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ABSTRACT

In this paper, we continue our investigation of the warped
discrete cosine transform cepstrum (WDCTC), which was
earlier introduced as a new speech processing feature [1].
Here, we study the statistical properties of the WDCTC and
compare them with the mel-frequency cepstral coefficients
(MFCC). We report some interesting properties of the WD-
CTC when compared to the MFCC: its statistical distribution
is more Gaussian-like with lower variance, it obtains better
vowel cluster separability, it forms tighter vowel clusters and
generates better codebooks. Further, we employ the WDCTC
and MFCC features in a 5-vowel recognition task using Vec-
tor Quantization (VQ), 1-Nearest Neighbour (1-NN), Prob-
abilistic Neural Network (PNN) and Gaussian Discriminant
Analysis (GDA) as classifiers. Finally, we discuss the vowel
recognition results in the context of the statistical properties
of the WDCTC and MFCC. In our experiments, the WDCTC
consistently outperforms the MFCC.

1. INTRODUCTION

We recently introduced the warped discrete cosine transform
cepstrum (WDCTC) as a new speech processing feature and
demonstrated its better performance than the mel-frequency
cepstral coefficients (MFCC) in a vowel recognition and spea-
ker-identification task [1]. The WDCTC has shown good
promise as a speech processing feature and we are encour-
aged to further investigate the WDCTC feature and its statis-
tical properties.

In this paper, we study the statistical nature of the WD-
CTC and MFCC features and determine their useful proper-
ties as classification features. The study also serves to choose
appropriate classifiers for the features. In order to compare
the classification capability of the features, the WDCTC and
MFCC are employed in a 5-vowel recognition task. A broad
spectrum of machine learning algorithms like vector quan-
tization (VQ), 1-nearest neighbor (1-NN, [2]), probabilistic
neural network (PNN, [9]) with radial basis function (RBF,
[10]) and Gaussian discriminant analysis (GDA) are used as
classifiers and their recognition performance is reported.We

bring forth interesting correlations between the recognition
performance and the statistical properties of the feature.

A large volume of training data is required to build spea-
ker-independent speech recognition systems. One technique
of reducing the data size is clustering the data and choosinga
reasonable number of representative feature vectors to form
codebooks [2]. Hence, codebook techniques are very rele-
vant and practical to speech recognition systems. We form
WDCTC and MFCC codebooks using a k-means clustering
algorithm and compare the codebook statistics for clean and
noisy vowels using the coefficient of variance and overlap
ratio (defined later). Our experiment demonstrates that the
WDCTC codebooks represent the underlying vowel data bet-
ter than MFCC.

2. WDCTC ALGORITHM

The new WDCTC algorithm is outlined below. Consider a fi-
nite duration, real sequencex(n), defined for0 ≤ n ≤ N−1
and zero elsewhere. Taking anN -point Warped discrete co-
sine transform (WDCT, [3]) of the above sequence, we have
XWDCT (k) defined for0 ≤ k ≤ N − 1. We can write
XWDCT (k) as

XWDCT (k) = exp(ξ(k)) |XWDCT (k)| (1)

where

ξ(k) =
jπ

2
(sgn(XWDCT (k)) − 1)

and ‘sgn’ is the sign of the WDCT coefficients. Taking nat-
ural logarithm on both sides of eq. 1, we obtain the WDCTC
of x(n) as

x̂(n) = Re{IDCT (ξ(k) + ln |XWDCT (k)|)}. (2)

Here, an inverse discrete cosine transform (IDCT) [4] is used
to get the WDCTC sequence and it is denoted asx̂(n).

3. VOWEL RECOGNITION TASK

Vowel recognition experiments are conducted on the TIMIT
database. We select 5 vowels/aa/,/eh/,/iy/,/ow/and/uw/
for our experiments. The vowel segments are extracted from
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Fig. 1. Average separability of vowel classes using WDCTC
and MFCC features in varying SNR for: (a) Car noise (b)
Babble noise.

continuous speech using the train and test sets of the TIMIT
database (Dialect Region: North Midland) to form the train
and test sets for our experiments. The number of speakers in
our train and tests sets were 72 and 26, respectively.

Each vowel segment is sampled at 16 kHz. The duration
of each frame of speech is 16 ms, with an overlap of 8 ms be-
tween successive frames. Each frame of speech is preempha-
sized with a factor equal to0.98 and is Hamming windowed.
Eighteen-dimensional feature vectors (MFCC and WDCTC)
are obtained for each frame. For obtaining MFCC, the Mel-
scale is simulated using a set of 18 triangular filters. For the
WDCTC, we choose a warping parameter in the WDCT, for
a givenfs, that closely follows the mel-scale [5]. We incor-
porate this WDCT in the discrete cosine transform cepstrum
(DCTC, [6]) to obtain WDCTC. The first 18 WDCTC coef-
ficients, excluding the gain term, form the feature vector.

