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Abstract
In this paper we propose an intuitive method for feature selec-
tion and dimensionality reduction of a set of selected features.
We analyze the feature set by applying an intuitive class dis-
criminability measure. For this purpose, we use the proposed
schemes for the “editing” of the training datasets. Editing algo-
rithms basically smooth the decision boundaries and improve
the performance of the classification with finite sample size.
We propose that an intuitive measure for class separability or
the overlap between classes can be the “number of remain-
ing points” after editing the dataset using an algorithm with an
idea similar to Wilson-editing algorithm over the total number
of points. The algorithm that we aim to apply is a modifica-
tion of the Wilson-Gabriel editing algorithm. We apply this
method to compute the overlap between phonetic classes for
two different feature sets, Mel Frequency Cepstral Coefficients
(MFCCs), and Linear Prediction Coefficients (LPCs). These
feature sets are commonly used in speech recognition systems.
The proposed measure indicates a higher class discriminability
for MFCC feature space comparing to LPC feature space.

1. Introduction
Designing a pattern classification system includes a preliminary
step, which is choosing a feature set. In fact, the success or fail-
ure of pattern classification systems depends heavily on their
choice of feature set. In most cases, all the features that can
be potentially useful for a particular classification system are
gathered and examined to find the best subset of the initial fea-
tures. In order to obtain a reasonable classification performance,
the feature space should provide a good discriminability among
members of different classes.

The feature selection step usually involves a measure that
quantifies the discriminability of the classes. Basically, we
search for a feature space so that its discriminability measure
is maximum among other feature spaces for the provided refer-
ence data. When the type of the classifier is defined in advance,
one may look for the feature set that minimizes the error rate of
the classifier. For such a task, the error rate is estimated using
methods like bootstraping or hold out [8], which are both time
consuming and elaborate methods. However, there are other ap-
plications in which having a predefined classifier for the task of
feature selection may not be desired and the feature set needs to
be achieved independently.

The class discriminability measures that are used in the fea-
ture selection stage directly or indirectly should give an idea
about the classification error rate. This is mainly for the applica-
tions in which the main goal is designing a good classifier. The
Bayes classifier is theoretically the best classifier to be used,
but it is computationally very intensive. Also, the distribution

of the data is needed for this classifier. There are other methods
that provide bounds for the Bayes error rate but they still are
computationally intensive and are usually proper for problems
with only two classes. In order to decrease the computational
effort, other discriminability measures have been proposed that
use within-class and between-class scatter matrices [4]. These
simpler measures do not give proper results for all data distri-
butions and are not related to the Bayes error rate as the ones
mentioned before.

In this paper we propose a very intuitive class discriminabil-
ity measure, which can be applied to any number of classes
and any arbitrary distribution for the data. This measure ba-
sically quantifies the amount of overlap between classes. We
apply a tool that is commonly used in pattern recognition prob-
lems for editing the training dataset and smoothing the deci-
sion boundaries in order to enhance the classification perfor-
mance. We apply this method to compute the overlap between
phonetic classes for two different feature sets, Mel Frequency
Cepstral Coefficients (MFCCs), and Linear Prediction Coeffi-
cients (LPCs). These feature sets are widely used in speech
recognition or speaker recognition systems (applications of pat-
tern classification).

2. The Wilson-Gabriel Editing Scheme
In this section, we describe the idea, properties and application
of the Wilson-Gabriel Editing scheme.

Since the things that have similar properties are located
close to each other spatially, the data points in a feature space
that belong to the same class will have similar features compar-
ing to those belonging to other classes and will be close together
in the feature space. This property is sometimes referred to as
“spatial auto-correlation”.

Based on this property, a classification rule was developed
which was very intuitive: The k-nearest neighbour classifica-
tion rule.

The k-nearest neighbour classification rule works in this
way: “In order to classify an unknown sample, we take a major-
ity vote between the class labels of its k closest samples in the
stored dataset.” This intuitive rule is powerful due to the fact
that its error rate is upper bounded by twice the Bayes error rate
(optimal) for large enough datasets [4].

