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ABSTRACT - At present, most speech recogmzers use linear predrction 
(LF) parameters which are estimated from the speech signal through the 
conventional autocorrelatton method of LP analysis. The performance of 
these recognixers deteriorates dmsucally for noisy speech, specially when 
tt is not feastble to train and test these recogmzers under tdenucal noise 
condruons. To alleviate this problem, the LP parameters are derived here 
through a cumulant-based LF analysrs method. It is shown that the resulting 
recognizer Improves performance m the presence of Gaussran noise which 
may be whne or colored. 

1. INTRODUCTION 

At present, most speech recogmuon systems use lmear predrctlon (IF) 
parameters which are derived from the speech signal by matching the 
autocorrelation (or, the power spectrum) 111. These systems perform well 
for clean speech. but their performance degrades drastically for noisy speech; 
specially under mismatched noise conduions (i.e., where the trammg and the 
testmg are done under different notse conditions). A number of studies are 
reported m the literature to deal with thus problem [2,3,4, 5,6,7]. 

In this paper, we propose to use LF parameters derived through a 
cumulant-based LF analysts method for the recognition of norsy speech. 
This method assumes that the speech srgnal ts non-Gaussian and sausties the 
all-pole (or, autoregressive (AR)) model. The LP parameters are estimated 
here by matchmg the all-pole model cumulants with the cumulants of the 
speech stgnal [S]. The cumulant-based LF analysis method can suppress the 
effects of ad&he Gaussian noise whether white or colored. This is because 
Gaussian processes have rdentically zero cumulants of all orders greater than 
two [S]. To avotd the problem of the large dynamic range associated with 
higher-order cumulants, we constder only third-order cumulants in thus paper. 
However, the results reported in this paper can be extended to higher-order 
cumulants. When the recognition system uses the LP parameters derived 
through the cumulant-based method, it is found to be robust to white as well 
as colored Gaussian notse. Note that none of the stules [2, 3. 4. 5. 6, 71, 
mentioned above, deals with recogniuon m the presence of colored noise. 

The organization of the paper 1s as follows. In Secuon 2, the cumulant- 
based LF analysrs method IS described and the effect of addmve Gaussian 
notse on AR spectral estimauon ts demonstrated. Section 3 describes the 
speech recogniuon expenments for the case of addrttve whtte Gaussian 
noise; whtle the experiments with colored Gausstan noise are described in 
Section 4. Conclusions are reported in Sectton 5. 

2. CIJMULANT-BASED LP ANALYSIS METHOD 

Let {zn} be a pth order AR process; I.e.. 

gw”-k = U”, (1) 

where {ah} are the LP coefficients (with ao = 1) and {u,,} 1s a non-Gaussian 
i.i.d. mnovationsprocess with E{un} = 0. E{ui} = aand E{u),} = p. If 
the AR process is ergodic. its third-order cumulants (which, for a zero-mean 
process are the same as its third-order momems [S]) are given by 

R(i7.i) = E{lnrn+izn+j} 

= “2 
ZnZ,+,~n+, 

These cumulants sattsfy the following recurstons [9]: 

(2) 

kad?(b- i,C -3) = PS(i,j), (t,j) 2 0, (3) b=O 
where 6( 1. j) is the two-dimensional unit Impulse funcuon. These recurston 
equations can be solved to compute B and the LF coeffictents {(I&). We 
are interested here only m the {a&), which can be estimated by solving p 
equations defined in terms of 2p cumulants on the line t = j [9]. It has 
been observed [lo] that the resultmg esumates of {ok} have large variance 
in practice. The estimates can be tmproved by usmg an overdetemuned 
set of equauons. In the present paper, we compute the {ab} from the 
overdetennined set of p(p + 3)/2 recursion equations obtained from Eq. (3) 
bysetungl~i~pandO~j<i. 