3.1. Statistical Analysis of the WDCTC and MFCC

The statistical nature of the WDCTC and MFCC features is
presented prior to their recognition performance.

3.1.1. Statistical Distribution of the WDCTC and MFCC

We compare the closeness of the statistical distribution ofthe
WDCTC and MFCC to a Gaussian distribution. In order to
obtain the statistical distribution of the features, 1000 sam-
ples each of 5 vowels from 72 speakers are extracted from
the TIMIT database. The variance andχ2 normalized by the
number of degrees of feedom of the Gaussian fit averaged
acrossC1 to C18 for the WDCTC and MFCC features are
shown in Table 1 for clean and noisy vowels. From Table 1,

Table 1. Gaussian fit for MFCC and WDCTC features.

Average Variance χ2

ndf

WDCTC MFCC WDCTC MFCC
Clean 0.014 0.265 0.011 0.033
Noisy 0.100 1.010 0.063 0.048

it is observed that the WDCTC coefficients fit the Gaussian
distribution more closely than MFCC in clean vowels. An-
other important observation is the lower variance of the WD-
CTC coefficients as compared to the MFCC coefficients in
clean and noisy vowels (vowels corrupted with Car noise) at
a -5 dB signal-to-noise ratio (SNR). Low variance is a desir-
able property for estimation or classification, which makes
the WDCTC more attractive.

3.1.2. Separability of Vowel Clusters

We compute the separability between two vowel classes as:

D(i, j) = tr(
1

2
(S−1

ii + S−1

jj )Sij) (3)

whereD(i, j) is the separability andSij is the cross-covaria-
nce between theith and thejth classes.Sii is the covari-
ance of theith class and ‘tr’ denotes the trace of a matrix. A
similar separability measure is used to compare the MFCC
with the linear discriminant analysis (LDA) applied to log-
spectral or cepstral feature vector [7]. Finally, the average
class separability is calculated as:

Dave =
1

m(m − 1)

∑

i

∑

j

D(i, j) (4)

wherem is the total number of vowel classes andDave is
the average separability across all the classes. The average
separability of the vowel classes for WDCTC and MFCC is
shown in Fig. 1. It is observed from Fig. 1 that the WDCTC
vowel classes are consistently more separable than MFCC,
under varying SNR conditions.

3.1.3. Within-Vowel Cluster Distance Statistics

Within-class distance is the distance between two feature vec-
tors of the same class and is given by:

dab
ij =

∥∥fa
i − f b

j

∥∥ (5)

wheredab
ij is the distance between theith and jth feature

vectors,fa
i andf b

j of the classesa andb respectively. The
distance of a feature vector for a given classa from its cluster
center is given by:

daa
i = ‖fa

i − E[fa
i ]‖ (6)
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Fig. 2. Histograms of the within-class distance averaged over
all vowel classes for clean vowels: (a) WDCTC (b) MFCC,
and vowels corrupted by -5 dB SNR: (c) WDCTC, Babble
noise (d) MFCC, Babble noise (e) WDCTC, Car noise (f)
MFCC, Car noise. Foc = Frequency of occurrence.

whereE[.] is the expectation operator. We term this distance
as the feature-centroid distance (for a given classa). The sta-
tistical distributions of the within-class and feature-centroid
distances are given in Figs. 2 and 3. It is seen that the sta-
tistical distributions of both the distances in clean and noisy
vowels resemble a Gaussian distribution more closely for the
WDCTC as compared to MFCC. Further, it is observed from
Fig. 2 that the within-class distance for the WDCTC has
lower variance than MFCC, indicating a tighter cluster for-
mation for the WDCTC. This is a useful property for con-
structing a codebook, where the WDCTC needs a smaller
codebook length than MFCC for good data representation.

3.1.4. Codebook Statistics

We have observed that the WDCTC exhibits low variance
and tighter cluster formation. Hence, we expect that for a
given length the WDCTC must form better codebooks than
MFCC and represent underlying data more closely. We set
up an experiment to verify our hypothesis. We use the k-
means clustering algorithm to form 8, 16 and 32-length vec-
tor codebooks and compute codebook statistics. We compute
the intra-codebook distance, which is defined as the average
distance between the vectors belonging to the same codebook
using eq. 5, where nowfa

i is a codebook vector for classa.
Similarly, the average distance between the codebook vec-
tors of different classes is computed and termed as the inter-
codebook distance. Further, the coefficient of variance,ρ, of
the intra-codebook distance is computed as:

ρa
d =

std[daa
ij ]

E[daa
ij ]

