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Abstract— Dynamic classifier selection has traditionally fo-
cused on selecting the most accurate classifier to predict the
class of a particular test pattern. In this paper we propose a
new dynamic selection method to select, from a population of
ensembles, the most confident ensemble of classifiers to label
the test sample. Such a level of confidence is measured by
calculating the ambiguity of the ensemble on each test sample. We
show theoretically and experimentally that choosing the ensemble
of classifiers, from a population of high accurate ensembles,
with lowest ambiguity among its members leads to increase the
level of confidence of classification, consequently, increasing the
generalization performance. Experimental results conducted to
compare the proposed method to static selection and DCS-LA,
demonstrate that our method outperforms both DCS-LA and
static selection strategies when a population of high accurate
ensembles is available.
Keywords: ensemble of classifiers, dynamic selection, di-
versity measures, genetic algorithms.

I. I NTRODUCTION

The application of an ensemble creation method, such as
bagging [1], boosting [2] and random subspace [3], generates a
set of classifiersC, whereC = {C1, C2, . . . , Cn}. Given such
a pool of classifiers, the selection of classifiers has focused on
finding the most relevant subset of classifiersL, rather than
combining all availablen classifiers, where|L| ≤ |C|. Indeed,
the selection of classifiers relies on the idea that either each
classifier member is an expert in some local regions of the
feature space [4] or component classifiers are redundant [5].
When an ensemble of classifiers (EoC) is selected, such a
selection process includes fusion since the selected EoC must
be combined.

Classifier selection techniques may be divided into two
categories: static and dynamic. In the first case, the best subset
of classifiers found during the training phase is used for the
classification phase [5], [6]. In the second case, the selection
is made during the classification phase taking into account the
characteristics of the sample to be classified [4], [7]. The static
selection of classifiers task may suffer from a problem: a fixed
EoC defined during the training phase may not be well adapted
for the whole test set. This problem is similar to searching for
a universal best individual classifier, i.e., due to differences
among samples, there is no an individual classifier perfectly
adapted for every test sample. In addition, as stated by the

“No Free Lunch” theorems [8], no algorithm may be assumed
to be better than any other algorithm when averaged over all
possible class of problems.

Another problem on static selection of EoCs occurs when
population-based approaches, especially Pareto-based algo-
rithms, are used as search algorithms during the selection
process. Pareto-based algorithms, for instance, NSGA-II -eli-
tist non-dominated sorting genetic algorithm [11], use Pareto
dominance to solve multi-objective optimization problems
(MOOP) such as the selection of EoCs guided by diversity
and classification accuracy as a pair of objective functions[5].
A Pareto front is a set of nondominated solutions representing
different tradeoffs between the multiple objective functions.
When one solution is better according to one objective, it is
often worse according to the other objective functions. Due
to the different tradeoffs over the Pareto front, it is difficult
to choose the best EoC to classify the test data set unless
only one objective function is taken into account to point
out the best solution. This is a persistent problem in MOOP
applications. In [5], for example, the solution with highest
recognition rate was chosen to classify the test samples even
though the optimization process was guided by both diversity
and recognition rate measures.

In dynamic classifier selection, rather than using a fixed
EoC, selection is done based directly on the test patterns.
The goal is to select systematically at least one classifier
that can be able to correctly classify each test sample. The
dynamic classifier selection process is traditionally divided
into two phases: a partition generation procedure and the
selection of the best classifier for each partition. In [9], local
regions are determined according to the features values from
an independent data set. The performance of each classifier
from the pool is measured for each partition. Then, during the
test phase, the most accurate classifier into the regions sharing
the same features values with the test sample is selected to
label it.

Woods et al. [4] and Giacinto and Roli [7] proposed
dynamic classifier selection approaches based on estimating
local competence into selection regions defined by k nearest
neighbors (kNN). In [4] the DCS-LA (Dynamic Classifier
Selection with Local Accuracy) algorithm is presented. Feature
subset selection was applied to create different training sets



TABLE I

COMPILATION OF SOME OF THE METHODS REPORTED IN THE DYNAMIC CLASSIFIER SELECTION LITERATURE.