In order to compute the cumulants through Eq. (2). rt is necessary to 
know the speech signal for all time; i.e., from -co to +co. In practice, 
speech is analyzed on a short-time basis; i.e.. only a finite segment of N 
speech samples, {s,, n = 1,. , N}, IS available for analysis. So, as in 
the autocorrelation method of LF analysts 111. the speech signal has to be 
windowed. We have found a Hamming window to be preferable over a 
rectangular window for this purpose. 

Analogously to the covanance method of LP analysis [ 11, we can 
formulate a “covariance-like” method for cumulant-based LF also. In thts 
fonnulauon, the LF coefficients are computed usmg the followmg equations: 

where the cumulants are given by 

Ct(i,j) = e s,-hS,-,s,-, “=p+l 
The “autocorrelauon-type” and the “covariance-type” of cumulant-based 
LP analysis methods, both result tn comparable recogmuon performance 
for clean speech; but the covanance-type formulauon performs better for 
the recogmtion of noisy speech under mlsmatched cot&ions. Because of 
this, the results reported hereafter in this paper are obtained by using the 
covariance-type formulation for the cumulant-based LF analysis. 

The LP spectral envelope esumates from the cumulant-based LF analysis 
method are shown in Fig. 1 for vowel sounds /ii and /a/. For comparison, we 
also show in this figure the esttmates from the conventional autocorrelation 
method of LF analysis [l]. The cumulant-based LF analysis method shows 
formant structure similar to the convenUonal autocorrelauon method, though 
the overall spectra from the two methods are quite different. 

In order to study the effect of additive whue Gaussian noise on the LF 
spectral esumation performance, we use machine-generated pseudo-random 
Gaussian numbers as white notse and add it to the clean speech signal. 
Estimated LP spectra for the clean and noisy speech at signal-to-noise ratio 
(SNR)equal to20dB areshown inFig. 2fortheconventionalautoco1relation 
method and in Fig. 3 for the cumulant-based method. It can be seen from 
these figures that the additive white Gaussian noise affects the LP spectral 

relatively unaffected for the cumulant-based method. 

3. SPEECH RECOGNITION EXPERIMENTS WITH ADDITIVE 
WHITE GAUSSIAN NOISE 

In this section, we describe. some speech recogniuon experiments whem. 
speech signal is corrupted by the addition of while Gausstan noise. The aim 
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Fig. 1: LP spectral esttmates of clean speech using the autocorrelation and 
the cumulant-based methods. 
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Fig. 2: LP spectral estimates of clean and noisy speech (with additive white 
Gaussian noise at SNR=20 dB) using the autocorrelation method. 

is to study the advantage of the cumulant-based LP analysis method over the 
conventional autocorrelation method. As mentioned earlier, cumuhtnt-based 
LP analysis assumes the speech signal to be non-Gaussian. We would expect 
this assumption to be satisfied better for vowel sounds than for non-vowel 
sounds (such as fricatives). For this reason, we present the performance of a 
vowel recognition system, in addition to that of a more general isolated word 
recognihon system. Though the speech recognition systems were evaluated 
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Fig. 3: LP spectral estimates of clean and noisy speech (with additive white 
Gaussian noise at SNR=20 dB) using the cumulant-based method. 

in both speaker-dependent and multi-speaker modes, we describe here only 
theresults for the multi-speaker mode. The results for the speaker-dependent 
mode were found to be qualuatively simtlar to those for the multi-speaker 
mode. 

3.1. Vowel Recognition Experiments 

In these experiments, the recognition task is to classify steady-state vowel 
segments into 10 vowel classes. The speech data base used for this purpose 
is derived from 900 utterances which consist of 30 repeutions of 10 different 
/b/-vowel-/b/syllables spoken by three speakers (two males and one female). 
These utterances were lowpass filtered to 4 kRz and digitized at 10 kHx 
sampling rate. The steady-state part of the vowel segment was manuaUy 
located for each of the 900 utterances and a 20 ms segment excised from 
its center. A 10-m order LP analysis was performed for each such 20 ms 
segment. The 61% 15 repetitions from each of the three speakers were pooled 
together to get 45 repetitions for training. llte remaining 45 repetitions from 
the three speakers were used for testing. 

