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Abstract
This paper describes an accurate feature representation for con-
tinuous clean speech recognition. The main components of the
technique involve performing a moderate order Linear Predic-
tive (LP) analysis and computing the Minimum Variance Dis-
tortionless Response (MVDR) spectrum from these LP coeffi-
cients. This feature representation, PMCCs, was earlier shown
to yield superior performance over MFCCs for different noise
conditions with emphasis on car noise [1]. The performance im-
provement was then attributed to better spectrum and envelope
modeling properties of the MVDR methodology. This study
shows that the representation is also quite efficient for clean
speech recognition. In fact, PMCCs are shown to be a more
accurate envelope representation and reduce speaker variabil-
ity. This, in turn, yields a 12.8% relative word error rate (WER)
reduction on the coombination of Wall Street Journal (WSJ)
Nov’92 dev/eval sets with respect to the MFCCs. Accurate en-
velope modeling and reduction in the speaker variability also
lead to faster decoding, based on efficient pruning in the search
stage. The total gain in the decoding speed is 22.4%, relative to
the standard MFCC features. It is also shown that PMCCs are
not very demanding in terms of computation when compared
to MFCCs. Therefore, we conclude that PMCC feature extrac-
tion scheme is a better representation of clean speech as well as
noisy speech than MFCC scheme.

1. Introduction
Capturing the vocal tract transfer function (VTTF) from the
speech signal while eliminating other extraneous speaker de-
pendent information, such as pitch harmonics, is a key require-
ment for accurate speech recognition [2, 3]. It is well known
that the vocal tract transfer function is mainly encoded in the
short-term spectral envelope [4]; therefore, extracting the short-
term spectral envelope accurately and in a manner invariant to
noise is crucial for both clean and noise-robust speech recogni-
tion. It is also widely accepted within the speech recognition
community that incorporating perceptual considerations, such
as Mel and Bark scales, in the feature extraction process leads
to improved accuracy and robustness [5, 6].

Mel-Frequency cepstral coefficients (MFCCs) have proven
to be an effective set of features for speech recognition. In this
method, a Mel-scaled filterbank is applied to either the short-
term FFT spectrum or an LP-based spectrum to obtain a per-
ceptually meaningful smoothed gross spectrum. This represen-
tation, however, has a limited ability to remove undesired har-
monic structure, especially for high-pitch speech [3]. Further-
more, it has been observed that for high-pitch voiced speech,
the formant frequencies are biased towards pitch harmonics and
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bandwidths are therefore mis-estimated [3, 4, 2]. MFCCs
so expected to carry a good deal of speaker dependent in-
tion. The most obvious evidence of this is the fact that the
feature representation is widely used in speaker recogni-
ystems. This also shows that the so-called smoothed gross
rum cannot smooth out sufficient speaker-dependent infor-
n. While this property can be an advantage for speaker-
dent recognition, it certainly makes the use of MFCCs for
er-independent recognition quite inefficient. FFT vs. LP-
MFCCs have also shown differences in performance due
aker variability under noise, stress, and emotion [7]. De-
these observations, MFCCs are still the most widely used
h feature in state-of-the-art speech recognition systems.

LP-based techniques, the spectral envelope is modeled
all-pole filter whose coefficients are estimated by mini-

g the Mean-Squared Error (MSE) between the spectrum
e LP filter’s frequency response. The assumption is that
eech signal can be adequately modeled by the filter when
put is a single pulse or white noise [8]. However, this
ption does not hold exactly for voiced speech when the
tion is quasi-periodic [4]. Moreover, the MSE minimiza-
s for the speech spectrum itself, not for its envelope [4].
fore as the analysis order increases, especially for high-
speakers, the envelope obtained from LP analysis tends
low the fine structure of the speech spectrum and is bi-
towards strong harmonics. This causes the final speech
es to carry a good amount of speaker dependent informa-
Furthermore, LP analysis is known to be highly sensitive
ise. Therefore, a technique that is better able to suppress
eaker dependent information in the spectrum and is ro-

o variations due to noise and environmental perturbations
essary.
irect upper envelope estimation using pitch-synchronous
eak-picking techniques for computing the upper enve-
ave shown promise but are computationally expensive and
to non-robust behavior in noisy conditions [3].
oise robustness of PMCCs was examined in [1]. The im-
ment was attributed to the fact that MVDR is very accurate
mphasizes the upper spectral envelope. It is a logical fact
oise corrupts the spectral valleys while leaving the spectral
(i.e. high energy regions) nearly unchanged; therefore a

sentation that makes use of this fact by modeling the upper
ral envelope is expected to be robust to variations due to
ve noise. In this paper, we examine the performance of
Cs on clean speech. Often, many noise-robust features,
as auditory features, can provide better performance in
conditions while causing reduced accuracy in noise-free



conditions. However, this is not the case with PMCCs. They
are able to produce excellent results with both clean and noisy
speech due to (1) their ability to model the upper envelope accu-
rately thus yielding a performance gain in noisy conditions, (2)
their ability to better suppress speaker-dependent information.

