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Abstract

In most pattern recognition problems, usually a
relatively large number of features are extracted.
Feature selection methods, as a practical consid-
eration, attempt to reduce the number of fea-
tures by selecting a subset representing the best
features. This paper begins by outlining a rank-
ing scheme for features based on a feature’s cal-
The perfor-
mance potential is made up of a number of per-
formance measures: extraction time, memory
requirements, variance, covariance and classifi-
cation success. An adaptive scheme is proposed
to process a large number of initial features and
arrive at the “best” subset based on their perfor-
mance potential. The approach is successfully
applied to a texture analysis problem. The re-
sults of the testing of the approach are presented
with conclusions indicating its effectiveness.

culated “performance potential”.

Keywords: Feature Selection; Pattern Recog-
nition; Adaptive Approach; Performance Poten-
tial.

1 Introduction
The goal of the pattern recognition problem is

to classify an input pattern among a number
of potential pattern classes. The process can

be developed in three stages: feature extraction,
feature selection and the final classification.

One of the area which has been identified as
being critical, to the development of a successful
classification, is the problem of determining an
effective feature set. In our experience [12], ex-
tensive experimentation leads to the final feature
set. Perhaps of more significance is the amount
of interpretation of the experimental results re-
quired to arrive at an effective feature set. What
is proposed is an approach which would auto-
mate the feature selection and effectively select
the “n best” features. This subset should give
the “best” result in classifying an input pattern
to a pattern class. The fact that this subset
should be more economical to maintain than the
full feature set.

In this paper, we shall experiment texture
classification to demonstrate the efficacy of our
approach to feature selection. Texture classifi-
cation problems involve a large number of po-
tential features and a number of different pat-
tern classes. The primary objective is to select
a subset of features which shows the best per-
formance.
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2 Adaptive Feature Selection

There are various forms of feature selection
(3, 4, 5,9, 11, 14]. A major limitation of these
approaches is the computational cost associated
with them. This paper proposes a new approach
to feature selection. The basis for the approach
is the development of a performance potential
which provides a measure of the relative capa-
bilities of each feature.

A straightforward application of the perfor-
mance potential is to use it to rank the full fea-
ture set. The ranking allows the selection of the
“best n” features. This development is what we
term the general formulation. However, it suf-
fers similiar limitations as the other approaches
in terms of computational cost. An adaptive ap-
proach is proposed which proceeds sequentially
through the pattern samples of a learning set.
The adaptive and iterative approach provides
potential improvements in computational com-
plexity over the general formulation.

2.1 Performance Potential

In this paper, we propose five performance mea-
sure for each feature to calculate the perfor-
mance potential. (The paper looks at five spe-
cific performance measures but the methodology
can incorporate any number of desired perfor-
mance measures.) The five performance mea-
sures are:

1. extraction time (ext)

2. memory requirements (mem)
3. relative variance (var)

4. covariance (cov)

5. classification success (cls)

Each performance measure is evaluated over
“K” pattern classes with a learning set of “L”
sample patterns per pattern class.

Both extraction time (ext) and memory re-
quirements (mem) can be calculated for each
feature with a representative sample pattern

from within the learning set. It is obvious that it
is desirable to select features which exhibit short
extraction times and low memory requirements.

In selecting a feature set you would like the
feature set to exhibit a tight dynamic range
within each pattern class. This would be re-
flected in a small relative variance of a fea-
ture across the learning set patterns for each
class. The relative variance performance mea-
sure (var) can be derived from the covari-
ance matrix. Small covariance between features
would indicate lack of dependence. Thus, min-
imizing covariance meets the requirement of re-
ducing the redundancy within the feature set.
The covariance measure (cov) is the average co-
variance observed between the 7** feature and
the other features of the feature set, across the
“K” classes. The measure of classification suc-
cess (cls) is calculated for each individual fea-
ture. In our experiments, we have used an intra-
class distance metric to provide a classification
performance measure.

