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ABSTRACT

The robustness of classification of phoneme segments using
generative classifiers is investigated for the PLP and acous-
tic waveform speech representations in the presence of white
Gaussian noise. We show a method to combine the strengths
of both representations, specifically the excellent classifi-
cation accuracy of PLP in quiet conditions with the addi-
tional robustness of acoustic waveform classifiers. This is
achieved using a convex combination of their respective log-
likelihoods. Issues of noise modelling and time-invariance of
acoustic waveforms are also addressed with initial solutions
shown. The resulting combined classifier has greater accu-
racy than PLP alone and is significantly more robust to the
presence of additive noise during testing.

Index Terms— Speech Recognition, Robustness,
Generative classification, Acoustic waveforms, PLP

1. INTRODUCTION

One of the key problems in automatic speech recognition is
robustness to additive noise. ASR systems can attribute much
of their performance to language and context modelling, the
principle being that classification errors made by the front
end can be remedied at a higher level [1]. However, this ap-
proach can only decode messages sent via speech signals if
the input sequence of elementary speech units is sufficiently
accurate. In the extreme case where the input sequence is
close to random guessing no useful information can be ex-
tracted at the later stages of recognition. Developing methods
for robust classification of phonemes and isolated syllables is
therefore essential for robust continuous speech recognition.
Indeed, it has been observed that the majority of inherent ro-
bustness of human hearing occurs early in the process; even
at −18dB SNR humans can still recognise isolated speech
units above the level of chance[2]. The ultimate aim for an
automatic speech classifier is to achieve performance close
to that of the human auditory system in such severe noise
conditions.

The current preferred speech representation is generally
some variant of PLP[3], RASTA[4] or MFCC[5]. These rep-
resentations are derived from the short term magnitude spec-
tra followed by non-linear transformations to model the pro-
cessing of the human auditory system. They have the ad-
vantage that they remove such variation from test signals as
is considered unnecessary for recognition and have a much
lower dimension than acoustic waveforms which can allow
for more accurate modelling when data is limited. It is not
known if this dimensional reduction loses some informa-
tion that gives speech additional robustness. An alternative
approach that can be used to explore this possibility is to

use higher dimensional representations, in particular acoustic
waveforms.
In this paper we investigate the robustness of acoustic

waveforms in the presence of additive white Gaussian noise.
This is achieved using regularised Gaussian mixture models
in the form of mixture of probabilistic PCA[6]. For compar-
ison and later combination, we also test classifiers on PLP
representations. The main aim of this work is not to find
optimal classifiers but to illustrate that acoustic waveforms
can be a viable representation and improve the robustness
phoneme classification.
Many noise compensation methods have been proposed

to reduce explicitly the effect of noise on spectral representa-
tions [7]. However the proposed methods perform no better
than the matched condition approach [8]. i.e. training and
testing in the same noise conditions. Throughout this pa-
per we use no noise compensation of PLP feature vectors.
Instead we consider the following two cases for the testing
setup: One being where only quiet PLP models are used
and the other where PLP models trained on matched noise
conditions are available. In both cases we assume the noise
level is known or can be estimated reliably. These two cases
represent the extremes of the classifier performance and it is
expected that the performance of a noise compensated PLP
classifier would be between the two.
It would be very difficult to improve on the accuracy of

PLP in quiet conditions, hence the focus of the paper is to
illustrate how acoustic waveforms can be used to improve
the robustness of a PLP classifier in the presence of additive
noise. This is achieved by taking a convex combination of
the log-likelihoods of PLP density models with those of a
waveform classifier. When the combination parameter is al-
lowed to vary as a function of SNR, the performance of the
derived classifier has greater accuracy than PLP alone and is
significantly more robust to additive noise.

2. GENERATIVE CLASSIFICATION

Generative classification was performed using density esti-
mates derived from mixtures of Probabilistic PCA (MPPCA)
[6]. Probabilistic PCA (PPCA) uses the eigenpairs (vi,λi)
of the empirical covariance matrix, with the eigenvalues or-
dered in decreasing order. To achieve some dimensionality
reduction while modelling data with a Gaussian distribution,
the empirically estimated covariance matrix is replaced by a
lower rank approximation of the form:

C = r2I+WW
T (1)

where the q columns ofW are given by
√

λivi for the corre-
sponding index i. r2 is then taken as the mean of the remain-
ing d−q eigenvalues (where dwave = 1024 for the waveform