The paper is organized as follows. In the next section, we
describe the MVDR spectral envelope estimation in detail. Sec-
tion 3 deals with the algorithm of computing PMCC features.
In section 4, we show, through a modified Linear Discrimi-
nant Analysis (LDA) [9], that PMCCs are better able to sup-
press speaker-dependent information than MFCCs. Section 5
gives the results of the experimental evaluations on the WSJ
database. After considering computational issues in Section 6,
we conclude the paper in Section 7.

2. MVDR Spectral Envelope Estimation
In the MVDR spectrum estimation method, the signal power
at a frequency, �l, is determined by filtering the signal by a
specifically designed FIR filter, h�n�, and measuring the power
at its output. h�n�, is designed to minimize its output power
subject to the constraint that its response at the frequency of
interest, �l, has unity gain. This distortionless constraint en-
sures that the filter, h�n�, will let the input signal components
with frequency �l pass through undistorted, and the minimiza-
tion of the output power ensures that the remaining frequency
components in the signal are suppressed in an optimal manner.
This synergistic constrained optimization is a key aspect of the
MVDR method which allows it to provide a lower bias with a
smaller filter length than the Periodogram method [10]. Also,
unlike the Periodogram method, the power is computed using
all the output samples of the band pass filter, which also gives a
reduction in the variance [11, 12].

This twofold optimization reduces the bias in the spec-
tral samples and lowers the arbitrary variability in the result-
ing spectrum. These properties result in accurate spectrum es-
timation with desired statistical modeling characteristics. Other
advantages of using MVDR include: (1) the resulting spec-
trum follows the upper spectral envelope closely, (2) the esti-
mate is smoother than the LP spectra with similar conditions
(better suppressing the speaker dependent information), (3) the
formants are broader and not biased towards strong harmonics
hence their position is more accurately estimated. For the same
model order, LP tends to model the fine detail in the spectrum
while MVDR mostly corresponds to upper envelope and con-
tains almost no excitation information. This justifies the use of
MVDR as the spectral envelope estimation technique for noise
robust and high accuracy speech recognition. For more com-
putational details of MVDR spectrum, the reader is referred to
[11, 12, 1].

TheQth order MVDR spectrum can be parametrically writ-
ten as

PMV ��� �
�PQ

k��Q ��k�e
�j�k

�
�

jB�ej��j�
� (1)

The parameters, ��k�, can be obtained from a modest non-
iterative computation using the LP coefficients, ak, and predic-
tion error variance, Pe [13, 10].

��k� �

�
�
Pe

PQ�k

i�� �Q� �� k � �i�aia
�

i�k� k � �� �� Q

����k�� k � �Q��� ��

(2)

The �Q � �� coefficients, ��k�, completely determine the
MVDR spectrum, PMV ���. Note that a linear taper or trian-
gular window is used in the definition of ��k� and this causes
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VDR spectrum to be smoother in appearance than the LP-
spectrum [13]. This makes the MVDR envelope a better

sentative of VTTF since it smoothes out unnecessary exci-
details.

Computational Details of the PMCCs
], the FFT-spectrum was simply replaced with a high or-
VDR spectrum in the standard MFCC computation proce-
The method was shown to be very effective, especially for
pitch speech in noisy conditions. This approach however
veral problems. High order MVDR spectrum estimation
putationally very expensive. Furthermore the large-lag

orrelation estimates required for the high order LP analy-
e less reliable since they are forced to be estimated from a
(typically 25ms window) data sample causing high vari-
in the feature vectors. This makes a second smoothing
ecessary via a K-point cepstrum averaging [12]. In or-
overcome these problems, we take an approach similar to
rceptual Linear Prediction (PLP) [6] method. Our PMCC
ach utilizes MVDR as a spectral envelope estimation not
pectrum estimation technique and this makes a remark-
ifference in both implementation and performance. The

needed for computation of PMCCs are explained below in
;

Obtain filterbank output energies, e�j	, using the FFT
power spectrum and P Mel-scaled triangular filters,

Append the P � � filterbank outputs (excluding e��	 and
e�P � �	) to the current output to get a symmetric vector
of length ��P � ��,

Perform an IDFT (this reduces to IDCT since the input
vector to IDFT is real and symmetric) on the vector ob-
tained above to get Q� � “perceptual” autocorrelations,
R�n	. This can be implemented via a matrix multiplica-
tion of cosines;

n	 �
�

M

M��X
k��

e�k	cos���kn�M�� n � �� �� � � � � Q (3)

where M � �� P � ��.

