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Abstract

In speech recognition systems, feature extraction can be
achieved in two steps: parameter extraction and feature trans-
formation. Feature transformation is an important step. It can
concentrate the energy distributions of a speech signal onto
fewer dimensions than those of parameter extraction and thus
reduce the dimensionality of the system. Linear Discriminant
Analysis (LDA) and Principal Component Analysis (PCA) are
the two popular feature transformation methods. This paper in-
vestigates their performances in dimensionality reduction tasks
in continuous speech recognition systems. A new type of fea-
ture transformation, LP transformation, is proposed and its per-
formance is compared to those of LDA and PCA transforma-
tions.

1. Introduction
Feature extraction is a key component in continuous speech
recognition (CSR) systems. A major objective of feature ex-
traction is to compress the speech signal so as to overcome what
Waibel and Lee called “dimensions of difficulty” [1, 2]. Feature
extraction is achieved in two steps: parameter extraction and/or
feature transformation. In the parameter extraction step, infor-
mation relevant for speech recognition is extracted from speech
data in the form of p-dimension parameter vectors. In the fea-
ture transformation step, parameter vectors are transformed to
feature vectors, which have a dimensionality m (m ≤ p). If the
parameter extractor is properly designed so that the parameter
vectors are precise representations of the information contained
in the speech and their dimensionality is low, then there is no
necessity for feature transformation. In practice, however, pa-
rameter vectors are not satisfactory. For example, redundancy
[3] and correlation exist between parameter vectors. Further-
more, the dimensionality of parameter vectors is normally very
high (≥ 35) and needs to be reduced for the sake of less com-
putational cost and system complexity. Due to these reasons,
feature transformation is necessary for robust speech recogni-
tion.

Feature transformation is normally implemented by pro-
jecting the parameter vectors onto a feature space through a
linear transformation matrix. Feature transformation methods
vary with the criteria of optimizing the transformation matrix.
The two fundamental feature transformation optimization crite-
ria are PCA and LDA. PCA optimizes the transformation ma-
trix by finding the largest variations in the original feature space
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LDA pursues the largest ratio of between-class variation
ithin-class variation when projecting the original feature

ubspace [7]. Both of them have been explored in CSR by
ber of researchers [8, 9, 10] in recent years. In this work,

vestigate the use of LDA and PCA for feature dimension-
eduction. Then we propose a new type of transformation,

ansformation, aiming at improving the robustness and ef-
cy of CSR systems.
he rest of this paper is organized as follows: Section 2 in-
ces the framework of LDA and PCA. Section 3 describes
e of LDA and PCA transformations for feature dimension-

reduction and the proposed LP transformation. In Section
give a description of the database and the features used
r experiments. The results of the experiments are given
ction 5 and finally in Section 6 we compare and conclude
the results obtained.

2. Feature Transformations
Linear Discriminant Analysis

oal of linear discriminant analysis is to separate the classes
ojecting classes’ samples from p-dimensional space onto
ly oriented line. For a K-class problem, m = min(K −
different lines will be involved. Thus the projection is from
imensional space to a c-dimensional space [7].
uppose we have K classes, X1,X2, · · · ,XK . Let the ith
vation vector from the Xj be xji, where j = 1, . . . , J and
, . . . , Nj . J is the number of classes and Nj is the number
servations from class j. The within-class covariance ma-
W and between-class covariance matrix SB are defined

=
PK

j=1 Sj =
PK

j=1
1

Nj

PNj

i=1(xji − µj)(xji − µj)
T

=
PK

j=1 Nj(µj − µ)(µj − µ)T

(1)
µj = 1

Nj

PNj

i=1 xji is the mean of class j, µ =
N
i=1 xi is the global mean and N =

PK
j=1 Nj .

he projection from observation space to feature space is
plished by a linear transformation matrix TL:

y = T T
L x (2)

orresponding within-class and between-class covariance



matrices in the feature space are:

S̃W =
PK

j=1

PNj

i=1(yji − µ̃j)(yji − µ̃j)
T

S̃B =
PK

j=1 Nj(µ̃j − µ̃)(µ̃j − µ̃)T (3)

where µ̃j = 1
Nj

PNj

i=1 yji and µ̃ = 1
N

PN
i=1 ỹi. It is straight-

forward to show that:

S̃W = T T
L SW TL

S̃B = T T
L SBTL

(4)

A linear discriminant is then defined as the linear function
T T

L x for which the objective function

J(T ) =
|S̃B |
|S̃W | =

|T T
L SBTL|

|T T
L SW TL| (5)

is maximum. It can be shown that the solution of (5) is that
the ith column of an optimal TL is the generalized eigenvector
corresponding to the ith largest eigenvalue of matrix S−1

W SB .