Based on these performance measures, we pro-
pose a function which indicates the performance
potential of a feature. A good feature should
provide high classification success (cls), small
relative variance (var), small covariance (cov),
short extraction time (ext) and low memory re-
quirements (mem). Therefore, we define the
performance potential for a feature as

Wyar
+
var
Weoy Wert Wmem
+ + (1)
cov ext mem

PE=

Wy, * Cls +

where the w’s correspond to weighting factors
for the respective performance measures.

2.2 Tterative and Adaptive Approach

The proposed adaptive approach is iterative in
nature. It is outlined in the following algorithm:

STEP 1 Initialization

1.1 Select the size of the selected feature
set, “n”.
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1.2 Select the number of sample patterns
(per class), to be evaluated for each
iteration — “S”.

1.3 Select the number of iterations “M” in

each monitoring stage.

1.4 Calculate the performance potential,
P, for all “N” features over “S x K”
sample patterns. Rank the features,
such that

P> Posswheres 1=, yn

r—mn+F1l, . N

1.5 Form the initial selected feature set,
{F;}, and the unselected feature set,

{F}.

STEP 2 For each iteration, t, and S; sample
patterns

2.1 Calculate the performance potential of
the “n” selected features, over S; sam-
ple patterns, denoted by P;; Eq.(1).

2.2 Calculate the average performance po-
tential, over “n” features, denoted by

STEP 3 For every “M” iterations

3.1 Compile the average performance po-
tential history,

{?h—‘ﬁt-l-l) oo a?t-l»M—-l}

3.2 Determine the slope of the average per-
formance potential history, D.

3.5 IF D < 0 then

3.5.1 For each feature, i, determine
the slope — d;, of the feature’s per-
formance potential history,

{Pit; Pi(e41), - -

3.5.2 Calculate the trend measure
tm;, as

*y Pi(t+M—1)}

tm; = Pyerm-1) + di

3.5.3 Rank tm; and remove feature
Fy from {F;} and concatenate to

the end of {F;}, such that
trhse= rmindlimg b addeond

3.5.4 Select a new feature to {F;}
from the front of {F;}

STEP 4 IF the selected feature set remains
stable for a desired number of monitoring
stages then

e The final “n” features, {F;}, represent
the “best” features as determined by
the process.

e otherwise, return to STEP 2.

3 Experiements

Numerous texture analysis methods have been
proposed in the past [2, 6, 7, 8, 10, 13]. Each
of these methods extracts a number of texture
measurements for classification. We have cho-
sen the co-occurrence matrix method in our re-
search. A total of 150 features from each tex-
ture sample are extracted. Experiments were
performed to select the “best 4” features for the
texture classification. A set of 8 texture images
(Figure 1) was taken from the photographic al-
bum of Brodatz [1]. A total of 210 sample pat-
terns of size 64x64 pixels were formed from each
image.

The texture problem outlined provides us
with an opportunity to use the adpative process.
To evaluate the effectiveness of the adpative ap-
proach we will compare it the general formula-
tion. The results are presented in the following
sections. To begin, we shall briefly describe the
co-occurrence matrix method.

3.1 Texture Feature Extraction

For an indepth description of the co-occurrence
matrix refer to Haralick et al. [6]. The method
first constructs a gray-level co-occurrence ma-
trix. From the co-occurrence matrix a number
of texture features can be extracted.
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The co-occurrence method is based on the es-
timated second order joint conditional probabil-
ity density functions P(i,j | d,0). Each P(i,j
| d,8) denotes the probability of occurrence of
a pair of grey levels (i,j) at distance d and angle
6. For our work, we consider 4 different direc-
tions: 0°,135% 45%nd90°. We also combined
the directional components to extract the abso-
lute range and the average. Five different dis-
placement magnitudes were used, 1, 2, 3, 4 and
8 pixels. This gives a total of 30 different forms
of the co-occurrence matrices. From each co-
occurrence matrix, 5 standard feature measures
are extracted for each pair (d,4).

