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Abstract

In fuzzy classifier systems the classification is obtained by a number of fuzzy If-Then rules including linguistic terms
such as Low and High that fuzzify each feature. This paper presents a method by which a reduced linguistic (fuzzy) set of
a labeled multi-dimensional data set can be identified automatically. After the projection of the original data set onto
a fuzzy space, the optimal subset of fuzzy features is determined using conventional search techniques. The applicability
of this method has been demonstrated by reducing the number of features used for the classification of four real-world
data sets. This method can also be used to generate an initial rule set for a fuzzy neural network. © 1999 Pattern

Recognition Society. Published by Elsevier Science Ltd. All rights reserved.
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1. Introduction

The major objective of pattern classification systems
is the automated recognition of data objects of different
classes with a minimal rate of misclassification. In most
cases, each data object (pattern) is represented numer-
ically by a vector composed of the values of some
measurable features. Although all of these features con-
stitute the inputs of a classifier, they have different im-
pacts on the classification performance. Some features
may not increase the discriminative power of the classi-
fier among pattern classes. Features have their individual
cost components, e.g. related to computational overhead
or economical expenses. In addition, some features may
be highly correlated and some may even be irrelevant for
a specific classification. A reduced feature set requires less
training patterns in the training procedure of a pattern
classifier, such as a neural network (the curse of dimen-
sionality [1]). In addition, the training procedure would
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take less time and, due to fewer features (parameters),
the classifier would obtain a higher generalization
capability. Therefore, one of the crucial steps in the
design of a pattern classifier system is the feature selec-
tion step by which an appropriate feature subset is
selected automatically by the evaluation of candidate
feature subsets.

In a typical fuzzy classifier system, the classification is
explicitly described by a number of fuzzy If-Then rules.
A fuzzy rule may look like IF X is SMALL AND Y is
LARGE then Classl, where X and Y are features and
SMALL and LARGE are fuzzy sets. In each classification
rule each feature may be described by different fuzzy sets
such as SMALL/LOW, MEDIUM, LARGE/HIGH, etc. In
this paper, we propose a method by which optimal fuzzy
sets can be selected automatically by using conventional
search techniques and a representative labeled data set.
In Section 2, a short survey of feature selection tech-
niques, including conventional methods, genetic algo-
rithms and neural network approaches, is given. The
fuzzy feature selection method is motivated in Section
3 and the method is described. In Section 4, a number of
data sets are described that was used in the evaluation
study. The experimental results from these data sets are
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presented in Section 5. Finally, in Section 6 we discuss the
utility and the limitations of our approach.

2. Feature selection techniques

An extensive amount of research has been carried out
over the last two decades to obtain reliable methods for
feature selection. These methods differ in the evaluation
of feature subsets. The evaluation criteria are determined
by the characteristics of the features and the specific
objectives of the classifier. A number of evaluation cri-
teria such as gain-entropy [2], relevance [3] and contin-
gency table analysis [4] have been developed for the
feature values, which lack an intrinsic order such as
categorical, symbolic or nominal features (attributes).
Features with real values may be evaluated by two ap-
proaches. By the first approach the overlap between
classes can be measured by a number of interclass dis-
tance metrics. These definitions may take the probability
density function distribution of different classes into ac-
count [1]. A feature subset for which the average class
overlap is minimal is considered to be an optimal feature
subset. The indices of fuzziness, entropy and m-ness
(measures of fuzziness of a set) are also used to define an
index of feature evaluation in terms of inter- and intra-
class distances [5]. In addition, morphological elements
of the data distribution have been used for the evaluation
of features [6]. By the second approach the misclassifica-
tion rate of a classifier is assessed. The error rate of all
classifiers (each of which is trained for a specific feature
subset) is estimated, so that the optimal feature subset for
which the error rate is minimal can be selected.

Since for n number of features 2" feature subsets exist,
the evaluation of all possible feature subsets leads to
computational problems for a large value of n, especially
when evaluation of each feature subset is costly. To
overcome an exhaustive search for finding an optimal
feature subset, one of the following three methods may be
applied: conventional search techniques, genetic algo-
rithms and neural networks.