Perform a Qth order LP analysis via Levinson-Durbin
recursion [8, 13].

Obtain the MVDR spectrum , i.e. ��k�s, from the LP
coefficients using Eq. (2) [11],

Convert the MVDR spectrum to cepstrum coefficients
via the standard FFT-based approach [14].

he length of the FFT in the last step must be carefully
n to prevent aliasing. As a final step, an optional cep-
smoothing (K-pt Averaging) can be performed to reduce
riance of the final feature vectors [12]. We ignored this

or clean speech recognition in order not to reduce the reso-
of the feature vectors. A schematic diagram of the PMCC

end illustrating the above steps is given in Fig. 1.
ig. 2 compares the spectral envelopes represented by the

 MFCCs and PMCCs with the Mel-warped FFT power

rum. The MFCCs are computed on the FFT power spec-
not on the magnitude spectrum, so that both envelopes

e compared on the same scale. The figure gives useful in-
on the characteristics of the envelopes. Fig. 2 (A) is for
voiced and (B) is for a voiced speech frame. The MFCC
ope shows arbitrary variations whereas the PMCC enve-
is much smoother, thereby reducing speaker characteris-

the envelope. We mentioned that the MFCC envelope
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Figure 1: Schematic diagram of the PMCC computation
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Figure 2: Spectral envelopes for MFCCs (dotted) and PMCCs
(dash-dotted) superimposed onto Mel-warped FFT power spec-
trum (solid) for (A) unvoiced, (B) voiced sounds of a female
speaker from WSJ database (x-axis denotes the warped fre-
quency index[k] and y-axis denotes normalized log-power on
both figures)

is biased towards strong harmonics and mis-estimates the for-
mant bandwidths. Fig. 2 (B) is a good example. Consider the
first formant, for the MFCC envelope the formant is divided
into two separate formants towards strong harmonics whereas
the PMCC envelope accurately represents only one formant at
a more reasonable position. Similar arbitrary variations in the
MFCC envelope falsely represents 5 formants while the PMCC
envelope only shows 3 formants for the voiced frame. We con-
clude that, especially for voiced sounds, the PMCC envelope
is more robust to strong harmonic structures and more accu-
rately estimates the positions as well as the bandwidths of the
formants.

4. A Measure of Inter-Speaker Variability
Our claim is that PMCCs are better able to suppress speaker de-
pendent information than MFCCs. This section aims to evaluate
the two feature extraction schemes in terms of their robustness
to speaker variability. We use a modified Linear Discriminant
Analysis (LDA) scheme proposed in [9] to evaluate the robust-
ness to speaker variability. This scheme is basically a modified
LDA in which we compute the within-class scatter matrix with
respect to speaker variability; therefore, LDA objective function
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et x�k� be a D-dimensional feature vector output of feature
tion algorithm for discrete time k. We can define the mean
ss c for speaker r as in Eq. (4).

mr�c �
�

Nr�c

Nr�cX
k��

x�k�� (4)

the sum is over all Nr�c feature vectors which belong to
er r, r � f�� � � � � Rg and are assigned by a time alignment
16] to class c, c � f�� � � � � Cg. Thus, this mean vector is
eaker r and class c and there is a total of N �

PC

c��Nc

ean vectors. Nc denotes the total number of speakers that
spoken the phoneme c. For large enough databases, we can
e that every speaker have spoken every phoneme, thus
R. Now, we apply Fisher Discriminant Analysis [17]

ssume that each phoneme constitutes a class. We can then
ute the class means by averaging over all the speakers as
. (5).

mc �
�

Nc

X
r

mr�c� (5)

the summation is over the speakers, r, who have spoken
oneme c. We can then compute the global mean for the
database via Eq. (6).

m �
�

N

CX
c��

Ncmc� (6)

ompute between-class, SB , and within-class, SW , scatter
ces as in Eq. (7) and Eq. (8), respectively.

SB �
�

N

CX
c��

Nc�mc �m��mc �m�T � (7)

SW �
�

N

CX
c��

X
r

�mr�c �m��mr�c �m�T � (8)

e would like to have feature vectors such that all vectors
ging to one class should be compact in the feature space
dless of the speaker. They should also be well-separated
the feature vectors of all other classes [9]. Two good mea-
of this property are the determinant and trace of S��W SB .
eterminant is the product and the trace is the sum of the

values �i of S��W SB [9]. The interpretation for the de-
nant measure is straightforward. Since it is the evaluated
of the LDA objective function [17], we would like to max-
it. The interpretation for the trace measure is that the trace

s the sum of the variances in principal directions and is in-
ted as the radius of the scattering volume. The larger the
is (i.e. the higher the class separability), the better sep-

d the classes in the feature space. This leads to the fact
9] the higher the class separability, the lower the recog-
error rate. The formula for computing determinant and

measures are given below. Both measures are used to eval-
nter-speaker variability within phonemes in this study.