Energy (Angular Second Moment)

-1g-1
Ede—zz (43101 (2)
+=0.7=0
Contrast (Inertia)
g—1g-1
Cao= > (i-7)°P(i,5]d,0) (3)
1=0 5=0
Correlation
g-1g— 1
z_“z /—l'y)P(lajld 0)
Rie =0 Z Fer
1=0 j=0 &y
(4)
where

Uz, O are the mean and the standard devi-
ation of the row sums of matrix P(i,j | 4, 6),

[y Oy are the mean and the standard de-
viation of the column sums of matrix P(i,j

| d,0)
Entropy
g—1g-1
Hd,6 =i ZZP(Z7.7 I d,O)lgP(z,] l dse)
1=0:9=0;

(5)

Local Homogeneity (Inverse Difference Mo-
ment)

= d,0)
=Yy T8IL)

1=0: 7=0

Thus, we have a total of 150 feature values
extracted for each texture sample.

3.2 Performance Measures

One of the considerations in implementing the
performance potential is the relative weightings
assigned to the different performance measures.
For our experiments, we have assigned heavy
weighting (value of 1) to relative variance, co-
variance and classification success and a low
weighting of 0.1 to extraction time and memory
requirements. The intent of the low weighting is
to reduce the influence on the performance po-
tential but still retain an indication of the effect.

Both the extraction time and memory require-
ments can be approximated, for the various fea-
tures, before running the experiments. The re-
maining performance measures are calculated
during the execution of the process. Both the
relative variance and covariance are derived from
the average covariance matrix. The last perfor- -
mance measure — the classification success, re-
quires a calculation which is dependent on the
classifier selected. For our work, we used a min-
imum intra-class distance metric. For the two
class case, the decision rule employed is a ratio
of the distance metric calculated for each pat-
tern class. The decision rule is evaluated for each
feature across the sample patterns under consid-
eration. An exponential function measures the
classification success of each feature. The final
classification measure, for each feature, is the
sum of the exponential function for all the sam-
ple patterns. Extending the calculation to the
“K” pattern classes, involves taking the average
of pairwise applications of the classifier over the
“K” classes.
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3.3 Results

In our experiments a total of 8 texture classes
were selected. The different texture images are
taken from a photographic album by Brodatz
[1]. The eight classes are: reptile skin (im-
age D3), pressed cork (image D4), woven alu-
minum wire (image D6), herringbone weave (im-
age D16), French canvas (image D20), French
canvas (image D21), reptile skin (image D22)
and wood grain (image D68). The various tex-
tures are illustrated in Figure 1. Each texture
image is divided into 210 sample patterns or
subimages, consisting of 64x64 pixels. The sys-
tem used to run the adaptive process is a 10
MHz. IBM PC AT, without a math coproces-
sor. The program was developed with Turbo
Pascal V5.0.

The initial step of the process is to select the
various parameters which will control the adap-
tive process. To begin the adaptive process we
require the size of the selected feature set “n”,
the number of sample patterns per iteration “S”
and the number of iterataions for each moni-
toring stage “M”. In our experiments, we have
chosen n to be 4; S to be 1 (with 8 classes, we
have 8 samples per iteration) and M to be 3 1.
The final stage of the initialization is to calculate
the performance potential for the full feature set
over a set of sample patterns. We have chosen 5
samples from each class to ensure good stability
when introducing the features.

A further consideration is to specify a stop-
ping rule for the process. In the experiments,
we stop the process after the composition of the
“best” n features has remained constant for 2x N
monitoring stages. The simple rule of 2 x N is
an attempt to allow the selected feature set to
“view” the full feature set at least two times be-
fore the feature set is considered stable.