By conventional search techniques, feature selection is
equivalent to searching a directed graph. An excellent
review of methods for feature selection, including search
strategies such as sequential forward/backward, bi-direc-
tional, beam and branch and bound [7] is provided by
Siedlecki and Sklansky [8]. Although the criterion function
for the evaluation of feature subsets can be the error rate of
a classifier, inter-class distances or any other function, all
search techniques may fail when the criterion function does
not satisfy the monotonicity condition. This monotonicity
condition requires that a criterion function changes mono-
tonically over a sequence of nested feature subsets (features
through the layers of the feature subset graph). This
condition is, however, not guaranteed if the criterion
function is the error rate of a non-Bayesian classifier.

Appropriate features can also be selected by genetic
algorithms (GA) [9-12], which do not require the
monotonicity condition. In addition, GA in contrast to
other feature selection techniques can provide a number
of optimal feature subsets. Each feature subset (called
a chromosome) is evaluated by a fitness (criterion) func-
tion during an optimization cycle. The fitness function
includes a number of evaluation criteria reflecting the
objective of the classifier. Both the number of features
in the subset and the error rate of a classifier have been
used by Siedlecki and Sklansky [9] and Bril et al. [10].
Sahiner et al. [12] applied GA to select an optimal
feature subset of a data set including 587 features. The
fitness function contained two terms: the area under the
receiver operating characteristics (ROC), and a penalty
term analogous to Brills’s utility term [10] that was
linearly proportional to the number of selected features.
Puch et al. [11] used GA to find an optimal weight value
for each feature to warp the feature space.

A different approach in feature selection is based on
the examination of the parameters of a trained classifier,
e.g. a trained neural network, which is trained by using
all (input) features of a representative data set. Tarr [13]
suggested to use a saliency metric, which uses the sum of
the squared weights between the input layer and the first
hidden layer of a trained multi-layered feedforward neu-
ral network. By the introduction of noise as an extra
feature input, Belu and Bauer [14] provided a method,
which ranked the features from most significant to least
significant. The significance of features was obtained by
comparing their saliency with the saliency of the (input)
injected noise. Priddy et al. [15] determined the saliency
of input features based on the partial derivatives of the
output nodes with respect to a given (input) feature.
Steppe et al. [16] also used a likelihood-ratio test statis-
tic, by which a trained neural network is pruned in a
sequential procedure aimed at selecting the best neural
network. A feature was examined by the evaluation of
the weights of links between features of interest and the
hidden layer and was removed when its associated
weights were not statistically different from zero. Setiono
and Liu [17] applied a network pruning algorithm that
iteratively removed the irrelevant features (inputs) of
a trained three-layer feedforward neural network. In each
iteration all weights of the connections associated with
a specific feature (input) were set to zero and the decrease
of the network accuracy was measured. The feature with
the smallest accuracy was then removed and the network
was retrained in the following iteration.

3. Fuzzy feature selection
In many fuzzy classifier systems the classification is

obtained by using a number of fuzzy If-Then rules of the
form: if feature f; is A; ... AND feature f, is B, then class
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C., where A; and B, are fuzzy sets (such as LOW,
MEDIUM, etc.) and “AND” is a fuzzy logical operator.
In most applications, however, the classification rules
are not known in advance and therefore a procedure is
needed by which fuzzy rules can be extracted automati-
cally from a representative data set. One current ap-
proach is the fusion of fuzzy systems and neural networks
[18-23]. For example, Wang and Mendel [19] take all
possible fuzzy rules, defined by the number of inputs
(features), the number of fuzzy sets for each feature and
the number of outputs, into account. The fuzzy neural
network proposed by Ishibuchi et al. [20], uses almost all
possible fuzzy rules. For an m class problem where p
number of features are involved and for each feature s
number of fuzzy sets are used, the number of possible
fuzzy rules with unspecified consequent (class label) are
equal to s”. Since in most implementations of fuzzy neu-
ral networks each fuzzy rule is implemented by a neuron
in a hidden rule layer, the number of neurons in the rule
layer will increase exponentially, when the number of
features p or the fuzzy sets s is increased. This will
complicate the training procedure and, in general, the
generalization capability of the network will decrease.
Furthermore, the examination of weights and neurons,
using a pruning algorithm in order to find a reduced
fuzzy set, is a difficult task.