In pattern classification problems, storing as little of the
training data as possible while maintaining a good classifica-
tion performance is always desired for practical situations. For
this reason, some researchers proposed methods to discard parts
of the dataset that may be redundant or even harmful for the
classification performance. These methods are called “editing”
methods. In 1972 Wilson proposed the following algorithm for
editing the training dataset [1]:
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1. For each member of the dataset, find its k-nearest neigh-
bours among the other members.

2. Classify this member to the class associated with the
largest number of points among the k-nearest neigh-
bours.

3. Edit the dataset by deleting all the points misclassified in
the previous step.

This method is a very simple and powerful method due to
the fact that after editing the dataset using this method, if we
apply a 1-nn rule on the edited subset, the error rate converges
to the Bayes error [1]. Later on, other researchers proposed
modified versions of this editing method that also would lead
to the Bayes error rate. In such methods, improving the recog-
nition accuracy is the main objective rather than reducing the
dataset. In Figure 1, there are two classes, the class “dot” and
the class “square”. The nearest neighbour decision boundary
between members of class “dot” and members of class “square”
is shown in red. After applying the Wilson editing method,
since the majority of nearest neighbours of the data point with
class “square” which is inside class “dot” is from class “dot”,
this point is deleted. The new nearest neighbor decision bound-
ary between memebers of two classes is shown in blue. It is
clear that after applying this algorithm the decision boundary
has been smoothed.

Figure 1: The member of class “square” which is inside class
“dot” is an overlapping point. This point is deleted by applying
the Wilson editing algorithm.

3. Class Discriminability Measure
We propose that an “intuitive” measure for class separability
or the “overlap” between classes can be related to the number
of remaining points after editing the dataset by an algorithm
with an idea similar to the Wilson-editing algorithm over the
total number of points. The algorithm that we aim to apply is
a modification of the Wilson-Gabriel editing algorithm [7]. We
basically count those data points for which the majority of their
Gabriel neighbours are from the same class as the data points
themselves (non-overlapping points). Then, the class discrim-
inability measure is defined as the number of these data points
over the total number of data points.

Class Discriminability Measure (CDM) = (1)
number of non-overlapping points

total number of points

In an ideal case, since the classes are all well separated, the
number of neighbours of a point that belong to the same class as
the point itself is always larger than the number of neighbours
that belong to other classes and therefore the ratio converges to
one. Thus, when we start to have overlap between classes, the
nominator begins to decrease from the ideal case and the ratio,
respectively.

Figure 2: The circle shows the region of influence for data
points “a” and “b”. If any point “c” is located inside their re-
gion of influence, “a” and “b” will not be Gabriel neighbours
anymore.

In the Wilson-Gabriel editing algorithm, the concept of
Gabriel-neighbours is used. Basically, we call two points a
and b Gabriel neighbours if the “region of influence” of a and
b is empty. This means that there is no point c such that
d2(a, b) > d2(a, c) + d2(b, c) where d(a, b) denotes the dis-
tance measure between a and b. In the Euclidean space, the
region of influence of a and b is the smallest hyper-sphere that
contains them. The Gabriel graph is obtained by connecting the
points with an edge if they are Gabriel neighbours. Figure 2
shows the definition of Gabriel-neighbours and the region of in-
fluence.

Using the Wilson-Gabriel editing algorithm instead of
Wilson-editing algorithm is due to the following properties of
the Gabriel-neighbour approach. The Gabriel graph preserves
all of the important nearest neighbour decision boundaries very
faithfully for a given set of data points [1], [10], hence, pre-
serving all of the good qualities of the k-nearest neighbour rule.
Moreover, the problem of choosing the best k will not exist if
the Gabriel-neighbour is applied instead of k-nearest neighbour.