The maxtmum likelihood (?vlL) classifier is used here for vowel classi- 
fication. The h4L classifier classifies the input vector x (having 10 cepstral 
coefficients as its components) into vowel class i if p(x(i) > p(xlj) for 
all 1 # 1, where p(xli) is the probability density function (or, likelthcod 
funcuon) for class i. In the present study, the class-conditional likelihood 

Ill&X). 
Fig. 4 shows the vowel recognition performance for different SNRs 

for both the cumuhant-based LP analysis method and the conventional au- 
tocorrelation method. It can be seen from this figure that the recognition 
performance degrades drastically with decrease in SNR for the autocorrela- 
tion method. At DIR=15 dB, the deterioration in recognition accuracy is 
about 32%. For the cumulant-based LP analysis method, the recognition 
perfonnrmce remains unaffected over a wide range of SNR values. How- 
ever, unfortunately, for clean speech the error rate. is significantly higher 
than that obtained with the autocorrelation method. We do not. at present, 
fully understand why this is the case. One reason may be that because of 
poor condiuomng of the matrix C in Eq. (4). the cumulant-based estimate 
has a large variance. In that case it might be advantageous to use both 
estimates (the cumulant-based and the autocorrelation-based) as two inde- 
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Fig. 4: Recogninon accuracy for the vowel recognition task as a function of Fig. 5: Recognition accuracy for the digit recognition task as a furdOn Of 
SNR for additive white Gaussmn noise. SNR for additive white Gaussian noise. 

pendent measurements. When the cepstml coefficients from the two methods 
are combmed in this manner, we get the results shown as the dotted line in 
Fig. 4. We see that m this case the recogmtion performance is comparable 
to that from the autocorrelation method alone for clean speech, and better 
for noisy speech at all SNRs. 

l”)( 

3.2. Isolated Word Recognition Experiments 

In these experiments. the recognition task is to recognize isolated words from 
a limited vocabulary. A hidden Markov model (HMM) based recognizer is 
used for this purpose 1111. The HMM IS a left-to-right Bakis-type model 
and has five states. Single multivariate Gaussian functions (with diagonal 
covariance matrices) are used to characterize the probability density functions 
of different states. The Vtterbi algorithm is used for training as well as for 
testing the recognuer. 

In order to study the recogmtron performance of the cumulant-based LP 
analysis method and the convenuonal autocorrelation method, the following 
two mfferent vocabularies are used: 1) the dipts vocabulary consisting of 
10 Enghsh digns (O-9). and 2) the alpha-digits vocabulary consisting of 39 
English alpha-digts (26 alphabets (A-Z) + 10 digits (O-9) + 3 command 
words ‘stop’, ‘error’ and ‘repeat’). The data base consists of speech from 
4 talkers (2 males and 2 females). 24 utterances of each word from these 
4 talkers were used for training and an additional 40 utterances for testing. 
The training and testing tokens were recorded over local died-up telephone 
lines, and digitized at a sampling rate of 6.67 kHz. An 8-th order LP analysis 
was performed every 15 ms with a frame width of 45 ms. and each frame 
represented in terms of 12 cepstral coefficients 1121. Endpoints of each 
utterance were manually determined. 

The speech recogmtion performance was studed for noisy speech at 
several SNRs. The results are shown in Rg. 5 for the digits vocabulary and 
in Fig. 6 for the alpha-digits vocabulary. these figures include recognition 
results from the autocorrelaoon method, the cumulant-based method and 
the autocorrelation method + the cumulant-based method. As in the vowel 
rccogmtion experiments, the rccogmuon performance w0h the autccorrela- 
uon method degrades rapidly with a decrease in SNR. while the performance 
with the cumulant-based method remams the same over a wide range of SNR 
values. However, as before, the recognilon performance for clean speech 
1s quite poor. Use of cepstral coefficients from both the autocorrelation and 
the cumulant-based methods results in better recognioon performance at all 
SNRs than that obtained by using the autocorrelation method alone. 

