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Abstract: The automatic construction of a hierarchical classifier is described. The
construction process uses the same classifier to select the features, which is used
later for the classification itself. The construction leads to a binary decision tree.
Every node is labelled with a feature vector.

The classical statistical approach to feature selection is presented. The add-on
algorithm provides feature vectors of minimal length without regarding the classifier.
Two applications are described and the results, reached by the classical statistical
algorithm and the new hierarchical classifier, are compared.
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1 INTRODUCTION

The classification of products in a production line is an important task of the quality control. The
technical diagnosis is more and more used to decide whether the product has no faults or belongs to
one of several fault classes.

Acoustic noise or mechanical vibrations are widely measured on the products. The signal
processing consists of the measurement by a transducer (i.e. microphone or acceleration sensor), a
pre-processing (i.e. filtering and suppression of noise), the feature extraction and the classification.
The process of technical diagnosis provides an extremely strong compression of information. The
measured signals containing a lot of relevant and irrelevant information are compressed into a few
classes, only. The strongest compression takes place during the feature extraction process. Thus, this
is the most important task. If relevant information is lost during this process it is impossible to reach
good classification results. Therefore, the selection of the most efficient features is very important.

The paper describes the classical feature evaluation and —selection. The new classification is done
by a decision tree algorithm called HICLASS (Hierarchical Classifier). Conventional decision trees as
well as the tree at hand are presented. The paper finishes with some applications of the new classifier.

Problems of the feature extraction and classification are:

=  The classes overlap in the feature space

=  The no-fault class consists of a lot of samples

=  The fault classes contain only a few samples of the training set

=  The training set is selected by experts.

=  The experts select features intuitively and in large numbers

=  Features are correlated

An automatic construction of a diagnosis system by supervised learning consist of the finding of the
structure of the classifier, the selection of the features and the calculation of its parameters (e.g. mean
and covariance of a class). In case of supervised learning, described in this paper, the samples are
sorted into classes. The samples for the classification are given in form of a training set X of n samples

X;

1 X j=1..n

A sample is defined by the feature vector

l(J = lle""'!X]F;C]iJ

where x;;,...,X; are the values of the features x,,...,x, for the object x;. The class label ¢; is attached

to this sample.
CjiT C i=1...k

The training set X can also be interpreted as a set of n points within a multidimensional feature
space. The label c; describes the partitioning of the feature space into the classes.

The aim of the classification is to separate the samples of a test set with a minimum of cost and
error rate. This can be achieved by an optimal selection of features and a choice of the most efficient
classifier.
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1.1  Conventional feature selection.

Feature extraction and classification should be seen as a unity but most design procedures are
described separately in literature [1, 2]. The feature extraction is often optimised without regarding the
classifier. Optimisation of the feature extraction is done by selecting the relevant features. But, usually
features are selected intuitively and in large numbers by experts. A feature has to be judged by how
well it separates classes from one another. The aim is to find a subset of features that separates the
classes best. There are many measures of separability [3]. Such a measure should be related to the
classification error. Most measures are based on Fisher’s discriminant. Fisher’s discriminant judges a
feature depending on the distance of its centroids of the classes and the scatter within the classes.
Fischer’s discriminant can be used only for one feature and a two-class classification. In practice there
will be more than two classes. A possible measure is the F-ratio

k- 24 (- 7
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with k = number of classes; m = number of measurements for each class; x; = jth feature
measurement for class i; m = mean of all measurements of class i; m= mean of all measurements of
all classes.

The divergence [4] has its roots in the information theory. If the covariance matrices W and W of
two normal distributed classes are equal or can be averaged by W, then the divergence reduces to

- — = — W
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In the case of more then two classes the divergence is averaged over all pairs of classes
« I — Ve — W\g
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W is called the intraclass covariance matrix. The averaged <(in - leXin - le) > is the interclass

covariance matrix B. Thus, the separability measure is
D=trw'B) (@)
This measure is applicable for the evaluation of a group of features and several classes. Fukunaga
[5] has listed other measures, as well.

1.2  Subset selection

The purpose of feature evaluation is to reduce the number of features in order to gain a set of
relevant features containing the information to separate the measured objects into classes with a low
classification error. A sure way to select the best subset is to evaluate every possible subset. This
means examining a total of g%subsets, if N is the number of initial features which is to be reduced to a

subset of K features. The expense of evaluation is not affordable if N is large and K is intermediate. A
better approach is the add-on algorithm. The algorithm starts with the feature holding the highest F-
ratio. All N-1 pairs of features comprising the nucleus and one other feature are evaluated using the
separability measure D. This process is repeated until the measure does not increase substantially
when another feature is added. The evaluation requires only K(2N+1-K)/2 operations. If a subset of
K=10 has to be selected out of N=50 initial features, the permutation needs 10" evaluations. The add-
on algorithm needs 450 evaluations, only.