From the above, it is clear that a procedure, which
identifies a subset of fuzzy sets automatically is required
when the number of fuzzy sets or the number of features
becomes large. In addition, when an appropriate fuzzy
set is found, one can define an initial fuzzy rule base, and
train a fuzzy neural network proposed by Horikawa et al.
[217 and Jang [22], which allows the training of an initial
rule base.

Fuzzy feature selection can be described as follows:

Let a labeled data set X = {x, | k = 1,2,..., n} include
n number of labeled patterns x; € R?; p is the number of
(real valued) features f;. If we denote x' as the value of the
mth feature f,, of pattern x,, then each pattern x, of set
X can be represented by a vector

Xk = [xlzy xl%a"'axlg]' (1)
Suppose that all features are represented by a set F:
F={fifos s Lo} 2

We can project the original data set to a fuzzy space by
using a membership set U defined as

U= {Hu, Hi2sooos Hagy Bty B2y vvs H2ps ooo s Hp1s

:upZa '-~a,ups}: (3)

where element y;; is the jth fuzzy set of feature f;. The
indices ¢, r and s are positive numbers that indicate the
cardinality of the fuzzy sets of the first (f1), the second (f3)
and the pth feature (f,), respectively. The fuzzy projected

set Fy of the original data set X is defined as
Fx = {(xp, u(xp)) | k = 1,2,...,n} where p(x;) is a vector
represented as

uxi) = [ 1(X1%)a ﬂlz(xli), cees )ulq(xl%)s #21(%%), ,Uzz(xt%), s
,qu(xl%)v s ”pl(x£)7 I-‘pZ(xlI:)a s ﬂps(xlf)]' (4)

Suppose that the number of fuzzy sets for each feature

fi is denoted as | f; |. The fuzzy sets y;; are defined as

Wi xk—> [0 Vie{l,2,...,p} AVje{1,2,...,1fi]}
A ke{l,2,... n}. 3

The value of Zi”=1|fi | quantifies the resolution of the
set U. If the original data is p-dimensional, then its fuzzy
projection is represented by a fuzzy space with a dimen-
sion equal to ) 7| fi .

The fuzzy feature selection determines an optimal
combination of fuzzy sets ;. If each subset of fuzzy sets
can be evaluated by a criterion function J(.) and all
possible combinations of fuzzy subsets is denoted by the
power set O, then fuzzy feature selection becomes one of
determining fuzzy set subset U,pima satisfying

J(Uoptimal) = E(J(Ul))3 VUl = @5 0= 2U’ (6)

where E may be the minimum or the maximum operator.

The optimal set U, ima can be found by applying one
of the three approaches described in Section 2. In case of
conventional search or genetic algorithms one can min-
imize the criterion function J(.). In addition, the third
method, neural networks, can also be applied by using
the data of the fuzzy projected set Fy as the inputs to
a feed-forward neural network.

The fuzzy feature selection can be defined by the fol-
lowing pseudo algorithm:

1. project a labeled data set X{x;|i=1,...,n} onto
a fuzzy set Fy defined by U{w;li=1,2,....,pA
j=1,2,...|fi]}. This projection may be defined by
linear (e.g. triangular membership function) or non-
linear (e.g. exponential, sigmoid) functions;

2. define a classifier, a criterion function J(.) and @ = 2Y,

. use a feature selection method FS;

4. find U,pimar by using FS in such a way that
J(Uoptimal) = E(J(Ut))a vUic 0.

