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Abstract

Ensemble of Classifiers (EoC) has been shown
effective in improving the performance of single
classifiers by combining their outputs. By using
diverse data subsets to train classifiers, the ensemble
creation methods can create diverse classifiers for the
EoC. In this work, we propose a scheme to measure
the data diversity directly from random subspaces and
we explore the possibility of using the data diversity
directly to select the best data subsets for the
construction of the EoC. The applicability is tested on
NIST SD19 handwritten numerals.

1. Introduction

The goal of pattern recognition systems is to
achieve the best possible classification performance.
Since different classifiers usually make errors on
different samples, we can combine classifiers to yield
more accurate recognition rates. This approach is
known as the Ensemble of Classifiers (EoC) method
[3, 6]. Diverse classifiers can be created in several
ways, such as Random Subspaces [2], Bagging and
Boosting [5].

The two key issues that are crucial to the success of
an EoC routine are the following: first, we need
diversity for ensemble creation, because an EoC will
not perform well without it [3, 5, 6, 8]; and second, we
need to select classifiers once they have been created
[5, 6, 8], because not all the classifiers created are
useful. However, since not all the classifiers created
will be used, time is spent in training classifiers that
will not ultimately be used. Another is the evaluation
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of high dimensional classifier combinations, since we
need to evaluate different combinations of classifiers
for ensemble selection after classifier training, and this
evaluation will be very time-consuming in a large
classifier pool. Hence, our question: Can we select
data subsets for ensemble creation directly, instead of
performing the ensemble creation/ensemble selection

routine?
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Figure 1. The proposed classifier-free ensemble
selection scheme

We assume that data subset selection might be
feasible through the evaluation of the data diversity of
data subsets. We thus propose a data subset selection
for the Random Subspaces ensemble generation
method. Note that with this method data points might
have relatively different distributions in the feature
subspaces. This means that, by clustering these data
points in different feature subspaces, we might have
quite diverse clustering partitions. Since clustering
diversities measure the diversity of these partitions,



they give an indirect indication of the data diversity of
the feature subspaces. Fig. 1 shows the proposed
classifier-free ensemble selection scheme, which is a
feature subset selection in Random Subspaces. Note
that the pre-calculation of diversities is carried out
once for all, while GA or MOGA search are repeated
from generation to generation.

Given a pool of feature subsets, we use a clustering
algorithm with fixed parameters to form clusterings in
feature subsets (Fig. 1). It is reasonable to assume that
clustering diversity between different feature subsets
also indicates their data diversity. This scheme will
provide us with the following advantages:

1. By selecting the useful feature subsets, we can
reduce the time needed for classifier training for
ensemble creation.

2. By evaluating the pertinent feature subsets, we
can significantly reduce the search space for
ensemble selection.

3. Feature subset selection might be able to replace
ensemble selection completely for Random
Subspaces in some circumstances, and offers de
facto classifier-free ensemble selection.

Our experimental results suggest that there is a
strong correlation between classifier diversity and
clustering diversity in Random Subspaces, and that
clustering diversity does work for a classifier-free
ensemble selection scheme. Here, we need to mention
that the proposed strategy would not work for the
Bagging and Boosting ensemble generation methods.
Since Bagging and Boosting draw a certain proportion
of the data points to train classifiers, it is quite possible
that the distributions of data points are rather similar.
Consequently, clustering these data points might not
generate significantly different clustering partitions.
More importantly, since Bagging uses various data
points for each classifier, it is impossible for us to
measure data diversity by clustering different parts of
data points.

In the next section, we introduce general clustering
diversity measures. In section 3, we investigate the
possibility of ensemble selection using clustering
diversity measures on NIST SDI19 handwritten
numeral digits. Discussion is provided in section 4 and
our conclusion comprises the last section.

2. Clustering Diversity Measures

In general, given two clustering partitions C; and
C;, we can apply clustering diversity to measure the
diversity between them. Based on the pairwise counts,
a number of clustering diversity measures are proposed
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where: Cy; is the number of data point pairs that are in
the same cluster under both C; and C;; Cyy is the
number of data point pairs that are in different clusters
under both C; and Ck; C is the number of data point
pairs that are in the same cluster under C;, but not
under Cy; while Cy, is the number of data point pairs
that are in the same cluster under Cy, but not under C;.
Note that all these measures calculate the clustering
diversity between two clusterings. In the case where
there are more than two clusterings, the global
clustering diversity is simply the mean of all clustering
diversities between all clustering pairs. Given L

Lx(L-1)

clusterings, there are clustering diversities

d129 d139
clustering diversity d will be its average:

..., dq.n to be calculated, and the global

_ Zi' d['
d=2x—9"Y_ i< 7
Lx(L-1) / 7
Now we want to check whether or not the clustering
diversity of different feature subsets can be used as an
objective function for classifier-free ensemble
selection.



