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In this paper, we propose a scheme to improve discriminative property in the feature compensation method
for robust speech recognition under noisy environments. The estimation of noisy speech model used in
existing feature compensation methods do not guarantee the computation of posterior probabilities which
discriminate reliably among the Gaussian components. Estimation of posterior probabilities is a crucial step
in determining the discriminative factor of the Gaussian models, which in turn determines the intelligibility
of the restored speech signals. The proposed scheme employs minimum classification error (MCE) training
for estimating the parameters of the noisy speech model. For applying the MCE training, we propose to
identify and determine the ‘competing components that are expected to affect the discriminative ability. The
proposed method is applied to feature compensation based on parallel combined mixture model (PCMM). The
performance is examined over Aurora 2.0 database and over the speech recorded inside a car during real
driving conditions. The experimental results show improved recognition performance in both simulated
environments and real-iife conditions. The result verifies the effectiveness of the proposed scheme for
increasing the performance of robust speech recognition systems.
Keywords © Speech recognition, Model-based feature compensation, Discriminative property, Minimum
classification error training, Competing components, Parallel combined mixture model
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¥ 1. Aurora2.09] AISA S0 Cig H|ARKIC| Eof O14/&(%)
Table. 1. Word accuracy for baseline system to car noise
condition in Aurora2.0(%).

| Basetine ! ‘58 | Pomm | MO
Clean 98.84 98.84 98.84 98.84
20dB 86.42 87.61 97.91 87.82
16dB 87.62 95.82 87.02 97.39
10dB 61.71 83.45 93.89 94.39
5dB 26.87 50.64 82.37 83.20
0dB 10.38 17.78 53.92 56.61
-5dB 8.41 7.52 22.16 22.00

23 56.60 69.06 85.02 85.88

E 3. &N FH 82 Qioje{olx Car012] ARk 404 CHE HO|A 20l
AAGIO] Gof QIAE (%)

Table. 3. Word accwacy for the baseline system to the real

car-driving condition, channel 4 of Car01 database (%).

D) | (cha) [SS chd)| PCMM | ooy

93.70 £63.59 87.14 88.69 88.87

PCMM 7|92 B 7H9) 2F &4 Bd& A3t &
AR R &g @0 A7) wet Wk A &
Aol HgHoE dAY £ ook EWoA AA
application #7394 PCMM 7|9& 18Y 4 =2
3= 7leolty, 43| g2 SNR 87 HgHoZ
YA £ e BAS /B8, Fuig byl 3
e B8 PAE SNR 249 PCMME HEFO2H
A5 T 98 U FPE MY dE 2EY
B+ S84 17dB, 7dB, -2dB9] SNRE 7}X= 37
9] 2F &4 & =29 HAstgrt

£ 29] 235 B9 of5 29E o|R3k= PCMM 7
Ho| & 19] FU SNRE AME3HE ©Y 2d PCMM
o B AoR FUT A% vehlle Ag ¢ 3l
olgidt AR By BEE o83t theFsl SNR
Ao} AntHo g Y = 9L BAFE AT,
B =BA 7|22 3k= POMM 7i8F SR BA 7]Y0)
U277 e g BN 24 A4 3 TS ¢
3 458 ¢ 32 WRd dY BY A%t nw
sto] & Z-2 opUx|7t MCE 7'} X435+ Aulol|A
AR ZTE A%k ke AES 23 A
+ Foe 7202 A SNR 24 el PCMM 7
die] 57 B4 7o) AntAoR FAE U 4 Alen,
MCE 713 385 Aoz 38 2 4ok

£ dYoM= MCE 88 F8317] ¢3) ATt &
A rdd od $4 2Y RE /e SLER2 23

E 2. Aurora2,02] KEEA 20 CHSt HICKE: J1E30] Ciof RIAI(%)
Table. 2. Word accuracy for the proposed schemes to car
noise condition in Aurora2.0{%).

E- | SS+IPC | S +MCE-
IPCMM IPN(IJCi;\AM | e
Cloan | 98.84 | 08.84 | 98.84 | 9884
2008 | 97.97 | 97.88 | 9773 | 97.67
1508 | 97.41 | 97.41 | 9747 | 97.17
1008 | 9326 | 9377 | 9460 | 94.90
5dB | 8184 | 8276 | 86.19 | 87.03
0dB | 54.61 | 5514 | 6364 | 6454
5dB | 20.73 | 21.32 | 28.93 | 29.11
W7 | 8502 | 6539 | 87.88 | 86.26

¥ 4. Car019] X 40 THE Kokt 71He) T PIME (%)
Table. 4. Word accuracy for the proposed schemes to the
channel 4 of Car(1 database (%).

MCE-IPCM | & S8+MCE
iPCMM M SS+IPCMM -PCMM
87.96 88.50 88,60 89.87
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