(7)
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Fig. 3. Histograms of the feature-centroid distance aver-
aged over all vowel classes for clean vowels: (a) WDCTC
(b) MFCC, and vowels corrupted by -5 dB SNR: (c) WD-
CTC, Babble noise (d) MFCC, Babble noise (e) WDCTC,
Car noise (f) MFCC, Car noise. Foc = Frequency of occur-
rence.

whereρa
d is the coefficient of variance of the intra-codebook

distance for classa andstd[.] is the standard deviation. A low
value ofρ indicates formation of tighter codebooks where
members of the same class are closely packed. In order to
compare the separation of the codebooks in the two feature
spaces, a new term called theoverlap ratio, κ is introduced.
It is defined as the ratio of the intra to inter-codebook dis-
tance, i.e.,

κab
d =

E[daa
ij ]

E[dab
ij ]

(8)

whereκab
d is the overlap-ratio between vowel classesa and

b. A good feature should have a lowρ andκ. We define the
cluster-codebook distance as the distance between the fea-
ture vectors of a given class and its codebook. Finally, in
order to measure the closeness of a codebook to its clus-
ter, we compute the coefficient of variance of the cluster-
codebook distance. Figure 4 shows the codebook statistics
for clean and noisy vowels. The coefficient of variance of
the intra-codebook and cluster-codebook distance is higher
for MFCC than the WDCTC for clean and noisy vowels,
which indicates that the WDCTC codebooks are tighter and
represent vowel data more closely. Particularly, it is noted
that for small-length codebooks (eg., 8-length) the difference
between the coefficient of variance of cluster-codebook dis-
tance of the WDCTC and MFCC is very high in clean and
noisy vowels. This agrees with our hypothesis that the WD-
CTC indeed represents data with smaller codebook length.
The overlap-ratio of the MFCC codebook is higher than with
WDCTC in clean and noisy vowels, which is an indicator of
the separability of the codebooks of different vowel classes.
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3.2. Vowel Recognition using Different Classifiers

We have presented statistical properties of the WDCTC and
MFCC in the previous subsection. These properties are ex-
ploited by VQ, 1-NN [2], Probabilistic Neural Network (PNN)
and Gaussian Discriminant Analysis (GDA) classifiers for
the vowel recognition task. While the VQ and 1-NN clas-
sifiers will tap the useful codebook properties, the PNN and
GDA are based on the Gaussian nature of the feature distrib-
ution and statistics. Further, these sets of classifiers arebasic
and have little influence in the final recognition performance.
In this manner, we are able to limit the influence of the clas-
sifier and rely heavily on the features themselves in the final
recognition performance. ‘State of the art’ classifiers like the
hidden Markov model (HMM) and support vector machines
(SVM) are beyond the scope of this paper.

3.2.1. Vector Quantization and 1-Nearest Neighbor

Each vowel is modeled using a 32-length VQ codebook, con-
sisting of code vectors of MFCC and WDCTC features. The
codebooks are trained using the k-means clustering algorithm,
employing a Euclidean distance measure. Vowels are identi-
fied by evaluating the distortion between the features of the
test vowel sample and the vowel codebooks. Car noise and
babble noise are added to clean vowels. SNR is varied from -
5 dB to 20 dB and the noisy vowel recognition performances
using MFCC and WDCTC features are obtained. The vowel
recognition performance of MFCC and WDCTC features for
clean speech using VQ and the 1-NN model is shown in Ta-
ble 2. Figure 5 shows the noisy vowel recognition perfor-
mances of MFCC and WDCTC. Figure 5(a) and (b) show
the recognition accuracy in percentage and the comparative
performances in the presence of car noise and babble noise
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Fig. 5. Noisy vowels’ average recognition performances of
MFCC and WDCTC. (a) Using VQ model in presence of Car
noise. (b) Using VQ model in presence of Babble noise. (c)
Using 1-NN model in presence of Car noise. (d) Using 1-NN
model in presence of Babble noise.

Table 2. Comparison of clean vowel average recognition per-
formance of MFCC and WDCTC features.

VQ model 1-NN model

Feature Train Test Train Test
MFCC 90.86 67.83 99.01 71.51

WDCTC 90.97 69.48 99.75 73.00

for the VQ model. Similarly, Figs. 5(c) and (d) show the
results for the 1-NN model. From Table 2 and Fig. 5, we can
see that the WDCTC consistently outperforms MFCC.