3. Evaluation of Objective Functions for
Ensemble Selection

First, we need to evaluate the hypothesis that the
clustering diversity of different feature subsets can be
used as an objective function for ensemble selection in
Random Subspaces. A clustering diversity was thus
calculated based on the clusterings of these feature
subsets, and served as an objective function for both
the single genetic algorithm search (GA) and the
multiobjective genetic algorithm search (MOGA).
Once the feature subsets had been selected, we
constructed corresponding classifiers using the
selected feature subsets and evaluated the performance
of the ensembles of these classifiers. At the same time,
we also compare our classifier-free ensemble selection
scheme with traditional classifier-based ensemble
selection methods, which uses majority voting error
(MVE) as the objective function for the GA and
MOGA search algorithms.

The experiments were performed on a 10-class
handwritten-numeral problem. The data were extracted
from NISTSD19, essentially as in [9]. We first defined
100 feature subspaces for classifier-free ensemble
selection (or feature subset selection), each feature
subspace containing 32 features extracted from the
total of 132 features. We used nearest neighbor
classifiers (K = 1) for the KNN classifiers.

Four databases were used, including a training set
with 5000 data points used to create 100 KNN in
Random Subspaces, an optimization set with 10000
data points for the GA and the MOGA search, a
validation set with 10000 data points to evaluate all the
individuals according to the defined objective function,
and then to store those individuals in a separate archive
after each generation, and a test set with 60089 data
points. For both the GA and MOGA search algorithms,
we set at 128 the number of individuals in the
population and 500 generations. The mutation rate was

set to %, where L is the length of the mutated binary

string [1], and the crossover probability was set to
50%. During the whole search, a threshold of 3 feature
subsets or classifiers was applied as the minimum
number of feature subsets or classifiers. All the
experiments were carried out with 30 replications.

3.1 Single Genetic Algorithm for Ensemble
Selection for Handwritten Numeral
Recognition

For classifier-based ensemble selection, the EoCs
selected by MVE achieved an average 96.45%

classification accuracy, while those selected by ME
had only a 94.18% recognition rate (Table 1; Fig. 2).
Note that the EoCs found by MVE have, in general,
from 19 to 35 classifiers. However, for classifier free
ensemble selection, the GA search led to the minimum
number of feature subsets.

Table 1. The average recognition rates on test data
of ensembles searched by GA. The simple majority
voting was used as the fusion functions.
Classifier-based ensemble selection
ME MVE
94.18 £ 0.00% 96.45 £ 0.05%
Classifier-free ensemble selection

W-1 W-2 FM
92.55 £ 0.55% | 92.61 +0.43% 93.06 + 0.14%
RI JI MM

92.22 £ 0.10% 93.03 + 0.50%

92.25 + 0.56%

97.00 %
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Figure 2. The average recognition rates achieved
by EoCs selected by modified clustering diversities
with single GA, compared with Mean Classifier
Error (ME), Majority Voting Error (MVE), and the
ensemble of all (100) KNN classifiers.

3.2 Multi-Objective Genetic Algorithms for
Ensemble Selection for Handwritten Numeral
Recognition

For classifier-free ensemble selection, the use of the
MOGA search emphasizes the optimization of the
clustering indices, as well as the maximization of the
number of feature subsets. While the latter is no less
relevant to better ensemble performance, it does avoid
the problem of minimum ensemble size convergence
that occurred in the GA search. While a MOGA search
might not be necessary for classifier-based ensemble
selection, we performed one nonetheless, so that we
could compare the results of classifier-based ensemble
selection with those of classifier-free ensemble
selection.



First, we note that, because we used a MOGA,
classifier-free ensemble selection with clustering
diversity indices no longer converged to 3 feature
subsets. This could allow further, more refined
ensemble selection.

Moreover, we note that, in general, the feature
subsets selected by classifier-free ensemble selection
with clustering diversity indices construct adequate
ensembles. The recognition rates achieved by these
ensembles are very close to those achieved when all
the classifiers are used (Fig. 3).

Table 2. The average recognition rates on test data
of ensembles searched by MOGA. The simple
majority voting was used as the fusion functions.

Classifier-based ensemble selection
ME MVE
96.26 + 0.08% 96.25 + 0.04%

Classifier-free ensemble selection

W-1 W-2 FM
96.24 + 0.08% | 96.25 + 0.06% 96.25 + 0.08%
RI JI MM

96.23 £ 0.08% | 96.26 + 0.06% 96.19 + 0.08%
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Figure 3. Box plot of the classifier-free ensemble
selection schemes using MOGA compared with the
classifier-based ensemble selection using Mean
Error (ME) and Majority Voting Error (MVE) as
objective functions

For classifier-based ensemble selection, ME also
benefits from the MOGA scheme, and even slightly
outperforms MVE as an objective function in a
MOGA (See Table 2). By contrast, MVE did not
perform quite as well as in a single GA, but the
difference is rather small (0.20%). With a MOGA,
MVE selected 49.25 classifiers on average, many more
than it did with the simple GA.