(98]

3.1. Dimensionality and sample size consideration

Quite often and certainly in case of the finite learning
samples, the performance of the classifiers, based on
estimated densities, will improve by involving more fea-
tures; however, beyond a certain point the classification
performance will deteriorate when adding more features.
This is common knowledge in pattern recognition
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applications and is called peaking of classification. The
relation between the classification error rate and the ratio
of the samples per class to the number of features, was
studied, among others, by Kanal [24], Foley [25] and
Jain and Chandrasekaran [26]. Foley [25] demonstrated
that the estimated error rate is extremely biased if this
ratio is less than three. According to Foley, a reasonable
engineering rule of thumb appears to be the following: if
the ratio of sample to feature size is greater than three,
then on average the estimated error rate will be close to
the optimum error rate attained by the minimum prob-
ability of error classifier. Since in our approach the pro-
jection of a data set onto a fuzzy space will increase the
dimension of the samples in a finite learning set, it is
recommended to choose the number of fuzzy sets per
feature in such a way that the ratio of the number of the
training samples of each class to the number of generated
features be greater than three.

4. Data sets and the parameters of the studies

To demonstrate the applicability of the fuzzy feature
selection, four real-world data sets were analyzed. All
data sets are public domain.! A short description of the
data sets and the features are provided in Appendix A.
The data sets were the Iris data set of Anderson-Fisher
[27,28] (called IRIS in this paper), the Indian diabetes
[29] (DIAB), the image segmentation set (IMSEG) and
VEHICLES data set. In all studies the criterion function
was the minimal error probability of a 5-nearest neighbor
estimated by the Bootstrap [30] approach of 100 runs. In
each run a data set was generated randomly out of the
original data set and the error rate of the classifier was
estimated. The default value of | f; | (the number of fuzzy
sets of each feature) was set to two and the ratio of the
number of samples per each class to Zi”: | fi | was greater
than three in all randomly generated data sets. The fuzzy
sets were defined by triangular functions. Fig. 1 shows the
fuzzy sets definition of a feature. As this figure illustrates,
the maximum and minimum values of data for each
feature are used to define the fuzzy sets. For this type of
membership functions for a feature f; the following con-
straint is valid:

1fil
z uij(xk) =1 (7)
j=1
In order to select the optimal fuzzy sets an exhaustive
search is applied, when the number of features was small
(data set IRIS and DIAB). For data sets of IMSEG and

LAll data, including the description of each data set, are
available on ftp.ncc.up.pt/pub/statlog/datasets.

Min Max

Min (Min + Max)/2 Max

Fig. 1. Two examples of triangular membership functions.

Table 1
The best selected fuzzy features for Iris data set

Fuzzy One feature ~ Two features Three

resolution ¢ features

2 S PW S PW, S PL S PW, S PL,
H PL

3 M PL MPL,SPW M PL,SPW,
M PW

S: SMALL; M: MEDIUM;, L:LARGE; PW: Petal width; PL: Petal
length.

VEHICLES with a large number of features the sequen-
tial backward search method was applied.

5. Results
5.1. IRIS data set (IRIS)

The average mean of the error rates of the classifier
using all four original features was equal to 3.65% with
a standard deviation (SD) of 0.02. Table 1 shows the best
selected fuzzy sets for the IRIS data set for | f;| = 2 and
3 fuzzy sets. As this table shows if only SMALL and HIGH
membership functionals for each feature are used
(|fi| = 2), then the best fuzzy feature is SMALL petal
width. The classification error rate of a 5-nearest neighbor
when the best fuzzy sets are used are shown in Table 2. If
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Table 2
Error rates of the best fuzzy features for IRIS data set

Fuzzy resolution (q)

Error rate of fuzzy feature/s (%)

One fuzzy set

Two fuzzy sets Three fuzzy sets

Mean SD Mean SD Mean SD
2 (SMALL, HIGH) 4.0 0.024 3.65 0.022 342 0.022
3 (SMALL, MEDIUM, HIGH) 15.33 0.035 6.3 0.027 3.64 0.022
SD: Standard deviation.
Table 3 Table 5

The error rates of the selected features for DIAB set

Selected features Error rate %

Mean SD
All 8 features 28.07 0.02
L PL 33.27 0.026
L PL and L Age 27.6 0.02

SD: Standard deviation; L: LARGE; PL: Plasma glucose con-
centration a 2 hours in an oral glucose tolerance test.

