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Implementation of Speech Recognizer using Relevance Vector Machine
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ABSTRACT

In this paper, we experimented by three kind of method for feature parameter, training method and recognition algorithm of most suitable
for speech recognition system and considered. We decided speech recognition system of most suitable through two kind of experiment after
we make speech recognizer. First, we did an experiment about three kind of feature parameter to evaluate recognition performance of it in
speech recognizer using existent MFCC and MFCC new feature parameter that change characteristic space using PCA and ICA. Second, we
experimented recognition performance of HMM, SVM and RVM by studying data number. By an experiment until now, feature parameter by
ICA showed performance improvement of average 1.5% than MFCC by high linear discrimination from characteristic space. RVM showed
performance improvement of maximum 3.25% than HMM in an experiment by decrease of studying data. As such result, effective method for
speech recognition system to propose in this paper derives feature parameters using ICA and run recognition using RVM.
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2.1. PCA(Principal Component Analysis)

AT E40] gle nAtHe] 9 WE Xl vl
€ g;ote] Ul Aol o n7j 9] F G (Projection) S A3
F ko A ()3 2ot

o= X=X"g, j=12,-m o)

o714, n7hel &9 HE) @=lq;, g5, 33 0,19 B
WE] Xof o] §9 a;F 54 £(Principal Component)©]
G A0 A@s Lol Y F Pom AE

29 4L A3)FH 2k 4714, noh el S E Qe
A} 3.2 7 (Orthogonal) 3tc}.

a=lay,aga5a,]"

=[XTq, X7g,, X gy, X7q,]"= Q"X @)

X= Qa= Elaj g; 3
i=

A9k A3l A 4 Xel| g 9] WE Q9
A ad] EeolA A F4E QA 9A AEE W
gato] Agith FAE AAAME Q% aE 4Y X9
x+- 2} 8) & (Correlation Matrix) B<] 112 €] (Eigenvector)
o} 315X (Eigenvalue) £ ) x| 5] 1 F-AK(Variance) ]| 2] 3}
o 428 4BAL RS 145700 2 45l mAAE A}
281o] 2)(4) gk 2o) ) 49 WE] XS AL 59k

a;

E 4=la @ an| 2|, m<n @

a’m

2 B9} ol 03 14 A Qo n#A AF
Fahe P e AG)T e 2o

R=EXXT|=Y N\ qd’ )
i=1
RQ=04, Azdiag[Ah’\Z""’)\m’“"\n] ©)

1597



FR RGP B FTANGH =4 Al1A AL

714, ne 4 WE X9 4
?‘%]: o /‘-8 _,]U]'O’]PC}-

Foln}, mE 4

2.2. ICA(Independent Component Analysis)
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2.3. SVM(Support Vector Machine)
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2.4. RVM(Relevant Vector Machine)
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Fig. 1. Block diagram of speech recognition system
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Table. 1 Result for each feature parameter in the HVM

Data Feature Number of Trained Recognition

Type | Parameter Data Rate

40 98.75%

20 98.75%

1 10 97.38%

5 96.50%

1 95.00%

MFCC 40 95.00%

20 94.00%

2 10 92.50%

5 88.00%

1 86.00%

1 97.38%

2 FCA 40 91.50%

1 99.00%

2 1cA “ 96.50%
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Table. 2 Result for each feature parameter in the SVM

Data Feature | Number of Trained Recognition
Type Parameter Data Rate

MFCC 96.50%
1 PCA 92.00%
ICA 40 98.00%
MFCC 93.75%
2 PCA 89.00%
ICA 94.75%
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Table. 3 Result for each feature parameter in the RVM

Data Feature Number of Trained Recognition
Type | Parameter Data Rate

MFCC 97.50%
1 PCA 94.00%
ICA 0 97.50%
MFCC 94.38%
2 PCA 90.50%
ICA 95.13%
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Table. 4 Result for each recognition algorithm in the MFCC

Recognition Number of Recognition
Algorithm Trained Data Rate
40 98.75%
20 98.75%
HMM 10 97.38%
5 96.50%
1 95.00%
40 96.50%
20 96.50%
SVM 10 96.00%
96.25%
1 98.50%
40 97.50%
20 97.50%
RVM 10 97.00%
5 97.00%
1 98.50%
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Table. 5 Cycles for a cepstral vector

Section Cycles  Percentage(%)
Preemphasis & windowing 760 1.9
Autocorrelation 4090 103
LPC analysis 1960 4.9
LPC to cepstral 2455 6.2
Parameter weighting 94 02
Temporal derivative 627 1.6
Vector quantifier 15773 399
Viterbi algorithm 13884 35.0
Total 39643 100

1601



FEAFHLFASE =X AA AL

,F7H 02 Agditel go] 8 75 A 7]

A A2} (Fixed-Point) %t x| 93} T2 A A B}

47 (Floating-Point) & Ato] 2| Q&&= T2 A4

A3 AAkS | wEA el e 4 gk

2 =R FAT SN Ao A FEL

2R S Qlnh At HA S Ao 7 §]F )
w59l SA) wlolEf ol

3

B
e

of
b

we e koA
—{E M

5 A 28L& TIALe] DSPe] T 3 o] 50MFLOPS ] 435

&% smo

a8 2 MAIZ SNOIA AlAH

L ao

Fig. 2. Real-time speech recognition system
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