2 THE HIERARCHICAL CLASSIFIER

The design of decision trees for classification is a most promising approved approach for real-world
applications [6,8]. A tree is defined as a finite set of one or more nodes such that

= there is a unique node designated the root

= the remaining nodes are partitioned into disjoint sets, each of which in turn is a tree called a

subtree.

Generally, two types of information in a tree are important, the information about a node stored as
a set of parameters of the features for classification (test) and the information relating the node to its
neighbours (outcome of the test). The outcome is often a value of the feature. This has the advantage,
that only simple limits of the features are necessary but the discriminant function can be lines or
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hyperplanes parallel to the co-ordinates, only. Decision trees exhibit the structure of the classification
problem with high transparency to the user. But, the structure of the tree can not be adjusted by
additional training sets. The construction of a decision tree is often described as a task of supervised
learning. Classification learning means that a set of observed object is classified a priori. This is the
training data set. The goal of the learning is that every object can be classified with a minimum error or
costs. The automatic construction of the hierarchical classifier HICLASS unites the design of the
structure of the classifier, the selection of the features and the calculation of its parameters, instead of
a separate feature selection. The idea is to split the classification procedure into a chain of two-class
tests. The outcome of the tests is a distance from the tested object to the class and the rest of the data
set. The classifier in Fig. 2 is a binary decision tree. Each object to be classified passes from the root
of the tree to a terminal node. The terminal nodes are labelled with the classes. The (k-1) non-terminal
nodes are labelled with tests. They partition into a class and the rest of the data set. The information
contained is the kind of the classifier (a different classifier can be applied in each non-terminal node),
the features used for classification in that node, as well as the parameters (e.g. mean, variance). The
hierarchical order of the nodes is very important as a wrong decision in a higher node can not be
repaired by a lower one. To decide which features should be used at the root and which at the
succeeding nodes several methods are described in literature [6,7]. The entropy measure method is
used in the well known ID3 algorithm to evaluate discrete features [7]. For the construction of the
decision tree at hand the class that can be separated with minimum error has to be determined. At
first, an arbitrary class and an arbitrary feature of the training set are selected. The classification error
separating that class from the rest of the training set is calculated. Let nj<n; be the number of objects
reaching the current node and being correctly labelled with the class label ¢; and n; is the total number
of objects of class c;, then the estimated error rate is
1. Mii
e=1-— (5)

N

The classification of the training set is carried out with all possible features in a sequential way. The
feature leading to the minimum error is stored. A second arbitrary feature is selected by the add-on
algorithm and the same classification is carried out using the sub-group of two features. Again, the
group with the minimum error is stored. This procedure is continued until an optimal group out of all
features or a pre-set number of features is determined. The data set of the next class is taken to
continue the construction of the classification tree. After having tested all classes, the class with the
lowest classification error is referred to the root node. The other classes are referred to their nodes
depending on the classification error. When this construction has been finished the classification tree
consists of nodes described by a number of features and their classification parameters depending on
the training set. The number of features may vary from node to node. Certain features will appear at a
single node or at several nodes.

After construction, the hierarchical classifier can be used for the quality control of products.
Experience showed that the number of features used is smaller than found by the algorithm of chapter
2 and the grouping of features is more efficient, because the algorithm starts not by the feature with
the highest F-Ratio but with that feature, that is able to partition the data set with a minimum
classification error.

3 RESULTS

HICLASS was tested on 2 classification data sets and compared with classification results obtained
by classical statistical methods. The first classification task is to construct a classical statistical
classifier and HICLASS for the classification of the well known ‘IRIS’ data set [9]. The data set consists
of 150 objects, described by 4 features. The 150 objects are labelled with 3 classes (50; 50; 50). A
feature evaluation shows that feature No. 3, has the highest F-ratio. The add-on algorithm provides
the grouping of the features of Table I. A simple Euclidean distance classifier was used. The distance
classifier classifies the object depending on the distance of the object from the centroids of the
classes. The distance from the object, described by its feature vector x; to the centroid mof class C; is

jS:(’-(i'r_“.)*(l‘j'r_“.)r (6)

