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Abstract. This paper addresses the problem of classifier ensemble gen-
eration. The goal is to obtain an ensemble to achieve maximum recog-
nition gains with the lowest number of classifiers. The final decision is
taken following a majority vote rule. If the classifiers make independent
errors, the majority vote outperforms the best classifier. Therefore, the
ensemble should be formed by classifiers exhibiting individual accuracy
and diversity. To account for the quality of the ensemble, this work uses
a sigmoid function to measure the behavior of the ensemble in relation
to the majority vote rule, over a test labelled data set.
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1 Introduction

Majority vote is considered one of the simplest and most intuitive methods for
combining classifier outputs [1], [2]. Majority vote counts the votes for each class
over the input classifiers and selects the majority class. The idea of selecting a
number of classifiers to make up an ensemble instead of using all classifiers has
been dealt with in different ways. In [3] a method was proposed to select some
neural networks based classifiers by a genetic algorithm. Other approaches are
based on the measures of diversity to make different ensembles. Theoretically, if
the classifiers make independent errors, the majority vote outperforms the best
classifier. So, the use of diversity to generate ensembles of classifiers has been
considered as an important concept in classifier fusion and has been addressed
from different perspectives through research [1], [4]. In a recent work [5], a theo-
retic framework for combination of classifiers, taking into account accuracy and
diversity, is presented. The author discusses the diversity/accuracy dilemma,
giving as a conclusion that the two measures are somehow contradictory.

This paper introduces a new proposal to combine accuracy and diversity of
classifiers from a final recognition point of view. To account for the quality of the
ensemble, a sigmoid function is used to measure the behavior of the ensemble in
relation to the majority vote rule over a test labelled data set. On the contrary to
other feature selection methods, it doesn’t need to know the number of classifiers
to be in the final ensemble in advance. Instead, it decides which is the optimal
one, working in an incremental way so, once a priori ensemble is established, it
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decides whether or not the inclusion of a new classifier improves the quality of
the ensemble. If so, the new classifier becomes a member of the new ensemble.

The classifiers in the initial ensemble can be built on different subsets of fea-
tures, or the same features but different classifier algorithms. The first approach
is more related with traditional feature selection procedures and the second with
combining classifiers methods or fusion of classifiers. So, the present proposal
shares some aspects from one and the other, but it is focused in the major-
ity vote rule. Thus, the main contribution of this paper is a suitable criterion
function to evaluate the effectiveness of the final ensemble.

The present proposal is applied to the selection of classifiers for the develop-
ment of biometrics recognition systems. For verification, the subject gives his/her
identity and some biometrics features, the goal is to obtain the best set of Gabor
filters for face recognition. In this way, it could be considered as a feature selec-
tion. The experiments are accomplished on the XM2VTS data base [8]. Results
show a great improvement in the performance of the ensemble in relation to
isolated classifiers. On the other hand, the algorithm is used for hand biometric
identification, where no identity is supplied to the system. In this case, the set of
features are geometrical relations and several neural networks based classifiers
are trained over the same feature data.

2 Measure of Diversity in Classifier Ensembles

Consider a labelled data set X = {x1, . . . ,xN} sampled from the classification
problem in question. Given a set of L classifiers P = [D1, . . . , DL] and consider-
ing an oracle output for classifier Di, it is organized as an N-dimensional binary
vector yi = [y1,i, . . . , yN,i]

T , such that yj,i= 1, if Di recognizes correctly xj , and
0, otherwise, i = 1, . . . ,L, see Table 1.

Table 1. Structure of ensemble outputs

D1 · · · Di · · · DL

x1 y1,1 · · · y1,i · · · y1,L

...
...

...
...

xj yj,1 · · · yj,i · · · yj,L

...
...

...
...

xN yN,1 · · · yN,i · · · yN,L

Taking into account Table 1, it shows that N1(Di) =
∑N

j=1 yj,i is the number
of correct assignments and N0(Di) = N −

∑N
j=1 yj,i is the number of mistakes.