In high dimensional spaces computing the exact Gabriel
graph can be costly for large training datasets. In practice,
the “approximate” Gabriel graph is used instead of the exact
Gabriel graph at each step for the Wilson-Gabriel editing algo-
rithm. There is no known faster algorithm for computing the
approximate Gabriel neighbors of an unknown point in arbi-
trary dimensions than the algorithm by Kaustav [7]. This al-
gorithm mainly applies a modified version of the SASH (Spa-
tial Approximation Sample Hierarchy) by Houle [5], which is
developed to compute “approximate” nearest neighbours of a
set of points in high dimensional spaces, named the GSASH.
It requires O(n log2 n) time and O(n) space to compute the
GSASH. The GSASH can be used to compute the k closest ap-
proximate Gabriel neighbours in O(k log2 k+ log2n) time [7].
The complexity of the brute force approach to compute the
Gabriel graph is O(n3), i.e., cubic for a constant number of
dimensions.

1346



4. Application in Speech Recognition
Systems

In a speech recognition system, due to the processing computa-
tional burdens, the speech data is compressed and the less cru-
cial information for the phonetic analysis of the speech signal
is discarded. Basically, the main purpose of a speech recogni-
tion system is identifying the phonetic transcription of the input
speech signal. Therefore, compressing the speech data for the
task of speech recognition mainly requires selecting a paramet-
ric representation of the acoustic data that keeps the informa-
tion most significant for the phonetic discriminability of speech
data. In other words, we search for a feature space in which
the clouds of examples of feature vectors for different phoneme
classes have the least possible overlap.

Consequently, one can minimize the loss of useful informa-
tion by examining different parametric representations and mea-
suring the class separability in any recognition problem. Con-
ventionally, a feature set will be chosen among all initial feature
sets if the recognition error rate of it is the minimum. But in
this way, a whole process of speech recognition should be per-
formed and also the final choice for the feature set is related to
the recognition procedure and may not reveal the true discrim-
inability of the phonetic classes. Using the proposed measure of
discriminability allows us to solely depend on the intrinsic char-
acteristics of the speech data and the phonetic classes, which
can be useful for any application in which building a complete
recognizer for choosing the best feature space is not desired.

5. Evaluation
We compute and compare the proposed class discriminability
measure for two different feature sets, MFCCs and LPCs. These
feature sets are widely used in speech recognition and other
speech processing systems. For this purpose, we use the TIMIT
training database. We extract 14 Mel-frequency cepstral coeffi-
cients and 12 linear prediction coefficients from the speech data
of each phoneme. For computing the short-time Fourier trans-
form of the discrete-time speech signal, we chose a Hamming
window of length 128 for windowing, a 512-point FFT , and
a half-frame overlap. The sampling frequency of the data is 16
kHz. The phonemes are classified in 7 different classes: vow-
els, glides, liquids, nasals, fricatives, stops, and affricates. Since
in the next step we deal with distances between data points in
the feature space, we need to do a statistical normalization on
different dimensions of the training data. Then, we apply the
Wilson-Gabriel editing method on the training dataset. Finally,
we compute the number of non-overlapping data points, and
the proposed class discriminability measure, respectively. We
also compute the Linear discriminant analysis on the LPC coef-
ficients which projects the 12-dimension of LPC feature space
on a 7-dimension feature space where the classes are more dis-
criminant.

The number of data points with the same class as the ma-
jority of their Gabriel neighbours (non-overlapping points) for
the above feature spaces is displayed in Table 1. According
to the results, the MFCCs show the smaller amount of over-
lap between classes (larger number of non-overlapping points)
compared to the LPCs. The number of non-overlapping points
for MFCC feature space is almost 8.5 times larger than the
one achieved for the LPC feature space. This indicates that
the MFCCs provide a better discriminability between classes
compared to LPCs, and it is evidence for MFCCs’ highly ac-
cepted stand in most speech recognition applications compared