Table 4
The error rates of selected features for IMSEG set

No. of features  Error rate (%) Feature description

Mean SD

All (19 features) 6.98 0.009
2 fuzzy sets 10.15 0.009
3 fuzzy sets 422 0.008

See Appendix A
S RCR, S RRM
S RCR, S RRM, L HM

S: SMALL; L: Large; RCR: Region centroid row; RRM: Raw
red mean; HM: Hue mean.

only SMALL petal width be used, then the average error
rate of the classifier is 4% with a SD of 0.024. For | f; | = 2
and by using only three fuzzy sets an average error rate of
3.42% is achieved. The error was caused by the overlap
between two classes in the fuzzy space constructed by
those three fuzzy sets.

5.2. Indian diabetes (DIAB)

The average error rate of the classifier was equal to
28.7% when all eight original features were used (Table 3).
Again, the average error was estimated by the Bootstrap
method of 100 runs. The error rate of the classifier was
equal to 27.6% when two fuzzy sets were used.

The error rates of selected features for the VEHICLES set

No. of features Error rate (%) Feature description

Mean SD

All (18 features)  37.21 0.022
3 fuzzy sets 33.44 0.020

See Appendix A

L PrAxis, L Max-
Length, L Elongated-
ness

SD: Standard deviation; L: LARGE.

5.3. Image segmentation set (IMSEG):

The results of this study are presented in Table 4. The
first column shows the number of features used by a 5-
nearest neighbor classifier. In the second and third col-
umn the average error rate and the SD of 100 bootstrap
runs are given, respectively. The fourth column shows
which features were used for the classification. An aver-
age error rate of 6.98% was obtained when all 19 features
of IMSEG were used. By using three fuzzy features
the error rate decreased further to 4.22%. This is a de-
crease by about 3% in the average error rate and also
a decrease by about 84% in the number of features used
for the classification.

5.4. VEHICLES data set

The results of this study are illustrated in Table 5. An
error rate of 37.21% was achieved when all 18 original
features were used. The error rate of the three optimal
fuzzy features was equal to 33.44%. This is a reduction by
about 83% for the number of features used for the classi-
fication, and a reduction of about 4% of the error rate
of the classifier. The three optimal fuzzy features cor-
respond to the fifth, sixth and eighth feature of the
VEHICLES data set.
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6. Discussion

We have proposed a method by which the optimal
fuzzy features of a data set can be selected automatically.
In contrast to other feature selection techniques, instead
of the original data its fuzzy projection is used to obtain
the relevant fuzzy sets. The applicability of this approach
has been demonstrated by using four real-world data
sets. We have shown that by using simple (triangular)
membership functions, a reduced fuzzy feature set may
even reduce the classification error rate. The error rate of
the classifier for the Iris data using a | f;| = 2 and three
fuzzy sets was equal to 3.42%. This value is comparable
to the error rates mentioned in various publications
[31,32]. The lowest error rate reported for an adaptive
fuzzy rule-based classification system by Nozaki et al.
[31] was equal to 2%, estimated by leaving-one-out
approach and |f;| =4. The misclassification error
rate reported in the same publication was, however, for
| fi] =2 (the same value as in our approach) equal to
8%. The error rate of the Iris data set reported in [32]
was equal to 4.7% for a fuzzy min—max classifier model.
The estimated error rate for | f;| = 2 and two fuzzy fea-
tures was equal to 27.6% for the DIAB data set. This
error value was even smaller than the error rates for all
features used. This error rate is comparable to the aver-
age error rate of a neural-network feature selector re-
ported by Setiono and Liu [17], which was equal to
25.71%. Both a decrease in the classification error rate
(about 2.76% for three fuzzy features) and the number of
features used (about 84%), was also obtained for the
IMSEG data set.