The goal of this paper is to obtain an ensemble E of M classifiers E =
{De

1, . . . , D
e
M}, M < L , from the previous pool in order to achieve maximum

recognition gains following the majority vote rule.
As mentioned before, diversity is an important consideration in classifier en-

sembles; it can be potentially exploited in order to obtain higher classification
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accuracy. Several papers can be found in research in this area dealing with com-
bination of classifiers [1], [4]. Most of them are based on the concept of diversity
for ensemble generation. To date, there is no widely accepted formal definition of
diversity in classifier ensembles. Practically, there are pairwise measures which
are calculated for each pair of classifiers in the ensemble and then averaged.
There are also non-pairwise measures that use the idea on entropy or correlation
of individual outputs with the averaged output of the ensemble, see [1], for more
details.

However, these metrics do not take into account the accuracy of the classifier
in order to select a new one for the final ensemble. As mentioned before, the
goal is to obtain an ensemble, from a pool of classifiers, in some way that they
exhibit good individual classifier accuracy as well as ensemble diversity in order
to achieve maximum recognition gains with the lowest number M of classifiers.

To obtain a new ensemble we combine individual accuracy and diversity. To
measure the degree of accuracy for the Di classifier we use:

pa(Di) =
N1(Di)

N
(1)

where N and N1, have been defined before.
So, classifiers exhibiting high values will be good candidates for the ensemble.

Note that pa varies between 0 and 1. Besides, we have to measure the diversity
in classifier ensembles, or in other words, we seek classifiers committing errors
in different samples. Given a classifier Di from the pool P , we need to measure
the correlation degree of this classifier with the ensemble E . In the previous
section we have introduced some metrics Δ, for diversity measurement, based
on pairwise or non-pairwise approaches, and now we use them to obtain the
correlation degree pc. It is important to notice that some normalization has to
be carried out in the diversity measures to obtain a pc score between 0 (no
correlation at all) and 1 (completely correlated).

For non-pairwise diversity for Di ∪ E we have:

pc(Di,E) = Δ(Di ∪ E) (2)

For pairwise diversity for Di ∪ E :

pc(Di,E) = max
j

Δ(Dj, Di) (3)

So, the acceptability degree A for Di to be included in the ensemble E is
given by:

A(Di,E) = α · pa(Di) − (1 − α) · pc(Di,E) (4)

where α weights the contribution of the classifier accuracy to the ensemble inde-
pendency, note again that pa and pc varies between 0 and 1. The chosen classifier
Di will be that with the highest acceptability degree given by (4).

The proposed algorithm starts choosing from P the classifier with the highest
accuracy. We then proceed to choose the next classifier giving the highest score
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given by (4) and so on until the predefined number M of classifiers is reached.
The final decision from the ensemble is taken following a majority vote rule.

3 A New Proposal for Classifier Ensemble Generation

The selection of classifiers for fusion at matching stage, has to be based on
some ”goodness” statistic to avoid performance degradation when using classifier
combination techniques like majority vote rule. To count for the ”goodness” of
the ensemble (i.e., individual accuracy and diversity) this paper uses a function to
assign a value between 0 and 1 for the number of classifiers that correctly classify
xj (0 if all are wrong and 1 if all are right). Bearing in mind the majority vote
rule, the critical point is close to half the number of classifiers, so the function
should be non-linear, giving more relevance to this critical point. To account
for this non-linear relation this paper uses the sigmoid function given by the
expression:

sigmoid =
1

1 + e−ρ
(5)

To establish the correspondence between the ρ parameter and the number of
classifiers, a normalization function is introduced. Normalize is a linear function
to assign ρ = −5 when all the classifiers are wrong (N1(xj) = 0) and ρ = +5
when all are right(N1(xj) = L). Therefore, for the half number of classifiers
correct a value ρ = 0 is obtained.

From a practical point of view, the sigmoid function gives a non linear value
in relation to the number of classifiers that correctly classify xj . In this sense,
the addition of a new classifier exhibiting an error is not relevant when the rest
of the classifiers in the ensemble are all wrong or correct (sigmoid value equal to
-5 or +5). The critical point is just in the middle, when the majority vote rule
may change from 0 to 1 (or 1 to 0). So, the inclusion of a wrong classifier has to
be penalized when the ensemble outputs are near to this critical point.

