
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13 99.3 98.5 100. 0 0.985
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HAERLAZECR 9 AR T i K (H 88. 0% , (EAFEREN
&, ARG B Z 0t AN [R] A A E AR SR, R E
T IRLEE 19 S5 i G AT, VR R AR s [ B VR AT AR i
B 3 B R %8, 3K — p FE AR S T BREE RE AR 2 2 AL
il 7 R AL

100 r-

995 :
98 I pa—— e
96 //
o o4t
s 92t /‘/
£ 90
§ 88
R g6
sal// —o—wpiEsEL]
o/
o [ a4 3
80 . ‘ s ‘ -
I 3 5 7 9 1 13
A B

Bl 1 25T Sakar Bli e AR a4 T AP RE LA
Fig. 1 Performance comparison based on Sakar

datasetfor different intermediate datasets
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Bk TSTL Y4345 51 50 1 2 8 B8 e fE i S %5,
FRIERE RO A 4,2, 4 BFHERfR SR8 B i KAE 77. 5%
TMREEZS [ 2 2 S E00 0 R 6,5, 18 B HER 3 15
B KAH 75% o 113 4 255 0] WL, AN [R) 2 B S ot g
JITXE I B B EO AN HA ], BRI B A i 5 2 0 ) B
PR AR —ZRESE S
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Table 4 Influence of hyper-parameters on classification
performance based on Sakar dataset

( Intermediate set 1)

S W FE bR
BHT BRU RHEWE BFE Ace Sen.  Spec. -
BEC WEC B0 % /% /%
FEGE 8 6 47 90.0  90.0  90.0 0.800
F1E 4 2 4 71.5 70.0 85.0  0.556
B2 6 5 18 75.0  80.0  70.0 0.503
H3E 4 2 71 80.0  75.0  85.0 0.603
H4)E 4 3 1 87.5 90.0 85.0 0.751

2.4 EEIE

75 2.3 %5 1)t RESET Sakar HbRECHE 70 1 )4
1 R3] b RE ARG 2 B2 9, i) 4 2 B2 13,
Rl 3 IR 11, G ERBORZ ST T 2
HIRESH SRS 2 FLIF [ AN O, IR AE/IMEE AR 1Y) E AR
£ RS EWE BAZ Tlm RN ] PR T 5 AL
o AR SO IR R AR S [ Y RS 2 E0E R 5, TR
U0l R G0 2 B R GRfErf 3  3m Rz fLRE T .

W 5 FroR A SCHEIRL T — 28 J2 30 H 0L A7 2
T Sakar AR EVEATHERE LB, EFE K IT4F ( K-nearest
neighbor, KNN) 137 5 [a] 3 #L ( support vector machines,
SVM) B #EAT L 502 PR 3 I 4 26 4 . AR b 45
RPN U B EEAS 1 73 e A AT 73 R UHE R R0 F AN
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PEEEIRE BAE M4 (deep belief networks, DBN) FlIE& L
22 W 2% ( convolutional neural network , CNN) #E47 b2 I
HREA MBS ik, k5 hEi R R, H
M T UNZREEA L/ IMERERL A, DBN+SVM(TL) S ffy
BORE R 2 2 Bk & TIMIT 2 2550408 48 7t il 25
DBN 2% Bk H br 5 5 A 21 2547 19 DBN W 2% ) X
AT 2, ZELAY , Autoencoder+SVM ( TL) J7 i &
FH TIMIT 2% 284k 56 W0 25 B 3l 2 % 4 , B I 2 4
1Y Bl g B A T g A H AR AR IR EAT 402 X
PAFR T3 02 B T A ATTRR 26 TIMIT 8l 46 19 5 B
FERSE, SACEENS | MBREBEIRERER
RO, S2EGERH], TSTL B Ml TSTL&DISC F T
oAt e | AR SCHR Y B SR R A A, (X
SYRARIE SVM)

R 5 ET Sakar HIEEMERE LR

Table 5 Comparison of main algorithms based on

Sakar dataset %
ik Acc. Sen. Spe.
KNN 52.5 55.0 50.0
SVM(RBF) 67.5 80.0 55.0
DBN 54.6 52.4 56.8
CNN 60. 0 63.0 57.0
DBN+SVM(TL) 55.5 60.0 51.0
Autoencoder+SVM ( TL) 72.5 75.0 70.0
TSTL (H/al4E 1) 90.0 90.0 90.0
TSTL (H/al4E 2) 82.5 90.0 75.0
TSTL ( Hr[al4E 3) 80.0 70.0 90.0
TSTL&DISC (a4 1) 97.8 97.0 98.5
TSTL&DISC (|4 2) 96. 8 95.0 98.5
TSTL&DISC (H[E4E 3) 96.0 94.5 97.5