−18 −12 −6 0 6 Quiet
10

20

30

40

50

60

70

80

90

100

Test SNR [dB]

A
c
c
u
ra

c
y
 [
%

]

 

 

 Quiet

 6dB

 0dB

−6dB

−12dB

−18dB

Figure 1: Multiclass accuracy of PLP classifier as a function
of test SNR. Each curve shows the accuracy of the classi-
fier trained at the corresponding SNR indicated by the curve
marker. The training data was modelled using MPPCA with
one component and a principal dimension of 40.

representation and dplp = 52 for PLP):

r2 =
1

d−q
d

∑
q+1

λi (2)

MPPCA represents the class conditional distribution for each
phoneme with a mixture of such regularised Gaussians; the
model parameters are optimised using the EM algorithm[6],
hence a maximum likelihood estimate of the density is
achieved. Given a data point x, the log-likelihood function
L (x) is defined in equation 3 as the logarithm of the density
of the c-component mixture evaluated at x.

L (x) = log
( c

∑
i=1

wi

(2π)
d
2 |Ci|

1
2

e−
〈x−µi,C

−1
i

(x−µi)〉
2

)

(3)

where Ci, µi and wi are the covariance matrix, mean and
mixture weight of the ith component. Classification is then
performed in the standard way, by predicting the class with

the maximum log-likelihood L (k)(x) (which implicitly as-
sumes uniform prior probabilities over different classes). The
classification function H(x) that maps a test point x to one of
the corresponding K class labels is defined as

H(x) = arg max
k=1,...,K

L
(k)(x) (4)

The same type of modelling is used both for PLP and acous-
tic waveforms. One of the advantages of the waveform rep-
resentations is that the fitted density models can easily be
modified to allow for the presence of additive noise. Assum-
ing that the noise level (or more generally the noise power
spectrum) is known or can be estimated reliably, we simply
need to perform a convolution with the appropriate Gaussian

noise model. When the noise variance is σ2 and λ̂i are the
eigenvalues ofC, the spectrum of the resulting density model
for waveforms corrupted by white noise is given by
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Figure 2: Multiclass accuracy of waveform classifier as a
function of test SNR. Each curve shows the accuracy of the
classifier when adapted to the SNR indicated by the curve
marker. The adaption is achieved using equation 5. Data
modelled using MPPCA with four components and principal
dimension of 500.

λ̃i(σ
2) =

λ̂i+
σ2

d

1+σ2
(5)

For classification of noisy acoustic waveforms this type
of noise modelling is used. Since PLP is a highly non-linear
transformation it is not possible to model noise in a similar
way. Noise compensated modelling of PLP distributions is
currently an active area of research[7]. Since the main aim
of this paper is to assess the sensitivity of classification in
the PLP domain to additive noise, we do not perform any
noise compensation but instead consider two extreme cases:
training only on quiet data and training in matched noise con-
ditions.
Another difference between the two domains is sensitiv-

ity to time alignment. PLP is not sensitive to small varia-
tions in time alignment as it uses frames of short-term mag-
nitude spectra. In the case of waveforms however it would
clearly be beneficial to align the data in a consistent manner.
This is especially true in the case of stops such as /b/ and /t/.
Rather than attempting to explicitly do this, a sliding win-
dow was used to give a number of shifted versions of the test
point. The log-likelihood of the test point x is instead taken
asLs(x), the log-mean-likelihood taken over the shifts:

Ls(x) = log
( 1

2n+1

n

∑
p=−n

exp(L (xp∆))
)

(6)

where ∆ is the shift increment, [−n∆,n∆] is the shift
range, and xp∆ denotes a time-shifted versions of x. In par-

ticular, xp∆ is the segment of the same length and extracted
from the same acoustic waveform as x but starting from a
position shifted by p∆ samples in time.
These modified log-likelihoods are compared among the

different classes to produce the classification. The shift range
was selected so that it would cover at least one fundamental
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Figure 3: Multiclass accuracy of PLP and waveform clas-
sifiers as a function of test SNR. Here PLP performance is
greater than acoustic waveforms where the SNR is above
0dB. Below that value however waveforms are significantly
more accurate.

period of a periodic waveform at the lower end of the typi-
cal frequency range of speech. We experimented with sample
shifts of below 10 samples in the same shift range±100, giv-
ing a greater number of shifted waveforms. Since this gave
no noticeable improvement but increases computation time
and memory requirements, all tests were carried out using
the shifts in steps of 10 samples.

