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Abstract
In this paper, VTS(Vector Taylor Series) algorithm, which was proposed by Moreno at Carnegie Mellon University in 1996,

is analyzed and simulated. VTS is considered to be one of the robust speech recognition techniques where model parameter
conversion technique is adapted. To evaluation performance of the VTS algorithm, We used CMN(Cepstral Mean Normalization)
technique which is one of the well-known noise processing methods. And the recognition rate is evaluated when white gaussian
and street noise are employed as background noise. Also, the simulation result is analyzed in order to be compared with the

previous one which was performed by Moreno.

key Words : Speech Recognition, VTS algorithm, CMN(Cepstral Mean Normalization), Environment Parameter, HMM(Hidden

Markov Model)
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<Fig. 1> Isolated-word speech recognition system
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<Table 1> Words used in the simulation
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(Noise to Signal ratio)-2 0dB, 2dB, 3dB¢] =&
AL, A7]A4 NSRS dAQ Aso] g e
o FNE Jehd Ao /M <18 3>
A AR WMAREEE 2AYY BAZS T
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<Fig. 5> Street noise and white noise made in
computer
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<Table 2> Speech recognition rate with the noise in
case of four.

0dB(N/S¥))| 2dB | 3dB ijﬂ
) BAAA
2 o4 g 89.6% 85.1% 78% 88.2%

<E 3D VTS 12|z Alg Zz2HMoreno)
<Table 3> Result of VTS algorithm performance

{Moreno’s)
SNR 0dB 5dB 10dB 20dB
0zt VIS | 10% 33% 68% 89%
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<Table 4> Result of VTS algorithm performance in
real data (Moreno’s)

gne|E 4 2ot

SNR
0z} VTS

15dB
81%

20dB
85%

25dB
89%

30dB
90%

<E 5 84 Z&S(0dB)oAM Q] Zt2te| QIAlE H|W
<Table 5> Comparison of recognition rate in case of
each other at environmental noise(0dB)

Baseline VTS CMN

32 A 256/300 265/300 260/300
2 B 263/300 276/300 276/300
3 C 248/300 258/300 247/300
32 D 245/300 251/300 239/300
34 E 264/300 270/300 2724300
A 1276/1500 | 1320/1500 | 1294/1500

AHE 85.1% 88% 86.3%

<E 6> 2 T2QdB)oMS ZtZtol QMg Hw
<Table 6> Comparison of recognition rate in case of
each other at environmental noise(2dB)

I gAe gz 2d& ok 10,000 senonic & AH

2 A0 Itk AY ATE <E 4>9 2k

2) 2 =E0Me A

et

23

2 4gAE Q4R Sgel B ge s
Hol SAs 87 e 44K AANYE S
Baseline® 2 A a7 e 71E A4 A2
9 o, BAE A~E 2 YR <E 5,
<E 6> 77 8% F& 0dB, 24BN U &

€ HxE Aol

2

< 47 24 Feol 3dBS A
Fe 2 AFY A4 &5 vlwd Aot A4 A
5 HW, T &IFHF(VTS, CMN)9| <4Ax7}
Baseline®] ¢14] AFET} U5 F& A ES Ho]

<E 7> 2 T2QdB)oIMY 2tztel olAlg Hlu
<Table 7> Comparison of recognition rate in case of
each other at environmental noise(3dB)

Baseline VTS CMN

g4 A 231/300 249/300 247/300
3z B 243/300 254/300 255/300
A C 233/300 239/300 230/300
34 D 221/300 240/300 232/300
A E 242/300 263/300 244/300
A 117071500 | 1245/1500 | 1208/1500

A4 E 78% 83% 80.5%

<E 8> 34 HEz|E2)Me| 2ol olAlE H[i
<Table 8> Comparison of the recognition rate each
other at environment noise(a street noise)

Baseline VTS CMN Baseline VTS CMN
A A 269/300 274/300 271/300 gzt A 272/300 261/300 250/300
2 B 287/300 292/300 286/300 3zt B 242/300 270/300 241/300
gz C 260/300 266/300 258/300 A C 261/300 288/300 260/300
sz D 253/300 262/300 249/300 st D 256/300 246/300 2524300
A E 275/300 280/300 283/300 32 E 277/300 276/300 279/300
A 1344/1500 | 1374/1500 | 1347/1500 A 1308/1500 | 1341/1500 | 1282/1500
AXE 89.6% 91.6% 89.8% A4 E 87.2% 89.4% 85.5%
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