2.2. Principal Component Analysis

PCA is a well-established technique for feature extraction and
dimensionality reduction. It is based on the assumption that
most information about classes is contained in the directions
along which the variations are the largest. The most common
derivation of PCA is in terms of a standardised linear projec-
tion which maximises the variance in the projected space [6].
For a given p-dimensional data set X , the m principal axes
TP1, TP2, · · · , TPm, where 1 ≤ m ≤ p, are orthonormal
axes onto which the retained variance is maximum in the pro-
jected space. Generally, TP1, TP2, · · · , TPm can be given by
the m leading eigenvectors of the sample covariance matrix
SG = 1

N

PN
i=1(xi − µ)(xi − µ)T , where xi ∈ X , µ is the

sample mean and N is the number of samples, so that:

SGTPi = λiTPi i ∈ 1, · · · , m (6)

where λi is the ith largest eigenvalue of SG. The m principal
components of a given observation vector x ∈ X are given by:

y = [y1, · · · , ym] = [T T
P1x, · · · , T T

Pmx] = T T
P x (7)

The m principal components of x are decorrelated in the pro-
jected space. In multi-class problems, the variations of data are
determined on a global basis, that is, the principal axes are de-
rived from a global covariance matrix:

ŜG =
1

N

KX

j=1

NjX

i=1

(xji − µ̂)(xji − µ̂)T (8)

where µ̂ is the global mean of all the samples, K is the num-
ber of classes, Nj is the number of samples in class j, N =PK

j=1 Nj and xji represents the ith observation from class
j. The principal axes TP1, TP2, · · · , TPm are therefore the m

leading eigenvectors of Ŝ:

ŜGTPi = λ̂iTPi i ∈ 1, · · · , m (9)

where λ̂i is the ith largest eigenvalue of Ŝ.
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Feature Dimensionality Reduction and
LP Transformation

Feature Dimensionality Reduction

utational efficiency is an important problem for real-time
systems. The amount of computations required for pattern
nition and the amount of data required for training systems

exponentially with the increase of the dimensionality of
ature vectors. This is what Bellman called “the curse of
sionality” [11].
educing the dimensionality of parameter vectors is the
direct way to solve the problems caused by high dimen-
lities. However, directly reducing the number of parame-
ill cause unpredictable information loss and consequently
the system performance unstable. This problem can be

ome by using LDA and PCA transformations for feature
sionality reduction.
oth LDA and PCA transformations, TL and TP , are com-
by the eigenvectors of S−1

W SB or the global covariance
t is usually the case some eigenvalues of matrices S−1

W SB

are zero [12] or very close to zero, as shown in Fig-
. This fact indicates that the energy of a speech signal is
y distributed along a subset of coordinates corresponding
n-zero eigenvalues. It, therefore, will not cause heavy or
dictable information loss to discard the coordinates corre-
ing to zero or zero-proximate eigenvalues. Based on this
the dimensionality of parameter vectors is reduced by a
ed-rank Tp×m:

y = T T x = {T1, T2, · · · , TM}x (10)

m < p and T1, T2, · · · , TM are first m leading eigen-
rs of TL or TP .

LP Transformation

and PCA transform parameter vectors with different ini-
ns. LDA transformed feature vectors represent the energy
peech signal distributed along the eigenvector-spanned co-
ates on which the classes have the largest discriminants,
PCA transformed features represent the energy distribu-

along the directions with largest variates. Given the facts
ost information concentrates on the directions spanned by

ading eigenvectors of the two transformations, the combi-
s of the two sorts of leading directions will give a more

ed description of speech signal energy distributions. This
to our definition of an LP transformation TLP

1:

P = {T1, T2, · · · , Tm, Tm+1, Tm+2, · · · , Tm+n} (11)

T1, T2, · · · , Tm are the first m leading eigenvectors of
transformation and Tm+1, Tm+2, · · · , Tm+n are the first
ing eigenvectors of PCA transformation.