4. SPEECH RECOGNITION EXPERIMENTS WITH ADDITIVE 
COLORED GAUSSIAN NOISE 

In the prccedmg section, recognition performance was studied for speech 
cormpted by add&e white Gaussian noise. In this section, we consider 
recognition of speech corrupted by the addition of colored Gaussian noise. 
Colored Gaussian noise was generated by filtering the white Gaussian nose 
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Fig. 6: Recognition accuracy for the alpha-digit recognition task as a funcnon 
of SNR for additive white Gaussian noise. 

by a second order AR filter (with coefficients -0.8018 and 0.3995). At 
10 kHz sampling frequency, this colored noise has a resonance located at 
1405 Hz with a bandwidth of 1460 Hz. 

Figures 7 and 8 show the recognition accuracy as a function of SNR for 
the vowel recognition and the digit recognition tasks, respectively. Results 
are again shown for three different cases which utile% 1) cepstral coefficients 
from the autocorrelation method, 2) cepstral coefficients from the cumulant- 
based methods, and 3) cepstral coefficients from the autocorrelation method 
+ cepstral coefficients from the cumulant-based method. As can be seen, 
the results obtained for additive colored Gaussian noise are qualitatively 
sinular to those observed earlier with additive white Gaussian noise. The 
fact that the method is insensitive to the spectrum of the disturbing noise, is 
noteworthy. We do not know of any other proposed method for which this 
property has been demonstrated. 

5. CONCLUSIONS 

In this paper we have proposed the use of cumulant-based LP analysis for 
speech recognition in the presence of noise. This method assumes the speech 
signal to be non-Gaussian. We have shown that cepstral coefficients derived 
by this method are quite insensitive to additive Gaussian nose wluch can 
be whife or colored. We have compared the performance of a recognizer 
based on these estimates to one that uses LP estimates derived from the 
autocorrelarion function. We find that at low SNR (below about 20 dB) the 
cumulant based estimates outperform the autocorrelation-based estimates. 
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Fig. 7: Recognmon accuracy for the vowel recogntuon task as a function of 
SNR for additive colored Gaussian notse. 
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Fig. 8: Recognmon accuracy for the dtgtt recognition task as a function of 
SNR for addiuve colored Gaussian notse. 

At higher SNRs the reverse is true. The reasons for this behavior are 
not yet understood. However, we have shown that by combining the two 
estimates. we can achieve recogniUon accuracy that is better than that of the 
conventtonal recognizer at all SNRs. Note that this improvement is obtained 
for both while and colored Gaussian noise, and without the need to tirst 
estimate the level or spectrum of the notse. 

We have not yet made a detailed comparison of this method with other 
methods of combating noise in speech rccogmuon. However, we can present 
one such comparison which is shown in Fig. 9. We see from this figure 
that our method compares favorably wnl-i the PrOJecUOn-ba.%d method of 
Mansour and Juang 151 for SNRs greater than about 20 dB, but is not as 
effective as that method for lower SNRs. 

An lmpatant pomt which we are mvesugating at present, is the reason 
for the fatlure of the cumulant-based method for high SNRs. It is intuitively 
clear from the results shown in Figs. 4-8, that if the performance can 
be improved at high SNRs, then the method would provide a very robust 
speech recogmuon. Our conjecture 1s that improvements m the procedure 
for esumating cumuIants might be the key to the problem. 

Auto. LP 

3 ProJectIon-based l-&I&l 

1 

20 

i 

. Auto + Cumu. LP 

0 / I I I I 
J 

5 10 15 20 25 30 35 clean 

SNR (cm) 
Fig. 9: Recogtuuon accuracy for tbe &git recognuron task as a function of 
SNR for additive white Gaussian noise. 
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