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Abstract: Dysarthria speech contains the pathological characteristics of the vocal tract and vocal folds. However, these
characteristics have not yet been included in traditional acoustic features. Furthermore, the nonlinearity and non-
stationarity of speech are also ignored. Therefore, this paper proposes a feature enhancement algorithm for dysarthria
speech called WHFEMD by combining empirical mode decomposition (EMD) and fast Walsh-Hadamard transform
(FWHT). In this proposed algorithm, the dysarthria speech undergoes fast Fourier transform first, followed by EMD to
obtain intrinsic mode functions (IMFs). Then FWHT is applied to generate new coefficients and extract statistical
features as well as enhanced features based on Power Spectral Density and Gammatone Frequency Cepstral
Coefficients based on IMFs. Disease classification is conducted using data from UA Speech and TORGO databases,
which is further evaluated by using an imbalanced classification algorithm. According to experimental findings,
WHFEMD enhanced features are significantly superior to traditional features. After balancing the data with the
imbalanced classification algorithm, the identification accuracy rate increased by at least 12.18 percentage. This
demonstrates that WHFEMD can more ccomprehensively characterize dysarthria speech while addressing issues
related to its non-stationary and non-linear characteristics as well as lack of simultaneous characterization of local
pathological information in both vocal folds and vocal tracts.

Key words: dysarthria; feature enhancement; empirical mode decomposition; Walsh-Hadamard transform;
pathological speech
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Fig.1 Block diagram of pathology speech recognition system
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BHEB % | BEH % (R %
PSD(RF) 49.59 | PSD(BG) 50.49 | PSD(MLP) 51.15
Pitch(RF) 50.74 | Pitch(BG) 54.03 || Pitch(MLP) 53.82
LPC(RF) 5592 | LPC(BG) 55.27 || LPC(MLP) 55.27
LSP(RF) 52.80 | LSP(BG) 54.01 | LSP(MLP) 54.01
FESF(RF) 58.37 | FESF(BG) 56.53 | FESF(MLP) 56.53
WHFESF WHFESF WHFESF

. 2. 2.

(RF) 63.99 (BG) 62.65 (MLP) 62.87

7E TORGO #HfiFE b, A7 EFFE 2 T 5
R4S R . WFk 5 Brox, WHFEMD 5L Rt 4t
1T 2445 FE WHFESF iR 745 52 7E RF. BG. MLP %
2% FRIHERIE 2090 81.10%- 80.00% Al 78.84%,
R AT Br & H At FF 1E . BH MFCC FF 1k .
WHFESF 5 PSD. Pitch. LPC. LSP. MFCC #H
b, RF 2 RUEMZ 2 53 m 17 3.84 A 7 5.
274 NEGY R 2.06 NH L 2.81 AN E A A
0.35 NE 5, BG 0 BHEMER S BIRE T 2.26

0.69 AN E 43 A1 0.55 ANE 4 A

Tt #& TORGO it UA Speech %4 %, FESF
AT WHFESF 1551 25 J e A 348+ HoAth H i 8 72+
eI FH S FH (75 A . X R, AR SCRFIE R i
TR ER S TG, RRIERA R AN RIRE FE 1Y
M ERERGE S, StEm, v e m s A
BN RGIPERE

W 6 fitz~, %t UA Speech $#E P 1 B4 %
Fi FEMD 53 #2 Bt PSD %5 1iE fir 15 £ ) FEPSD 4§
fE, RF 5 5K5 B M 49.59% 2 = 5] 60.45%, BG
WK FE N 50.49% $2 &1 F1] 59.33%, MLP K 5K
FEM 51.15% 42 T+ & 58.84%. [ i WHFEMD J5
(EP WH2FEPSD), #Htt PSD, RF. BG. MLP %
KA RAKEE AT 18.14 NHE T A 16.16
MHD R ISSANHE N X RY T
WHFEMD #1 FEMD J57 VALEZ A FAIE ) 3 224 ) n]
1Tk

MFE 6 HiE ] LUE H, 4% WHFESF 41t %
FHIES GFCC FHE4 & s (EP WHGFCC), £
RF 73 25 2 UET R 76.54% 2T 2 80.08%, 1
BG 43 28 2% I 1K 0l 78 7 2 M\ 73.25% & = F] T
76.18%, A¥1H MLP 732588 (iR M #ERH 25 A 80.02%
JE A 82.50%, X[FEFEEKE] T WHFEMD J7 V41
R FFH, PLEZ R T B4 MFCC FHiEfE
P A i 7S PRI 2 RS, R I — 3
4 P LT oA 7 v B AL 45 R

% 6 FEMD #1 WHFEMD R fi T PSD/GFCC #9iR 5l 4 7
& (UA Speech H1EE)
Table 6 Recognition accuracies of FEMD and WHFEMD
applied to PSD/GFCC (UA Speech database)