3.2.2. Probabilistic Neural Network

PNN is a variant of an RBF network that employs a Bayesian
strategy for classification. A PNN is able to learn the train-
ing data in one-pass. In fact, the PNN estimates the probabil-
ity density function of the data by using the Parzen window
[8]. Hence, it is a useful and versatile tool for automatic
speech recognition. The MATLAB implementation of the
PNN is used for the vowel recognition experiment. The al-
gorithm uses a RBF function which uses a tuning parameter
- ‘spread’. The value of the ‘spread’ parameter determines
how many and which training points are used in classify-
ing the new test feature. For instance, a very small value
of ‘spread’ forces nearest neighbor behavior into the PNN.
In order to optimize the recognition performance, the value
of ‘spread’ is varied and the recognition accuracy is recorded
at different values of SNR, which are plotted in Fig. 6. It
is seen that the recognition performance of MFCC and the
WDCTC are comparable. While the MFCC performance
is marginally better than the WDCTC in clean vowels, the
WDCTC performs better in noisy vowels. Another interest-
ing point to observe is the variation of the accuracy with the



‘spread’ value. It is seen that the accuracy of the WDCTC
peaks at a ‘spread’ value of 0.1 and falls sharply on either
side for all SNRs. The MFCC curve is not as peaky as the
WDCTC curve and the rise and fall are much more gradual.
This indicates that the WDCTC clusters have lower variance
than MFCC clusters. The WDCTC performance consistently
peaks at only one value of ‘spread’ while the MFCC gives
a peak performance at different values of ‘spread’ (between
0.5 - 1.5) as the SNR is varied from -5 dB to +5 dB (vowels
corrupted by babble noise). This suggests that the statistical
distribution of MFCC is more sensitive to noise than the WD-
CTC. Alternatively, the WDCTC is a more robust feature.

In the PNN implementation, the Gaussian kernel function
assumed that the ‘spread’ is the same along all dimensions
of the feature vector. This is not an accurate assumption for
both features and a possible reason for the marginally higher
performance of MFCC. Hence, we attempt to model the data
as a multivariate Gaussian distribution.

3.2.3. Gaussian Discriminant Analysis

We develop a multivariate Gaussian model along the lines of
the GDA technique. Let the input WDCTC or MFCC feature
vector be represented byx. The feature vectorx belongs to
one out of the 5 possible classes of vowels. Lety be the
vowel class. Each test feature is assigned to the classyclass

that maximizes the conditional probability of the class, i.e.,
y given the test pointx, defined as:

yclass =
arg max

yj
p(yj |xi).

Using Bayes’ theorem, we can rewrite the classification prob-
lem in terms of the conditional probability of the test pointx
as:

yclass =
arg max

yj
p(yj)p(xi| yj)

Further, if no prior information is assumed then the classifi-
cation is simplified as:

yclass =
arg max

yj
p(xi| yj)

The conditional distribution of the vowel data, given the class-
es, is assumed to be a multivariate Gaussian distribution.
Hence, a multivariate Gaussian model is constructed for each
vowel and the test feature is applied to these models. The test
feature is assigned to the class that maximizes the posterior
probability of the featurex.

A multivariate Gaussian distribution is given as:

p(xi|yj) =
exp (− 1

2
(xi − µ)T

∑
−1

(xi − µ))

(2π)M/2|
∑

|1/2
(9)

where
∑

is the covariance matrix andµ is the mean vector
of the vowel class.|.| is the determinant andM is equal to

18. The results of the classifier are shown in Fig. 6. It is
clearly seen that the performance of the WDCTC is much
better than MFCC. This reconfirms our earlier statistical re-
sults which suggested that the WDCTC feature approximates
a Gaussian distribution more closely than MFCC. Also, the
accuracy achieved by the Gaussian classifier for the WDCTC
is higher than the other classifiers previously employed.

Finally, the comparison of the results obtained from clas-
sifiers for the WDCTC and MFCC features are shown in Fig.
7. The results are shown for -5 dB SNR and clean vowels.
Babble and car noise are used to simulate -5 dB noisy con-
ditions. It is observed that the best performing classifier for
the WDCTC and MFCC is GDA and 1-NN. Also, the recog-
nition accuracy obtained for the WDCTC in all noisy condi-
tions is better than MFCC, barring the clean vowels case in
the PNN algorithm. In general, the WDCTC outperforms
MFCC. An interesting observation is that the WDCTC is
more robust to noise as it performs significantly better than
MFCC in noisy conditions, showing an improvement of up
to 10% in some cases.

4. CONCLUSION

The WDCTC is compared to MFCC using various machine
learning algorithms. We choose basic learning algorithms
to minimize their influence in the classification results and
maximize the feature’s capability. The results show that the
WDCTC is consistently better than MFCC. Interesting facts
about the WDCTC are presented, such as good vowel class
separability, low variance, better codebook representation and
robustness to noise. It is also shown that the WDCTC fea-
ture and its statistics fit a Gaussian distribution more closely
than MFCC. This is useful information as the ‘state of art’
HMM classifiers inherently assume a Gaussian distribution
for speech features. The next logical step to this study is to
test the WDCTC feature using more complex machine learn-
ing algorithms such as HMM and SVMs. We are currently
working in this direction.
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