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Selective pole filtering based feature normalization for performance improvement of
short utterance recognition in noisy environments
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Abstract

The pole filtering concept has been successfully applied to cepstral feature normalization techniques for noise-robust
speech recognition. In this paper, it is proposed to apply the pole filtering selectively only to the speech intervals, in order
to further improve the recognition performance for short utterances in noisy environments. Experimental results on
AURORA 2 task with clean-condition training show that the proposed selectively pole-filtered cepstral mean
normalization (SPFCMN) and selectively pole-filtered cepstral mean and variance normalization (SPFCMVN) yield error
rate reduction of 38.6% and 45.8%, respectively, compared to the baseline system.
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Table 1. Experimental results of PFCMN/PFCMVN

according to the length of utterance

(a) Recognition results for all utterances composed of 1-7 digits

©
All Long Medium Short
CMN vs PFCMN 2.73 2.20 3.03 4.52
CMVN vs PECMVN 4.88 3.59 5.76 6.63

2. 48 W 34 ol 2 SPFCMN/SPFCMVN A ¢ 23}
Table 2. Experiment results of SPFECMN/SPFCMVN
according to selective mean estimation methods

(b) Recognition results for long utterances composed of 5-7 digits (% Word Accuracy)
(c) Recognition results for medium utterances composed of 3-4 digits
(d) Recognition results for short utterances composed of 1-2 digits SNR SPFCMN _ S.P.FCMVN _
(e) Error rate reduction (%) against CMN/CMVN according to the length of Hard decision |Soft decision|Hard decision|Soft decision
Utterance clean 98.74 98.59 98.25 98.67
(% Word Accuracy) 20 dB 96.49 97.39 94.67 96.58
@ 15 dB 92.60 94.40 91.02 93.97
10 dB 82.60 85.28 83.59 87.32
SNR Baseline | CMN | PFCMN | CMVN | PFECMVN 5 dB 61.30 64.40 67.07 71.12
clean 99.03 | 99.03 | 97.43 98.91 98.23 0 dB 34.01 35.98 40.27 42.79
20 dB 9407 | 9691 | 96.99 95.90 95.98 -5 dB 15.63 16.17 17.01 18.10
15 dB 85.04 | 9272 | 93.83 9121 92.75 (éxvergggob(tivg 73,40 75.49 7532 1836
10 dB 65.51 78.19 84.32 79.53 85.06 an
5 dB 3861 | 4725 | 6337 56.06 68.86
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20 dB 94.86 96.65 97.01 96.32 96.41 44121 SPFCMN/SPFCMVN Zt2pel] Tsh Ae-= vrefi S,
15 dB 8749 | 91.67 | 9246 91.87 92.38 PFCMN/PFCMVN "2 &3} SPFCMN/SPFCMVN HH] 5 T4
10 dB 7052 | 7522 | 7659 80.87 81.73 clean B34S A 918 BE RS o] el CMN/CMVN TjH]
5 dB 4500 | 4062 | 41.57 57.60 59.07 N
O1F A 0] A=TFALS Ho HRAE
0 dB 23.05 16.53 17.04 25.61 27.98 dE4 v eece= w.e]r, 53] SPFCMN/SPFCMVN
-5 dB 1208 | 946 | 975 10.28 1111 o] Ao Y FHol A4S & ek
ﬁ;;fgggobgvg 6418 | 6414 | 6493 | 7045 71.51 <# 3>9 @)% (b) ZHzFe] W ofg o= CMN/CMVN,
© PFCMN/PFCMVN 2 SPFCMN/SPFCMVN Z}7}e]] tfj 3t #|o] 2
gl W2 o] °F A4S, 183l PFCMN/PFCMVN 4
SNR Baseline | CMN | PFECMN | CMVN | PECMVN . - .
clean 9883 | 9899 | 9885 | 9875 | 98.76 SPFCMN/SPFCMVN Z}2}el] t sl CMN/CMVN tiH] @5 2ha
20 dB 9426 | 9682 | 9727 | 95.99 96.50 & UeERYAtE Ho] ekl 1A 3 v] wa] A CMN/CMVN-2
15 dB 8623 | 9286 | 93.82 9139 9227 212} 19.30%, 24.01%2] @5 7428, PRCMN/PFCMVN-S- 717}
10 dB 6793 | 7858 | 8027 79.68 81.19 . N R
) 06 | a4 | 2903 5514 5775 21.51%, 27.72%2] @7 728, Z18]3 SPFCMN/SPECMVN->
0 dB 20.59 | 2423 | 2443 2527 28.53 Z}Z) 38.63%, 45.82%2] 25 TAaES dof, B =R At
5 dB 1.12 | 1398 | 1424 11.17 11.71 3k el 2 HE= S 0] 935k W Alo] 71k Holuk s
Average _
between 6233 | 6799 | 6896 | 69.49 7125 ERdS gkl & 4= Q)T
0 and 20dB
an o <777 3> 2] (10) 9 (21)141 2] ~ Fkel] = PF 2 SPF 7|4k
o) 5 st A 52 HF Q14 E(SNR 020 dB 912
SNR Baseline | CMN | PFCMN | CMVN | PFCMVN el 7o)t} 1@ o)A PECMN/PECMVNS Z}2F 4= 0.8, 0.85
clean 9933 | 99.13 | 9924 99.03 99,09 ) - R
20 dB 9130 | 97.83 | 98.17 | 9451 95.54 M #HAe QIAES Holil, SPFCMN/SPFCMVYN=: 72}
15 dB 7544 | 9562 | 9629 | 8894 90.12 7=0.65,0.85°l|4] #Z9] QIAES Kt} 18|31 PFCMVN
10 dB 45.88 86.46 87.78 75.31 78.25 o] Ao AstA ~y W o)o]| el ATl 7|29 CMVNE.TH 7] 9
5 dB 1194 | 66.88 | 68.02 53.12 56.19 o - 6 ale o
0 dB 727 | 4488 | 4929 | 2593 28.46 g5 = Vrebd R e, SPPFCMVN-E SEA s K=y W 1l v
-5 dB 691 | 2240 | 2393 10.44 12.17 CMVNETF #4953t 58 RYS ¢ 5 9tk
Average btw
0 & g | 4346 | 7834 | 7931 67.56 69.71
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3. 53 HE R A S0l WE CMN/ICMVN & 3 A
(a) PF, SPF ] 545 CMNo©|| 283 214 Az}
(b) PF, SPF WA 55 CMVNO)| A £-3F <12 Ax}
Table 3. Experimental results of CMN/CMVN according to the pole-filtering
methods
(a) Recognition results of applying PF/SPF methods to CMN
(b) Recognition results of applying PF/SPF methods to CMVN