With the 30 different co-occurrence matrices
and the corresponding 5 feature measures, we
generated 150 different features for each texture
sample. Rather than applying the algorithm
directly to the entire 150 feature set, we orga-
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Figure 1: Eight Different Textures
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nized the features into 5 sets, corresponding to
the 5 feature measures extracted from each co-
ocurrence matrix. Therefore, each set has 30
feature values. The algorithm is applied to each
set separately. For each set, four “best” features
will be selected and the results are combined to
form a set of 20 features. The algorithm is ap-
plied to this final set to produce the four “best”
features of the entire 150 features.
two main reasons in doing this.

There are

First of all, parallel computation can be ap-
plied on the 5 sets. This is a saving of execution
time. In our experiments, the set on the energy
feature measure took the longest (576 minutes
on the IBM PC/AT). Comparing to the straight-
forward application of the performance poten-
tial to the full set of features which took 1285
minutes, the adaptive approach is much supe-
rior. Secondly, it is also reasonable to determine
the “best” distance (d) and direction () pair
for each of the five feature measures in the co-
ocurrence matrix. The final selection will indi-
cate which of the feature measures paired with
the distance and direction are the “best” fea-
tures.

Table 1 presents the summary of the execution
times of the adaptive approach and the straight-
forward ranking of the performance potential of
the full feature set. Note that the experiments
were done on an IBM PC/AT system which ac-
counts for the long execution times. However, a
saving in the execution time is reflected.

From our results, two feature measure sets
(contrast and correlation) showed selected fea-
tures different from the other three. For the
energy, entropy and local homogeneity feature
measure sets, the features extracted from the
co-ocurrence matrices of 4 distances at the av-
erage direction are selected. This compares well
with the work of Haralick et al. [6]. The results
for the contrast and correlation feature measure
sets can be explained by examining the actual
function of the features.

The contrast feature is a measure of the lo-
cal variation within the image. Few of the tex-
tures considered show distinct local regions. The

H Feature Set {Exec. Time (mins) ”

(in parallel)

Energy 576
Contrast 324
Correlation 239
Entropy 218
Homogeneity 168
Final 279
Total 855

[ Full | 1285 |

Table 1: Summary of the Execution Times

contrast that does exist within the texture pat-
terns is relatively fine grain. It would be ex-
pected that a small pixel displacement magni-
tude should provide the best discrimination of
the texture patterns. We see this clearly in the
results, with the selection of the displacement
magnitude of 1 pixel across all the directional
components.

The other co-occurrence feature — correlation,
is a measure of the gray level linear dependence.
It would be expected that if the images have
a lot of linear structure then the directional
components could show better performance than
their average. The selected feature set provided
by the correlation feature includes two features
capturing the range over the directional compo-
nents and directional components from an angle
of 0° and 135°. The range over the directional
components was shown by Haralick [6] to pro-
vide good classification success. The remaining
selected features are more difficult to explain. If
we examine the performance potential for each
feature, under the correlation measure, we find a
small range for the performance potential. This
suggests that the corresponding ranking does
not signify a significant improvement in perfor-
mance for the selected feature set. Returning to
the images, it is also difficult to discriminate the
various texture patterns solely on linear struc-
ture. This may in turn lead to the difficulty in
providing a significant selected feature set.
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4 Conclusion and Future

Work

In this paper, we have proposed an adaptive
approach to feature selection. The efficacy of
this approach has been demonstrated by the ex-
periments performed in a texture classification
problem. We admit that the computer system
used did not show fantastic gain in the execution
time of the adaptive approach over the general
formulation. However, we believe that the pro-
posed methodology has great potential in prac-
tical applications. First of all, researchers can
be encouraged to explore new feature measures
and combine different feature extraction meth-
ods to obtain as much information as possible.
Utilizing the proposed approach, they will not
be inhibited by the large number of features
to be considered in their respective problems.
Secondly, application dependent potential mea-
sures can be used to redefine the performance
potential (Equation 1). For example, if mem-
ory requirement is not a constraint, then it can
be deleted from Equation (1). Finally, paral-
lel computation can be incorporated in this ap-
proach. Analysis and development of paralleliz-
ing the algorithm applied to image analysis is
currently being considered.
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