Dt � log�

CY
i��

�i�� (9)

Tr �

CX
i��

�i� (10)

ive the evaluated values of the determinant and trace mea-
for MFCC and PMCC feature extraction schemes in Ta-
We conclude from the table that PMCCs show much less

er variability, proving the claim that they better suppress
er-dependent information than the MFCCs.



Table 1: Det. and Trace measures for MFCCs and PMCCs.

Measure/Systems MFCCs PMCCs
Det. (Dt) -74.57 -70.44
Trace (Tr) 87.02 88.41

5. Experimental Evaluation
We use Sonic [16], the Univ. of Colorado’s large vocabulary
speech recognition system. Sonic is a continuous density hid-
den Markov model (CDHMM)-based recognizer. The acoustic
models are decision-tree state-clustered HMMs with associated
gamma probability density functions to model state durations.
The task is �K-vocabulary clean speech recognition on the WSJ
database sampled at �� kHz. The training set is the SI-284 and
the test sets are the official WSJ0 5K Nov’92 dev and Nov’92
eval sets. The dev set includes  female and � male speakers
with a total of �� utterances. The eval set includes 
 female
and � male speakers with a total of 

� utterances. The 
� di-
mensional feature vector contains �� statics, �� deltas and ��
delta-deltas along with energy, delta and delta delta energy. We
used a window length of ��ms and a skip rate of ��ms by Ham-
ming windowing the frame data before further processing. All
HMMs have left-to-right topology with no skips and each state
was represented by �-� mixtures depending on the available
training data. The total number of Gaussians was around ���K
for ��� decision-tree, state clustered HMMs. We first trained
gender-independent models and then adapted these models us-
ing available training data to male and female speakers. Decod-
ing was performed via these adapted gender-dependent model
sets [16]. We used P=

 filters in the Mel-filterbank and Q=�
as the model order for LP analysis in the computation of PM-
CCs which were optimized on an earlier task. We tabulated our
results with MFCCs and PMCCs in Table 2 together with the
relative improvements of PMCCs over MFCCs. The relative
improvements are computed on the combination of both test
sets. Note the outstanding improvement for female speakers.
This result clearly supports the claim that MVDR is especially
efficient for medium and high-pitch speech [11, 12, 1]. The re-
sults are also favorably comparable to those reported in [18].

Table 2: WERs(%) for WSJ dev/eval test sets.

Gender/Systems MFCCs PMCCs Avg. Rel. Imp.
Female 3.9/4.5 3.1/3.9 14.6
Male 5.5/4.4 4.9/4.0 10.0
Overall 4.9/4.5 4.2/3.9 12.8

6. Computational Performance
Computational performance can be considered under two main
categories; namely the number of operations required to com-
pute the feature vector per frame, and the total time required for
the recognition test. The first is closely related to the algorithm
of the feature set. The latter, on the other hand, is tied to the
properties of the features, such as suppression ability of noise
and speaker variabilities. We summarize the number of opera-
tions (NOP)1 and the real-time factor (RTF) for both MFCC and
PMCC feature extraction schemes in Table 3.

Although, PMCCs require approximately 36% more NOP
per frame than MFCCs, it compensates for this loss in the recog-
nition stage. Better models, in the sense of suppressing speaker
variability, lead to improved search and faster pruning, yielding

1Based on a 25ms (or 400-sample) window
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4% faster decoding. This is also a remarkable improve-
especially for real- time systems.

3: NOP and RTF for WSJ task with MFCCs and PMCCs.

mp./Systems MFCCs PMCCs Rel. Imp.(%)
NOP �11000 �15000 -36
RTF 2.32 1.80 22.4

7. Conclusions
s paper, we extended the PMCC approach, which was ear-
roposed for robust speech recognition, to the clean speech
nition. It is rarely the case that a feature representation be
t for both noisy and clean speech. The PMCC envelope
wn to be a more accurate representation than the MFCC
ope especially for highly harmonic voiced speech. A mod-
LDA analysis showed that PMCCs are also better able to
ess speaker dependent information yielding less speaker
ility than the MFCCs. This, in turn, leads to more effi-

search and pruning which results in a decoding speed gain
.4%. It is concluded that PMCCs are ideal for recogni-
f both clean and noisy speech. Thus, the PMCC features
rong candidates to replace MFCCs in future recognition

s.
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