2.1 RESULTS OF CLASSIFICATION IN

PLP AND ACOUSTIC WAVEFORM DOMAINS

Realisations of six phonemes (/b/, /f/, /m/, /r/, /t/, /z/) were
extracted from the TIMIT database[9]. This set includes ex-
amples from fricatives, nasals, semivowels and voiced and
unvoiced stops. In addition, this set of phonemes provides
pairwise discrimination tasks of a varying level of difficulty.
Each class consists of approximately 1000 representatives, of
which 80% were used for training and 20% for testing; error
bars were derived by considering five different such splits. A
single 64ms rectangular window was then applied to the data
followed by normalisation. The natural space in which to
perform classification for the waveforms is the hypersphere
S
1023 as each sample has 1024 entries and unit norm. In ad-
dition the mean value of each class was zero within sampling
error, the class-conditional densities were constrained to have
zero mean.

For comparison the default 12th order PLP cepstra of the
data were taken, leading to 4 frames of 13 coefficients[10].
The 4 frames were concatenated to give a PLP representation

in R
52. Finally the SNR range was chosen to show classifi-

cation accuracies that approached chance level, i.e. 16.7% in
the case of six classes. In total this gave six testing and train-
ing conditions; −18dB, −12dB, −6dB, 0dB, 6dB and quiet.
The PLP classes was modelled using a single compo-

nent mixture with a principal dimension of 40, i.e. c= 1 and
q = 40. We experimented with other parameters but only
show the best results here. Figure 1 shows the test results of
these classifiers trained on data corrupted at the correspond-

ing noise levels. Each of the curves represents a different
training SNR. It is clear that PLP is highly sensitive to mis-
match between training and testing conditions. For example,
when conditions are matched at 6dB SNR accuracy is very
high at 97.2% however if the same classifier is tested in quiet
conditions this value falls to 46.3%. The analogous plot for
waveform classifiers is shown in figure 2, where the classes
were modelled with c = 4 and q = 500. The waveforms are
less sensitive to condition mismatch. Taking the 6dB classi-
fier as an example again we see that for matched conditions
the accuracy is 94.9% and when tested in quiet it remains
high at 91.6%. Although the matched performance is lower
than that of PLP at this noise level, the decrease due to mis-
match is much less. It should be stressed that the waveform
models are only trained in quiet conditions and then adapted
appropriately using equation 5.
Another interesting comparison is to consider the

matched conditions which is equivalent to taking the upper
envelopes of the two plots, these are shown in figure 3. In
this case PLP gives greater accuracy than waveforms down to
0dB SNR where the situation reverses. We seek to combine
the strengths of each representation, specifically the high ac-
curacy of PLP classifiers at high SNR and the robustness of
waveforms at all noise levels. Ideally this would result in a
single classifier that only need be trained in quiet conditions
and then easily adapted to the test environment.

3. REPRESENTATION COMBINATION

By considering the results obtained for PLP and waveforms
that were trained and tested on matched noise conditions. i.e.
the two accuracy curves shown in figure 3, it can be seen that
a classifier may give better results if it can choose between
the two, dependent on the SNR. We propose a method to
achieve this. The following convex combination of the two
log-likelihoods can be used with each term being standard-

ised by the relevant representation dimension. Let L
(k)
plp (x)

and L
(k)
wave(x) be the log-likelihoods of a point x for the k

th.

Then the combined log-likelihoodL
(k)

α (x) parameterised by
α is given as

L
(k)

α (x) =
(1−α)

dplp
L

(k)
plp (x)+

α

dwave
L

(k)
wave(x) (7)

where dplp = 52 and dwave = 1024 are the dimensions of
the PLP and waveform representations respectively. In this
form α should be almost zero for high SNR and close to
one for low SNR in order to give the desired improvement in
accuracy.
We investigated the effect of varying the combination pa-

rameter α on the classification accuracy. The ranges of α
that gives good performance when using the combined log-
likelihood, Lα(x), are show in figures 4 and 5, where the
errors bars indicate the range of α that gives classification
accuracy within 1% of the maximum value. The first of the
figures shows the results of combining only the quiet PLP
model where in quiet conditions the range of suitable α is
large, however when noise is present the accuracy is more
sensitive to the choice of α . The second figure is a plot for
the matched PLP models showing a large range for higher
SNRs but again very narrow for low SNR.