FROE WERRR/|  ASHE HERRER/ FFE HERf =R/
Baos, 007 MEDA. 204 M ED A 1.85 1 H (4328 % (4r2ae) % (32 %
I3 BRI 0.68 AN 43 i, MLP 20 UEf R 40 il & PSD(RF) 49.59 | PSD(BG) 50.49 | PSD(MLP) 51.15
3% 5 FEMD/WHFEMD i24it $45E S 5% B A S 4HEL MFCC(RF) 67.10 ) MFCC(BG) 65.10 |MFCC(MLEF)  65.10
# (TORGO KJEF) FEPSD(RF) 60.45 |[FEPSD(BG) 59.33 |FEPSD(MLP) 58.84
Table 5 Comparison of statistical features presented by WH2FEPSD 6773 'WH2FEPSD 66.65 WH2FEPSD 66.65
FEMD/WHFEMD and common acoustic features (RF) ’ (BG) ' (MLP) '
(TORGO database) GFCC(RF) 76.54 | GFCC(BG) 73.25 ||GFCC(MLP) 80.02
FRAE WERGR/| HRE HERRR/ RHE HEZ/ WHGFCC 0 o || WHGFCC | WHGFCC )
(e % () % (7 24%) % (RF) ’ (BG) ’ (MLP) '
PSD(RF) 7726 || PSD(BG) 77.74 | PSD(MLP) 78.29
Pitch(RF) 78.36 | Pitch(BG) 79.93 | Pitch (MLP) 78.77 R 7 fros £ TORGO % #5 # &, ¥ FEMD
LPC(RF) 79.04 | LPC(BG) 77.96 | LPC(MLP) 77.74 A WHFEMD i il F PSD A1 GECC | [Fl #4525
LSP(RF) 78.29 || LSP(BG) 78.15 || LSP(MLP) 78.15 o b , b3 | e S A 4
MFCC(RF) 80.75 || MFCC(RE) 7932 |MFCCMLP) 78.29 FAR Bt Hm\PSD %ﬁflﬂ’]umhﬁﬁ%iﬂ 73\“515
FESF(RF) 79.45 || FESF(BG) 79.38 | FESF(MLP) 78.28 THT 438 NE L 3AS AN E L 2.6 NE A,
WHFESF || WHFESF | WHFESF _ GFCC FFAE B 73 RUER R WA I T 1.57 4 F
(R) ) (MEP) SP R 2.67 NTISY A 3.8 DNTIS AL XTHLZ BITE
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Table 7 Recognition accuracies of FEMD and WHFEMD
applied to PSD/GFCC (TORGO database)

FRE HERIR/| 4IE R/ FEAE TR R/
(rE#) % () % () %
PSD(RF) 77.26 || PSD(BG) 77.74 || PSD(MLP) 78.29
MFCC(RF) 80.75 |MFCC(BG) 79.32 |[MFCC(MLP) 78.28
FEPSD(RF) 79.52 |FEPSD(BG) 79.38 |FEPSD(MLP) 79.38
WH2FEPSD . WH2FEPSD | WH2FEPSD o

(RF) (BG) (MLP)
GFCC(RF) 85.14 | GFCC(BG) 83.63 || GFCC(MLP) 86.78
WHGFCC WHGFCC WHGFCC

71 . .

(RF) 86.7 (BG) 86.3 (MLP) 90.58
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Fig.4 Confusion matrix of WHGFCC and GFCC features on UA Speech database
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Fig.5 Confusion matrix of WH2FEPSD and PSD features on UA Speech database
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Fig.6 Confusion matrix of WHGFCC and GFCC features on TORGO database



248 PR S A N 2025 4F
SR 32 73 121 1122 SHHR4L b 47 83 169
BEr 7 7 57 18 BE 1 1 12 20
i ¥
oy 2y
W o 0 1 0 0 ST ) 0 0 3
HEF 12 3 4 3 HEE -3 0 1 7
HE W 7 WEA HE REE 7E R4
bR TR
(a) WH2FEPSD+BG (b) PSD+BG
SR 26 75 122 SHEA - 50 84 178
oo RER 1 e 56 28 BEL 0 0 4 9
& &
<) X
g 2 0 0 2 B g b o 0 0 1
HEF 12 3 4 2 EE r 1 0 0 3
HRE R L3553 pagictEl EE R B X e 2
TR TRIbREE
(c) WH2FEPSD+RF (d) PSD+RF

7 WH2FEPSD #1 PSD H#iE7E TORGO 4 i ) VR 75 46 i
Fig.7 Confusion matrix of WH2FEPSD and PSD features on TORGO database
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Table 8 Comparison of complexity and running time
BetweenWHFEMD and traditional algorithms

SRR/ BN

vk pe MiB BATHK s R

HOESERE  1.02 438 482.56 O(N)
g5 1.25 458 33272 O(N+Nlog,N)
JINR7 3 S

gi;ﬁé&” 0.24 9.38 956.89  O(N+Nlog,N)
=]

AR

(WHF];E]\;’D) 125 558 104849 O(N*+Nlog,N)

E: NESKE.
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Table 9 Comparison of complexity and running time of
different feature extraction with WHFEMD

FEAIE SHR/10° BT K /s
FESF 1.02 646.32
WHFESF 1.25 951.15
PSD 0.24 580.76
FEPSD 125 878.28
WH2FEPSD 1.26 1269.15
GFCC 0.25 619.78
WHGFCC 125 1068.29

2.3.3  'WHFEMD HyE7E Bl o R E IR

HHZ 4~7 AT %1, WHFEMD R T- GFCC H#1iE
AT A RO, RS 3 e L WHGFCC
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RET 1218 AN E 4 A 4515 N E 4 s, 1 UA
Speech £ 2 Eorsll$e s T 34.55 AN 43 £UFT15.56
MNED A XKW, BTSRRI EYLUAFNR D
(AR 73 R BAL T IR B KA AR . B
b, ZEESCRR[B TR AR A T 3 —
1) SVM A NB Ul %15 2R KI¥1$2 5, 7 TORGO

% 10  TORGO 7 UA Speech HIEFERIR A ERZELLEER
Table 10 Comparison of identification accuracy rates on the
TORGO and UA Speech databases

WU R /%
Bk TORGO UA Speech
ol 12 s
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