In our approach, data is projected onto a fuzzy space
using simple triangular membership functions. In addi-
tion in most studies the number of fuzzy sets of all
features | f; | was equal to 2. In this context one can argue
about the applicability of nonlinear membership func-
tions, e.g. exponential or sigmoid functions or another
| f;| value for a data set. The choice is, however, data
dependent and can be specified by expert knowledge.
Since membership functions of fuzzy sets are used to
partition the feature (input) space, a nonlinear partition-
ing of the feature space may help to select optimal fuzzy
sets. After the identification of optimal fuzzy sets, a higher
performance may be obtained by tuning the parameters
of the membership functions by a neural network. The
results of the Iris data set for two values of | f; | (2 and 3)
suggest that, in case of the triangular membership func-
tion, the error rate of the classifier will not decrease by
a higher degree of partitioning (a larger | f; | value), when
the error rate is near optimal. In most applications of
fuzzy systems, the number of fuzzy features is not larger
than 5. Since the computational overhead of fuzzy feature
selection is proportional to the resolution of U, one can
start the fuzzy features selection procedure by using a | f; |
equal to 2, to avoid the exponential growth of possible

fuzzy set combinations. After the identification of
the optimal fuzzy sets a second iteration with |f;| =3
may identify other combinations of fuzzy sets with
a lower classification error rate. The iteration may
proceed up to a | f; | equal to 5, or it may stop when the
error rate does not further decrease significantly. Due to
the dimensionality and sample size consideration, the
higher values of |f;| may affect the accuracy of error
estimation. Therefore, the upper value of | f; | can also be
determined by the dimensionality and sample size
considerations.

Another possibility for the identification of | f; | is the
partitioning of the feature space by a clustering algorithm
such as the fuzzy c-mean [33]. The cluster prototypes can
then be used for back projection [34] to obtain the fuzzy
membership functionals and the resolution automati-
cally.

We are now investigating the integration of the ap-
proach described in this paper in fuzzy neural networks.
Since an initial rule set can be generated for a fuzzy
neural network after the determination of the optimal
fuzzy sets, the parameters of the membership functionals
as well as the network connections can be further fine-
tuned to obtain a better generalization and classification
capability. Further, the automatic determination of the
number of fuzzy sets for each feature using fuzzy cluster-
ing is under investigation.

7. Summary

In fuzzy classifier systems the classification is obtained
by a number of fuzzy If-Then rules including lingu-
istic terms such as Low and High that fuzzify each feature.
In this paper a method is presented by which a reduced
linguistic (fuzzy) set of a labeled multi-dimensional
data set can be identified automatically. The selected
fuzzy sets are optimal in terms of the classification
performance. After the projection of the original
data set onto a fuzzy space, the optimal subset of
fuzzy features is determined using conventional search
techniques. The applicability of this method has
been demonstrated by reducing the number of features
used for the classification of four real-world data sets.
An evaluation study showed that even with a reduced
number of fuzzy features, a better classification
performance could be obtained than the classification
based on all available features. For example, in case of
the image segmentation data set of outdoor images, a de-
crease of about 3% in the misclassification rate and
a decrease of 84% in the number of features used for
classification, was achieved. For further optimization
purposes, an optimal set of fuzzy features can also be
used to generate an initial rule set for a fuzzy neural
network.
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Appendix A

In this appendix the data sets including the features are
explained.

A.1. IRIS data set (IRIS)

The Iris data set of Anderson-Fisher is a biometric
data set consisting of 150 measurements belonging to
three flower varieties: Setosa, Versicolor and Virginica.
Each class includes 50 observations, in which two vari-
ables, length and width of the petal and sepal, are mea-
sured. Since the length and the width of each variable are
measured, each individual measurement is represented as
a point in a four-dimensional measurement space.

A.2. Indian diabetes (DIAB)

This is a data set including 768 instances of patients
with or without signs of diabetes. Each instance includes
eight numeric valued features. Data includes 500 “tested
positive for diabetes” and 268 “tested negative” subjects
(see Table 6).

A.3. Image segmentation set (IMSEG)
All 2310 instances of this data set were drawn random-

ly from a database of seven outdoor images. The images

Table 6
Feature description of Indian diabetes (DIAB)

Feature no. Description

1 Number of times pregnant

2 Plasma glucose concentration a 2 h in an
oral glucose tolerance test

3 Diastolic blood pressure (mm Hg)

4 Triceps skin fold thickness (mm)

5 2-h serum insulin (mu U/ml)

6 Body mass index (weight in kg/(height in
m)"2)

7 Diabetes pedigree function

8 Age (years)

Table 7
Feature description of image segmentation set (IMSEG)

Feature no.  Description

1 Region-centroid-col: the column of the center
pixel of the region.

2 Region-centroid-row: the row of the center pixel
of the region.

3 Region-pixel-count: the number of pixels in a
region =9.

4 Short-line-density-5: the results of a line extrac-
tion algorithm that counts how many lines of
length 5 (any orientation) with low contrast, less
than or equal to 5, go through the region.