MR 6 Frn, X YR BGE KA RN PD &
MR AT A, B, P H R Sk ¥ SR H LOSO
XKL T, SAN SRS R UE T A e AR R, HARSE F
[F]— HARE G4 (Sakar 9548 ) | PRI E5 R HL A 5 5L,
) AR & R, TSTL&DISC 7E A1 4E 1 FHUE T 97. 8%
B2 2SR % P T Hofth SOk Bk, X — e ik
PUAE U AR L, BBAh 38 AT DU B, R R A AR
KRR A, AR SCRTEAR IR BE IS 55 /= 1) HE R %
KEN 96% , X HEULHH , BRI R FH 5T 5 4 2 1 IR B a0 R 1
Sy aI4E A SCRE MAK SR RE S AR AT B A B B RS 2% )
LB AR RS 2% ) B AR B A R Xt () 2 U
TRIEREAR 2 S B R A 2L

R 6 ET Sakar BUIREMHEXXBME L LILE

Table 6 Comparison of relevant literatures based

on Sakar dataset %
A Tk Acc. Sen. Spe.
k[ 16] KNN+SVM 55 60 50

k23] 4 Feature Selection Methods+ 575 54,08 20

6 Classifiers

SCHR[ 24] MENN+RF with MENN 81.5  92.50 70.50
k[ 25] HFCC+SVM 87.5  90.00 85.00
CHK[26]  Hybrid feature learning+SVM ~ 82.50  85.00  80. 00
k[ 27] MFCC+SVM 82.5 80.0 85.0
SCHk[ 28] LDA-NN-GA 95 95 95
. X* Model + Sample

SCHk[29] Sl N]\II’ 97.5 100 95
3CHk[30] CSC+DA 97.5 97.5  97.5
WAL TSTL&DISC( P4 1) 97.8 97.0 98.5
WAL TSTL&DISC( Al 2) 96.8 950 98.5
WAL TSTL&DISC( il 3) 96.0  94.5 97.5

W 7 i A SCHE A 38 A [ B SR B0 4
Wk B TRAFRCR . 5B A KNN FT SVM 7302548
AH L AR SCHE H 7R A 2 2 e R U T B g i
Al ik 87.3% ,UEH T A SCRE R N PD B3 £ 48
B4 Rk

R7 ETERBEENEREELR

Table 7 Comparison of mainstream algorithms based on

Self-collected dataset %

Tk Acc. Sen. Spe.

KNN 55.6 0 92.6

SVM( RBF) 60. 0 0 100.0

WAL TSTL&DISC (HE4E2)  87.3 71.1 98. 2
AL TSTL&DISC (Pal4E 3) 85.4  69.2 96. 3

2.5 BEEHRESH

BRI SR 108 58 U TR S5 -1 15 A 1 1] 5 4K
T RSB 11 AN T A VAR, ST TR IO 4 s ] 52 2% JEE
E R T R R S [R5 BB SR AR AR 25 (B A5 2 By
BT oA I EEAE . A3k 8 R, & T Sakar Xidls
AR 1R PR B AR A 23 ) A [ J2= ) ) ) A
MRJZ B )2 AR RhBOR B, 3 2 h T REE 2 HoBm R
JEREAR KL 2 5 IR A LR D | B 323035 0 B A R AR R
PN A PRI AT . T bagging MR SR R HE T 2
AT, 252 BRI R 25 TR A YRS, RN
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21.75 s, BTN HAREEXT B FEAR 25 18] 323804 (subject)
B RS BB A B YA R IR DR Ik e 1) 91 e 5 A2 3 e
B EE, B S B b, RO SRR R 5 30 s AR 1 3
40 Ni2Wras R ( HAREE 1 5 40 £452380% ) , A %] 1 min
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TR PR N 0 B SR IR, H R B AR A
(MATLAB, Python %5 ) F AL A AR 9 T 15T (C, Java
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Table 8 Comparison of time complexity of algorithms in
different layers of deep instance space based on Sakar

dataset ( Intermediate set 1)
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