4. Experiments
Database

IMIT database [13] is used in the experiments of this
The TIMIT corpus contains a total of 6300 sentences,

ntences spoken by each of 630 speakers from 8 major di-
regions of the United states.

P = LDA + PCA, for short.
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Figure 1: Eigenvalues obtained when computing LDA and PCA
transformations.

4.2. CSR System

The HTK-based speech recognition system [14] is used
throughout all our experiments. HTK is a Hidden Markov
Model (HMM)-based speech recognition system and designed
for both isolated and continuous speech recognition. A continu-
ous whole-word-based speech recognition system is built in our
experiments. The system uses 5-state HMMs for each of 46 se-
lected monophones. Each state of HMMs has a single Gaussian
pdf. model (GMM).

4.3. Experiment Configuration

Our experiments include baseline, LDA transformation, PCA
transformation and LP transformation experiments. In baseline
experiments, MFCC features are used. The dimensionality of
MFCC vectors veries from 3 to 39 in each sub-experiment. In
LDA, PCA and LP experiments, 39-dimensional MFCC vectors
are obtained first. Then they are transformed to feature vectors
in each sub-experiment with the dimensionality corresponding
to that of baseline experiments. Features and the dimensionality
of feature vectors used in these experiments are shown in Table
1.

5. Results
The results of the four experiments are shown in Figure 2. Ob-
servations from these results can be summarized as follows:

• The word recognition rate curves of PCA, LDA and LP
transformation experiments are flatter than that of the
baseline experiment. This indicates that the reduction of

Dim
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ension Baseline LDA PCA LP
3 3-MFCC 3-LDA 3-PCA 2-PCA

1-LDA
3-MFCC

9 3-Delta 9-LDA 9-PCA 5-PCA
3-Acce 4-LDA

5-MFCC
15 5-Delta 15-LDA 15-PCA 8-PCA

5-Acce 7-LDA
7-MFCC

21 7-Delta 21-LDA 21-PCA 11-PCA
7-Acce 10-LDA

9-MFCC
27 9-Delta 27-LDA 27-PCA 14-PCA

9-Acce 13-LDA
11-MFCC

33 11-Delta 33-LDA 33-PCA 17-PCA
11-Acce 16-LDA

13-MFCC
39 13-Delta 39-LDA 39-PCA 20-PCA

13-Acce 19-LDA

1: Features and dimensionality of feature vectors used in
periments.

feature dimensionality by a PCA, LDA or LP transfor-
mation does not have significant negative influence on
the performance of CSR systems.

The recognition rates are improved after PCA, LDA and
LP transformations.

The word recognition rate after a PCA, LDA or LP trans-
formation degrades steeply only when the feature dimen-
sionality is reduced below 9. This indicates that heavy
information loss after PCA, LDA or LP transformations
starts only when feature dimensionality is reduced to a
very small number.

LP transformation has a better performance than those of
PCA and LDA transformations.

6. Conclusions
s paper, we investigate the performance of feature trans-
tion methods for dimensionality reduction in continuous
h recognition tasks. A new type of transformation, LP,

is based on PCA and LDA is proposed. Experimental
s show the following patterns of feature transformation
ds:

The word recognition rate is improved after the feature
transformation step.

The performance of CSR systems does not have siginif-
icant degradation before feature dimensions are reduced
to 15 after feature transformation by PCA, LDA or LP.

The performance of PCA transformation is not stable in
high dimensional feature spaces.

The overall performance of LP transformation is better
than that of PCA and LDA. However, the PCA trans-
formation has better performances on certain dimensions
(21 and 3) than LP transformation.

mplies that it is applicable to reduce speech model storage
omputation expenses by employing feature transformation
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Figure 2: Comparison of the word recognition rate of the base-
line, PCA, LDA and LP transformation experiments.

methods. The results also show two directions for future work.
One is the improvement of the CSR system performance on
very low dimensions (< 10). This would be extremely useful
in some commercial CSR systems. The other is to find a bet-
ter optimized criterion for feature transformation, since the LP
transformation, a simple concatenation of PCA and LDA trans-
formation, shows improved performance.
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