The decision rule is: Decide for the class with minimum distance. The Euclidean distance classifier
was also selected for all (k-1) non-terminal nodes of HICLASS. The classification success was
calculated for reclassification. The training- and the test set were the same. The results are given in
Table I.
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Table 1. Classification- success for the ‘IRIS’ data set

STATISTICAL CLASSIFIER HICLASS

Classification- Classification
Success % Success %

Features | Class | Class | Class | Features | Class |Class |Class
No.1 | No.2 | No. 3 No. 1 |No.2 [No. 3

3,1,4,2 100 92 86 4 100 96 92

3,1,4 100 90 86

3,1 100 86 80

The comparison of the classifiers shows that HICLASS is superior. Only 1 feature is used in all 3
nodes and the classification success is better. For the statistical classifier the add-on algorithm starts
with feature No.3, although feature No.4 is better, referring to HICLASS. The reason is that the
algorithm always starts with the feature with the highest F-ratio, which is feature No.3. The three
groups of features of the statistical classifier show different results.
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Fig. 1: Separability vs. feature-numbers Fig. 2: Decision tree. The nodes are labelled

with the feature numbers for classification.

HICLASS was also applied to problems of quality control. The data set measured from a drilling
machine consists of 5 classes (number of objects in brackets): [no-fault (40), unusual noise (30),
commutator fiering (50), gear fault (49), rotor unbalance (50)]. 18 features (spectral powers, RMS,
excess, kurtosis, etc.) were calculated from the measured signals. The add-on algorithm delivers the
function of Fig. 1. It is difficult to decide the number of features, as the separability increases with
every additional feature. It was decided to use the features until no. 17 (13,16,12,6,14,8,17) for the
statistical classifier. HICLASS constructed the decision tree of Fig. 2. Table 2 presents the
classification success for the statistical classifier and HICLASS.

Table 2. Classification success for drilling machine data set.

STATISTICAL CLASSIFIER HICLASS
Classification- Success in % Classification Success in %
Features| C1 | C2 | C3 | C4 |C5 | Feawres | C1 [C2 | C3 [ Cc4a ] Cs
Al18 | 875 | 233 | 40 | 429 | 76 1g’é6ié7’ 95 | 100 | 92 |816]| 94
13.16.12,
cinna| 775 | 233 | 26 | 551 | 86

Again HICLASS is superior. As can be seen from Fig.2, the maximal number of features for
classification is 6 out of 18 and the classification success is better in all 5 classes. Another important
criterion relevant for quality control applications is the computational complexity. The computational
complexity determines the speed of the test of the objects. The computational complexity can be
expressed by the mean path length
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with n = number of samples in the data set; k = number of classes, n; = number of samples in the
data set reaching node i, t, = number of tests from root to node i. For the drilling machine data set the
mean path length is 2.77, which together with the low number of features (i.e. fast tests) gives a good
real-time performance. The cpu-time on a 200 MHz Pentium was 5 min. for the learning procedure and
the cpu-time for the reclassification of the drilling machine data set was only 0.98 s. The classification
performance will be even better as the no-fault class is connected to the highest node. That means,
that most objects (>95% for quality control) will pass the first test, only.

4 CONCLUSION

The HICLASS classification tree construction algorithm offers a good and generalised classification
with high transparency. As shown, only simple test (i.e. using a simple distance classifier) are
necessary. Simple tests by simple classifiers means fast classification, which is very important in real-
time classification for quality control in production lines. The automatic construction of the decision
tree by HICLASS provides a binary tree with k terminal nodes and (k-1) non-terminal nodes. The add-
on algorithm finds the class that can be separated from the rest of the training data set with minimum
classification error. It also determines the minimum number of features, necessary for the tests. The
classification success is fairly high and usually better than that reached by classical statistical
methods. A disadvantage is that the learning procedure is time consuming. But, with modern
computers this can be done within minutes and the time consuming learning does not affect the fast
classification when HICLASS is in service.

The decision tree shows those classes, that can be separated best, in the higher hierarchy of the
tree. In the lower hierarchy are those classes with difficult separation. Therefore it may be an
advantage to use simple tests in the higher nodes and more complex tests in the lower nodes to gain
better classification errors. The classification error was used as a measure to construct the decision
tree by HICLASS. It is also possible to install other measures in the construction algorithm. The cost of
a classification of a faulty object into the no-fault class may be rather high for tasks of quality control. It
would be of practical interest to use a cost matrix for the selection of classes and features.
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