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Classification of normal and pathological speech by effective
feature parameters

GUO Le-le, CAO Hui, LI Tao
(School of Physics and Information Technology, Shaanxi Normal University, Xi’an 710100, Shaanxi, China)

Abstract: The feature parameters PA (pitch amplitude) and SFR (spectral flatness of the residue signal) and the vowel
cepstrum domain feature parameter CPP (cepstral peak prominence) are used to distinguish between normal and
pathological speeches. In the Saarbruecken Voice Database, 216 normal and 216 pathological natural tones /a/ are se-
lected for experiments. The statistical results show that compared with normal speech, the PA value of pathological
speech is smaller, the SFR value is close to zero, and the CPP value is also smaller. Combined with other features analysis
and comparison, it is proved that SFR, PA, and CPP are excellent and stable feature parameters for normal and patho-
logical speech classification. The classification accuracy obtained by support vector machine is relatively higher by the
comparison of different classification algorithms.
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(CPP); support vector machine
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Fig.1 The waveform diagrams of normal and pathological
speeches and corresponding residue signals
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Fig.2 The normalized autocorrelation waveforms of the residure
signals of normal and pathological speeches
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and pathological speeches

23 fEhiGiEERE CPP

B R NES (G5 B R A AT, 78
AT DO BIE 5 A BRI R g s 7EfR)
1 NIRRT e R 2 aht . Bl
(BN, X5 5 B AR i O #5002 55 FdEAT
8 B S AR AR B, X E ST IR T 45
s MG R H T R0 f5 R — RO
R, VORI IR SR 755 iRy
Ay 55 IRBI AR LG T A R o 1
PEo FEIREFIEEAEAE O¢, BA RN
WA S5 5 AR E S R R, Hitka
FIRE RS I E 28 Y CPP, B SUNGEE g —As
WA P s FEE AR HL T 7 2 1 (e 28 B e T 2 22, B
17 dB. EARGR BB AR 5 (5 1l 75 5 7 2 (6] 1)
PHES, PEESECR, UL ST, FEEs
HEIT . CPP [FIRE AT DL WUE 3515 5 1B 45 H K
SPRIME S oy, 5T R M RS, 1A
7%, CPP{Hl/~. IEHES RN BRZ, Kix
2%, CPPEIK, TMiiEiIES HTHTHRL S
FOES PR N, B AR, L CPP
(ERNN

1E 1 A BOE (5 5 R e an B 4 B
7~ B ac). 4d)EHE 4(a). 4b) TGRSR, F
W E AT DA A Z2 R EHEIE(E . A 4(c). 4(d)
AL, EEESE SRS A A — R g
B, TMREES A MRS, BRI EAE R .
R 2 BT 1Z 1R 5 155 1) CPP{E /2 34.744 6 dB,
HIES CPP {HA 17.630 8 dB, /G 1EHIES
CPP 1l & 20.5639dB, i i&k% CPP fH A
8.418 2dB, W LLAE IR FIFaiic & il )5E ,
R ERAES I CPP {E# /N T IE % 53515 5 1 CPP {H.



5 W

R RSE: A BAHES B RIE R SHEIEH 557

) M ) M
00 40 00 40

8145i/ms 18145i/ms
(a) TFH 5 G A (b) RERIE S B8]0 A

& {#/dB
& {#/dB

100 100

40 M 40

0 40 0 40
f5145i/ms 18145i/ms

(c) T IEFEE AR (d) T EREE & R ERS A

K4 iEEE SIS
Fig.4 The cepstral peak diagrams of speech signals
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Fig.5 The box graph of feature parameters
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