The results of using the clustering diversities in
classifier-free ensemble selection are encouraging, and
all of them performed as well as the ensemble of all

classifiers, but the ensemble sizes were cut in half.
Furthermore, there is no clear difference among the
various clustering diversity measures (Fig. 3). This
indicates that data diversity can be used to carry out
ensemble selection in Random Subspaces, and that the
proposed classifier-free ensemble selection scheme
using clustering diversity measures as objective
functions does work.

3.3 Classifier-Free Ensemble Selection
Combined with Pairwise Fusion Functions for
Handwritten Numeral Recognition

While MAJ is one of the fusion functions most
often used for combining classifiers, it is not
necessarily the optimum choice. If we apply other
fusion functions - such as the pairwise fusion matrix
with the majority voting rule (PFM-MAJ) [4] - the
classifier-based ensemble selection using MVE might
not be the best scheme. It turns out that the
performances of ensembles selected by classifier-free
ensemble selection can be further improved by using
better fusion functions. As we can see in Table 3, the
recognition rates of ensembles applying PFM-MAJ are
apparently better than those applying the simple MAJ.

Table 3. The average recognition rates on test data
of ensembles searched by MOGA. The pairwise
confusion matrix applying the pairwise-majority
voting was used as the fusion functions.

Classifier-based ensemble selection

ME MVE
96.89 + 0.05% 96.78 + 0.09%
Classifier-free ensemble selection

W-1 W-2 FM
96.91 £ 0.05% | 96.90 + 0.04% 96.90 + 0.04%
RI JI MM

96.90 £ 0.04% | 96.89 +0.03% 96.88 + 0.08%

Moreover, for the MOGA search, when PFM-MAJ
was used as the fusion function, classifier-free
ensemble selection using clustering diversity indices
outperformed the classifier-based ensemble selection
using MVE.

4 Discussion

In this work, we examined whether or not clustering
diversity can represent the data diversity of different
feature subsets in Random Subspaces, and whether or
not the use of clustering diversity as the data diversity
measure could allow us to apply a classifier-free
ensemble selection scheme. First, for classifier-free
ensemble selection, we used the single GA as the



search algorithm. We found that, with the clustering
diversity indices as objective functions, it tends to
converge to the minimum number of feature subsets,
which makes a classifier-free ensemble selection
scheme less useful.

Then, in order to compensate for the problem of the
minimum feature subset convergence of the clustering
diversities, we used the MOGA as the search
algorithm. The clustering diversity measures yielded
encouraging performances as objective functions for
the classifier-free ensemble selection scheme.

However, we note that the proposed scheme for
classifier free ensemble selection bears the additional
cost of the clustering and on MOGA search. But, in
general, the cost of the clusterings is much less than
the cost of training classifiers such as the Support
Vector Machine or the Multi-Layer Neural Network.
Moreover, the comparison of the clusterings takes a
relatively short time. For the MOGA search, the
additional objective - the number of feature subsets -
does not require complicated calculation.

The only major cost is the evaluation of the
solutions found on the pareto front after the MOGA
search. This requires the training of a classifier for
each feature subset selected to evaluate the
performances of ensembles, so that the best ensemble
can be chosen. Compared with a traditional ensemble
selection scheme, which requires the training of all
classifiers and combinations of all the ensembles
evaluated, the proposed scheme offers an interesting
alternative. This approach will be especially attractive
for tackling problems with a large classifier pool and
time-consuming classifier training.

5 Conclusion

In this paper, we argue that clustering diversities
actually represent the data diversities of different
feature subsets in the Random Subspaces ensemble
creation method. These data diversities can be
measured with the help of clustering diversities
without any classifier training. As a result, the feature
subsets can be selected by clustering diversities to
construct the classifiers in Random Subspaces.

Applying the MOGA search, we show that the
ensembles selected by the clustering diversities had
performances comparable to those selected by MVE,
which is regarded as one of the best objective
functions for ensemble selection [8]. The results are
encouraging. Based on our exploratory work, we have
drawn up some implications for the classifier-free
ensemble selection approach:

1) In Random Subspaces, with the MOGA search the
clustering diversity measures are good objective
functions for ensemble selection.

2) In Random Subspaces, the ensembles selected by
the different clustering diversity measures have so
far been found to have similar performances based
on the MOGA search.

Even though the clustering diversities might only be
able to represent data diversities in Random
Subspaces, for Bagging, which only use a part of the
samples, there is still no adequate measure for their
data diversities. It will be of great interest to figure out
how to measure the data diversities in Bagging.
Finally, we have to mention that, due to its special
ensemble generating mechanism, the scheme is not
likely to be applicable in Boosting.
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