5 Short-line-density-2: same as short-line-den-
sity-5 but counts lines of high contrast, greater
than 5

6 Vedge-mean: measure the contrast of horizon-
tally adjacent pixels in the region. There are 6,
the mean and standard deviation are given. This
attribute is used as a vertical edge detector.

7 Vegde-sd: (see 6)

8 Hedge-mean: measures the contrast of vertically
adjacent pixels. Used for horizontal line detec-
tion.

9 Hedge-sd: (see 8).

10 Intensity-mean: the average over the region of
(R+G+B)/3

11 Rawred-mean: the average over the region of
the R value.

12 Rawblue-mean: the average over the region of
the B value.

13 Rawgreen-mean: the average over the region of
the G value.

14 Exred-mean: measure the excess red: (2R —
(G +B)

15 Exblue-mean: measure the excess blue: (2B —
(G+R)

16 Exgreen-mean: measure the excess green: (2G —
(R +B)

17 Value-mean: 3-D nonlinear transformation of
RGB. (Algorithm can be found in Folly and
vanadium, Fundamentals of Interactive Com-
puter Graphics)

18 Saturation-mean: (see 17)

19 Hue-mean: (see 17)

were hand-segmented to create a classification for every
pixel. Each instance is a 3 x 3 region represented by 19
features describing local pixel information or the output
of an image processing algorithm. The instances belong
to one of the following classes: brickface, sky, foliage,
cement, window, path and grass (see Table 7).

A.4. VEHICLES data set

This data set includes 846 samples, each of which
includes 18 features extracted from the silhouette of four
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Table 8
Feature description of VEHICLES

No. Name Description

1 COMPACTNESS (average perim)**2/area

2 CIRCULARITY (average radius)**2/area

3 DISTANCE CIRCULARITY area/(av.distance from border)**2

4 RADIUS RATIO (max.rad-min.rad)/av.radius

5 PR.AXIS ASPECT RATIO (minor axis)/(major axis)

6 MAX.LENGTH ASPECT RATIO (length perp. max length)/(max length)

7 SCATTER RATIO (inertia about minor axis)/(inertia about major axis)

8 ELONGATEDNESS area/(shrink width)**2

9 PR.AXIS RECTANGULARITY area/(pr.axis length*pr.axis width)
10 MAX.LENGTH RECTANGULARITY area/(max.length*length perp. to this)
11 SCALED VARIANCE ALONG MAJOR AXIS (second-order moment about minor axis)/area
12 SCALED VARIANCE ALONG MINOR AXIS (second-order moment about major axis)/area
13 SCALED RADIUS OF GYRATION (mavar + mivar)/area
14 SKEWNESS ABOUT MAJOR AXIS (third-order moment about major axis)/sigma_min**3
15 SKEWNESS ABOUT MINOR AXIS (third-order moment about minor axis)/sigma_maj**3
16 KURTOSIS ABOUT MINOR AXIS (fourth-order moment about major axis)/sigma_min**4
17 KURTOSIS ABOUT MAJOR AXIS (fourth-order moment about minor axis)/sigma_maj**4
18 HOLLOWS RATIO (area of hollows)/(area of bounding polygon)

sigma_maj**2 is the variance along the major axis, sigma_min**2 is the variance along the minor axis, area of hollows is area of

bounding poly-area of object.

types of vehicles: a double Decker bus, Chevrolet van,
Saab 9000 and Opel Manta 400. The images were
acquired by a camera looking downwards at the
model vehicles at different angles. All 128 x 128 images
were thresholded to produce binary vehicle silhouettes,
after which the “salt and pepper” image noise was re-
moved by the application of morphological operations.
The features were measured in the resulting images (see
Table 8).
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