(% Word Accuracy)
(a)
SNR Baseline CMN PFCMN SPFCMN
clean 99.03 99.03 97.43 98.59
20 dB 94.07 96.91 96.99 97.39
15 dB 85.04 92.72 93.83 94.40
10 dB 65.51 78.19 84.32 85.28
5 dB 38.61 47.25 63.37 64.40
0 dB 17.09 23.80 24.37 35.98
-5 dB 8.53 13.08 13.54 16.17
Average between
0 and 20 dB 60.06 67.77 68.65 75.49
Bl Na 19.30 21.51 38.63
to baseline
ERR compared
0 CMN N/A N/A 2.73 23.95
(b
SNR Baseline CMVN PFCMVN | SPFCMVN
clean 99.03 98.91 98.23 98.67
20 dB 94.07 95.90 95.98 96.58
15 dB 85.04 91.21 92.75 93.97
10 dB 65.51 79.53 85.06 87.32
5 dB 38.61 56.06 68.86 71.12
0 dB 17.09 25.57 28.12 42.79
-5 dB 8.53 10.59 11.33 18.10
Average between
0 and 20 dB 60.06 69.65 71.13 78.36
ERR compared
to baseline N/A 24.01 27.72 45.82
ERR compared
10 CMVN N/A N/A 4.88 28.70
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ETSI AFE A 2] W21E Sall 5 AlAE 542 22 v~
£ AHE-SFSATE ETSI AFES] ARtFo] o} w2 A2 ofiut
=l A TR A} S ok AR B =
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Figure 3. Average recognition rates of various feature normalization

methods according to 7y value
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