to other feature sets that have been suggested and examined to
date. As it can be seen, when we reduce the number of dimen-
sions of the MFCC feature space from 14 to 12, the number of
non-overlapping points reduces from 86000 to 85814. There-
fore, applying this algorithm, one can achieve a sense about
how dimensionality reduction for a particular feature space is
related to class discriminability of the dataset, and choose the
dimensionality in which the most desirable trade off between
discriminability and number of features is achieved. Figure 3
displays this number for different dimensionality of MFCC fea-
ture space. According to the graph, generally when the num-
ber of dimensions increases for the MFCC feature space, the
amount of overlap between classes decreases and hence the
discriminability measure increases. But there is an interesting
point in this graph. The discriminability measure have a small
decrease from dimensionality 8 to 10 in contrast to its general
increase. This indicates that for this amount of reference data
the MFCC 10, does not provide more discriminability for the
data.

Figure 3: The class discriminability measure (CDM) versus the
dimensionality of MFCC feature space. The size of the training
dataset is 20000.

The next Table, 2, shows the amount of discriminability be-
tween classes before and after applying the LDA transform on
linear predictive coefficients. Here, our objective is proving the
correctness of this discriminability measure. According to the
Fisher’s discriminant analysis, the classes should be better sepa-
rated after applying LDA transformation. Since the dimension-
ality reduction also plays a role in the amount of overlap be-
tween classes, we compare CDM for the same number of LPC
coefficients before and after the LDA transformation. It can be
seen from Table 2, that after applying the LDA transformation,
the CDM increases. The difference between CDM before and
after LDA transformation is not large; this is due to the fact
that the classes were so overlapped in LPC feature space, that
LDA transformation can not help much although it still shows
progress. There are other possibilities such as that the discrimi-
natory information of the classes is not in their means but rather
in the variance of the data, where the LDA fails. Also, the distri-
butions of the data in different classes are not unimodal Gaus-
sians, so the LDA projection will not be able to preserve any
complex structure for the data, which may be needed for classi-
fication.

The results achieved above can show the potential of this
simple measure for examining different feature sets without re-
quiring any information about the classes, or the distribution of
the data, and moreover, the need for designing a complete clas-
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sifier of some sort. This method mainly considers the pattern of
distribution of data points in the feature space without imposing
any particular model.

Table 1: The number of points with the same class as the ma-
jority of their Gabriel neighbours for MFCC and LPC feature
spaces. The size of the training dataset is 150000.

feature set num. non-overlapping points CDM(%)
MFCCs-14 86923 58
MFCCs-12 85814 57.2
LPCs-12 9928 6.6

Table 2: The number of points with the same class as the ma-
jority of their Gabriel neighbours for the feature space LPC
before, and after applying the LDA transformation. The size of
the training dataset is 150000.

feature set num. non-overlapping points CDM(%)
LPC-12 9928 6.6
LPC-7 9562 6.4

LPC-7(LDA) 9884 6.6

The reason for the large number of overlapping points even
for MFCC feature space (ex. 64000 out of 150000 MFCC-12)
is that the extracted features are still not good enough to provide
a reasonable discriminability between classes, and also since we
are only using 14 MFCCs. In fact, in most conventional speech
recognizers, the number of features is three times more than
what we are currently using, and that can lead to more separated
classes.

6. Conclusion
In this paper we applied the Wilson-Gabriel editing scheme to
provide an intuitive class discriminability measure. This mea-
sure can be applied to a dataset with any number of classes and
with any arbitrary distribution. This measure basically quanti-
fies the amount of overlap between classes. Consequently, in or-
der to choose the best parametric representation (feature set) of
the data for the purpose of classification, one can examine dif-
ferent parametric representations by measuring their class dis-
criminability without the need to design a whole classifier for
this purpose.

Two well-known feature sets in speech processing are ex-
amined using the proposed discriminability measeure, MFCCs
and LPCs. The results show that when the data points are pro-
jected in MFCC feature space the number of non-overlapping
points between classes is much larger (almost 8.5 times) com-
paring to LPCs. This can be an evidence for the fact that the
MFCCs are preferred and applied commonly in speech recog-
nition systems than LPCs nowadays.
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