Finally, for the whole labelled data set X the following expression for the
quality of the ensemble is proposed:

S(E ;X ) =
1
N

N∑

j=1

sigmoid
(
Normalize(N1(xj))

)
(6)

Note that S(E ;X ) is between 0 and 1.
The proposed algorithm, from this point onwards will be referred to as the

”Sigmoid Algorithm” (SA), starts choosing the classifier with the highest ac-
curacy. A second classifier is chosen exhibiting the lower correlation with the
previous one, following a pair-wise diversity measure. Afterwards the rest are
considered, selecting in first place that classifier given the highest score in equa-
tion (6), and finishing when the inclusion of a new classifier does not improve
the quality of the ensemble.

However, this strategy assumes that the classifier with the highest accuracy
has to be in the final ensemble and this might not be always true. Therefore, after
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Algorithm 1. New Proposal for Ensemble Generation: Sigmoid Algorithm (SA)
Input: training set X , pool of classifiers P

1. Ensemble initialization E = {Di,Dj}
Di ∈ P ; Di = arg maxi pa(Di).
Dj ∈ P ; Dj = arg maxj Δ(Di, Dj)

2. Find the classifier Di from P :
Di = arg maxi S(E ∪ Di;X )

3. While S(E ∪ Di;X ) > S(E ;X )
E = E ∪ Di

For all classifiers De

j in E
If S(E − De

j ;X ) > S(E ∪ Di;X ) then
Remove De

j from E
end For
Find the classifier Di from P :
Di = arg maxi S(E ∪ Di;X )

End while

Output: ensemble of classifiers E

a new inclusion of a new classifier, the algorithm should check if the removing
of any of the old one improves the ensemble performance measured by (6).

The final algorithm for ensemble generation is given in Algorithm 1. This
algorithm resembles the Floating Search algorithms used for feature selection,
[6]. It is worth noting that the SA allows the inclusion of a classifier several
times in the final ensemble. In this sense, the combination scheme becomes a
weight majority vote rule.

4 Experiments and Discussion

4.1 Sigmoid Algorithm (SA) for Face Verification

One of the mostly commonly deployed and successful appearance-based methods
for face recognition is the Gabor decomposition. Gabor filters have been used
with great success in face recognition, see as a review in [7] because they can
capture salient visual properties such as spatial localization, orientation selectiv-
ity, and special frequency characteristics. The Gabor representation of a facial
image Gu,v(z) can be obtained by convolving the image I (z) with the family
of Gabor filters Φu,v(z), where u denotes orientation and v scale. In this work
seven scales and eight orientations are used.

The classification method used is based on eigenfaces, but instead of dealing
with the gray level image, the input data are the Gabor representations of the
facial image.

The proposed method was tested on the XM2VTS face database, [8] which
contains 2360 images of 295 subjects, with 8 faces for each subject, divided into 4
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sessions of 2 images in each one. The testing is performed following the Laussane
protocol, which splits the database into 3 different sets for training, evaluation
and test. The database comprises of 200 people used as ”clients” and 95 persons
used as ”impostors”. The client images for training were acquired from the first
two sessions and the client images for evaluation from the third session. The
fourth session is exclusively used for testing the algorithm. The impostors are
divided in two groups: 25 persons for training and 70 for test.

All images were cropped and rectified according to the manually located eye
positions supplied with the XM2VTS data. The normalized images were 128 x
128 pixels. Every image was filtered with up to 56 Gabor filters. Afterwards,
Principal Component Analysis (PCA) was first applied on every Gabor filter
output to accomplish dimensionality reduction. The decision of acceptance or
rejection is based on a measurement of similarity between the gallery and the
average of client’s training images with a global threshold. The similarity of
two features is defined as the cosine distance, of its projection vector in PCA
subspace. The set of a projected Gabor facial representation images in the new
space and the cosine metric produce a classifier. The threshold for every classifier
is selected at the equal error point, EER, at which the False Acceptance Ratio
(FAR) is equal to the False Rejection Ratio (FRR) on the evaluation set. Finally,
the (SA) is applied to select the best set of classifiers for the majority vote rule.