0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
10

20

30

40

50

60

70

80

90

100

α

A
c
c
u
ra

c
y
 [
%

]

−18 −12 −6 0 6 Quiet

0

0.2

0.4

0.6

0.8

1

SNR [dB]

α

Figure 4: Top plot shows the result of combining a PLP clas-
sifier trained in quiet conditions with a noise adapted wave-
form model. Each of the six testing conditions has been plot-
ted showing that the highest accuracy is obtained when α = 1
for noisy test conditions. The bottom plot is the range of α
that gives an accuracy within 1% of the maximum achiev-
able. The dashed curve shows a possible function of the form
in equation 8 to fit the range, with s0 = 11dB and β = 0.7

We use this information to fit a combination function for
α that varies with SNR, denoted here as s. As the range of
suitable α is large the particular form of this combination
function is not critical, so we choose the following sigmoid
function with two parameters s0 and β .

α(s) =
1

1+ eβ (s−s0)
(8)

Suitable curves fitted to the results are shown in figure 4
where s0 = 11dB,β = 0.7 for quiet training conditions. The
equivalent results for matched conditions shown in figure 5,
s0 = 2dB,β = 0.3 gives the good results.

3.1 COMBINED CLASSIFIER RESULTS

The accuracy of the combined classifier using quiet models
is shown as the bold curve in figure 6, with results of PLP
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Figure 5: Top plot shows the result of combining a PLP clas-
sifier trained under matched conditions with a noise adapted
waveform model. Each of the six testing conditions has been
plotted. The bottom plot is the range of α that gives a classi-
fication accuracy within 1% of the maximum achievable. For
high SNR the range of α that gives good accuracy is large but
as the noise level increases the change in sensitivity become
more sensitive to the value of α . The dashed curve shows a
possible function of the form shown in equation 8 to fit the
range, with s0 = 2dB and β = 0.3

and waveforms classifiers also plotted for comparison. In
quiet conditions the combined classifier is as accurate as PLP,
corresponding to α = 1. When noise is present it is at least as
accurate as for waveforms alone and in fact there is a slight
improvement at 6dB SNR.

The other extreme to consider is when matched PLP
models are used. This is shown in figure 7. Again the com-
bined classifier performs as well as both PLP and waveforms
with an improvement at −6dB SNR. The combined classi-
fier achieves 90.5% at −6dB SNR compared with 88.5% for
waveforms and 86.6% for PLP alone at the same SNR. Even
greater improvement over PLP alone can be seen at −12dB
and −18dB with increases from 54.7% and 24.2% to 69.0%
and 35.4% respectively.

The results have shown that the combination with acous-
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Figure 6: Performance of combined classifier for case where
only quiet PLP models are used. Here accuracy in quiet test
conditions is equivalent to using PLP. When noise is present
accuracy is similar to that for the noise adapted waveform
models alone, with a slight improvement at 6dB SNR.

tic waveforms has improved the classification accuracy of
matched PLP alone significantly with SNR below 0dB. We
would expect the improvement to be even more significant if
noise-compensated models are used for combination as typi-
cally they will be less accurate than for matched conditions.
The inset of figure 7 shows the expected range of accuracy
for the combination of noise-compensated PLP models.

4. CONCLUSIONS

In this work we have proposed a method to combine speech
representations leading to a classifier that is more robust to
mismatch between level of additive noise in training and
testing, whilst retaining the excellent performance of PLP
at high SNR. By considering the two contrasting scenarios
of training only on quiet with the results obtained when us-
ing matched PLP models, we have been able to measure this
improvement conditional on the combination with acoustic
waveform classifiers.
To further validate the results shown here, we will extend

the experiments to a larger set of phonemes and also to larger
databases containing more realisations of each phoneme. We
would expect improvement for both PLP and waveform clas-
sifiers but especially so for acoustic waveforms due to their
high dimensional representation where additional training
data would improve density estimation. The results could
also be generalised further to produce a classifier robust to
noise other than white Gaussian noise. We expect the wave-
form classifier to be particularly suited to the task, since only
an estimate of the noise covariance structure would be nec-
essary to accurately adapt quiet models.
There is no reason to assume that the convex combina-

tion of the log-likelihoods gives an optimal classifier. It is
possible that a more general combination functions could
lead to an even greater improvement of accuracy. The re-
sults have however shown a practical method of combining
existing phoneme classifiers in order to exploit their differing
accuracy characteristics.
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Figure 7: Performance of combined classifier when matched
PLP models are used. The combined classifier is uniformly
as accurate as those it is derived from and gives improvement
at −6dB SNR. Inset is a comparison of the combined quiet
classifer from figure 6.
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