To measure the performance of the verification system the Total Error Rate
(TER) was used. TER is defined by the sum of the false acceptance and false
rejection rates: TER=FAR+FRR. Figure 1 represents the scores given by the
sigmoid function (6) for different number of classifiers for the test and evaluation
sets. Notice that the ensemble is improved with the inclusion of a new classi-
fier to a certain point, though for about 13 classifiers the improvement in the
ensemble is practically insignificant. Furthermore, there is a point, exactly 21
classifiers, where the ensemble output degenerates due to the lack of ensemble
diversity.

The SA is compared with different measurements of diversity used in other
works [1], i.e, the Q-statistic (Q), the correlation coefficient (ρ), the disagreement
measure (D), the double-fault measure (DF ), the entropy measure (E), the
measure of difficulty (θ), the Kohavi-Wolpert variance (KW ), and the Interrater
agreement (k). The ensemble is generated following (4), where parameter α
weights the classifiers’ accuracy and the ensemble diversity. Bearing in mind
that the main goal of the ensemble is to obtain the best output with the lowest
number of classifiers, different values of α have been tested, Figure 1 shows the
TER for the evaluation data set. The values for the optimum α are: Q (0.00), ρ
(0.11), D (0.43), DF (0.10), E (0.00), θ (0.08), KW (0.12) and k (0.03). Every
α value is chosen so the classifier exhibits the fastest descendent curve, given a
low TER with the lowest number of classifiers.

4.2 Sigmoid Algorithm (SA) for Hand Biometric Identification

To test the algorithm in identification a public database consisting of 5400 images
obtained from 280 users with 10 samples of each hand per person was used, [9].
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a) b)

Fig. 1. (a) TER(test). (b)TER(evaluation).

The biometric recognition was only concerned to the right hand. Of these 10
right-hand samples, 5 samples were used for training, 3 for evaluation and 2 for
testing. Geometric features were obtained following a previous work [10]. Up to
21 neural classifiers were trained with different numbers of neurons. After the
evaluation stage, the SA determined that no improvement was reached for more
than 7 classifiers. As a matter of fact, the sigmoid function (6) gave similar scores
for 5 and 7 classifiers (i.e, 0.9795 for the former and 0.9797 for the later).

Table 2 shows the testing recognition rates (RR) and the total number of
errors corresponding to the best classifier, the majority vote rule for all classifiers,
and the majority vote rule for the ensemble given by SA, with 5 and 7 classifiers.
As can be seen, the majority vote rule over the whole ensemble gives the worst
score. The final ensemble given by the SA gives a slightly better improvement.

It is worthy to mention that the best classifier, from the accuracy point of
view, is repeated 3 times in the final ensemble of 7 classifiers and 2 for the
ensemble of 5 classifiers.

Table 2. Hand geometric-based identification

Best classifier MV (21) MV (5) MV (7)
Total errors 11 18 10 10

RR (%) 98.59 97.69 98.72 98.72

5 Conclusions

This paper introduces a new method for classifier ensemble generation. The fu-
sion takes place at the matching stage following a majority vote rule. To count
for the ensemble quality, a sigmoid function was proposed to measure the behav-
ior of the ensemble in relation to the majority vote rule over a test labelled data
set from the classification problem in question. The proposed algorithm works in
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an incremental way so, once a priori ensemble is established, it decides whether
or not the inclusion of a new classifier improves the quality of the ensemble. If
so, it becomes a member of the new ensemble.

The algorithm has been applied to the selection of the best Gabor filters for
facial representation. The main goal of this work was not to obtain the best face
verification procedure, but to present a new approach for ensemble generation
based on majority vote rule. More classifiers in the ensemble do not mean a better
recognition rate due to redundancy among some classifiers. The comparison with
other measurements of diversity has resulted in the fact that the SA reaches the
highest recognition, with the lowest number of classifiers, much quicker than the
other methods.
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