Reference Classifier Ensemble Partition
number Members Construction Method
[4] Heterogeneous Feature subset selection kNN
[7] Heterogeneous Feature subset selection kNN
[9] Decision Trees Different blocks of samples subset of features values

for each classifier member (5 heterogeneous classifiers) and
the individual opinions were combined using majority voting.
During the test phase, the algorithm defines local regions as
the set of kNN in the training data set surrounding each test
sample. Thus, an estimation of local accuracy of each classifier
is performed and the most locally accurate classifier is then
selected to estimate the true class of the test pattern. The
algorithm proposed in [7] is very similar to Woods’ method.
The difference relies on the definition of the local regions.
Once the kNN of the test sample are identified, the local region
used to estimate the individual performances of the classifiers
is defined as the nearest neighbors sharing similar multiple
classifier behavior with the test sample to be classified. Such
a multiple classifier behavior is computed as a vector of the
classes assigned by each individual classifier to a particular
test sample.

However, since only one classifier is used to label a test
sample, these methods may face a drawback: when the local
expert does not correctly classify the test pattern, such a
misclassification can not be avoided [12]. Therefore, the se-
lection of an EoC instead of only one classifier could decrease
misclassification. In addition, other disadvantages of methods
based on selection regions defined by kNN, such as DCS-
LA, can be pointed out: the parameterk and the distance
function, which must be predetermined and the presence of
the noise in the neighborhood of each sample can affect
the performance of the method. Moreover, they are very
time consuming processes. Table IV summarizes methods
reported in the literature dealing with the dynamic selection
of classifiers. It is important to see that all of these methods
are conducted using a partition generation procedure and the
selection of the best classifier for each partition

In this paper, we propose a new method for dynamic
selection of EoCs. The proposed method relies on choosing
dynamically from a population of EoCs the solution with
largest extent of consensus, i.e. lowest ambiguity among the
outputs of the classifiers, to predict the true class of the test
pattern. The objective is to overcome both static and dynamic
selection drawbacks mentioned before, namely the use of a
fixed EoC to classify the whole test data set in static selection
and the use of only one local expert to classify each test sample
in dynamic selection. We attempt to prove theoretically and
experimentally that choosing the EoC, from a population of
high accurate EoCs, with lowest ambiguity among its members
leads to increase the “degree of certainty” of the classification
[14], consequently, increasing the generalization performance.

The random subspace method is applied to generate an

initial pool of 100 Decision Trees (DT)-based classifiers. Thus,
the populations of EoCs are generated by population-based
genetic algorithms in optimization processes using both single-
and multi-objective functions. Five objective functions are
used to generate the populations of EoCs. These objective
functions comprise four diversity measures and the ensemble’s
combined error rate (1−recognition rate). For multi-objective
problems we avoid choosing only one solution over the
Pareto front. Instead, a best solution is dynamically selected
according to the ambiguity presented by each EoC. In addition,
the DCS-LA method is adapted to the context of populations
of EoCs to be compared to our method by experiments on
three different databases. These experiments show that our
method is superior to DCS-LA, besides to avoid the DCS-
LA’s disadvantages mentioned in this introduction.

The following section depicts our proposed new dynamic
selection method. Then, section III describes how DCS-LA
has been adapted to EoC selection problems. The experi-
mental protocol employed is described in section IV. Finally,
the experiments and the results are presented in section V.
Conclusions and suggestions for future work are discussed in
section VI.

II. A MBIGUITY-GUIDED DYNAMIC SELECTION OFEOC

In this section we describe the task of selecting an EoC
from a population of ensembles and the method we propose
to solve it.

A. Problem definition

Given a set of classifiersC = {C1, C2, . . . , Cn} which have
been already trained, search algorithms are used to search
for the best subset of classifiers. When dealing with such
an optimization problem, two important aspects should be
analyzed: the search criterion and the search algorithm [6].
The combined error rate, diversity measures and ensemble size
are search criteria traditionally employed [5], [6]. Evolutionary
algorithms are attractive search algorithms since they appear to
fit well with the selection of classifier problems in the context
of EoC optimization. Moreover, Ruta and Gabrys [6] observe
that population-based GAs are good for classifier selection
problems because of the possibility of dealing with a set of
solutions rather than only one, which can be important in
performing a post-processing phase. The dynamic selection
method proposed in this paper is such a post-processing
strategy.

In single-objective optimization problems, the best solution
according to the objective function used to guide the searchis



often picked up to classify the test set. However, the selection
task is more difficult when a Pareto front is involved. When the
optimization of EoCs is guided by multi-objective functions,
for instance the classification error rate and diversity measures
as a pair of objective functions, Pareto-based evolutionary
algorithms are solutions to such a kind of problem. These
algorithms use Pareto dominance to perform the reproduction
of the individuals.

A Pareto front is a set of nondominated solutions rep-
resenting different tradeoffs between the multiple objective
functions. A solutionp(1) is said to dominate solutionp(2),
p(1) � p(2), if p(1) is no worse thanp(2) on all the objective
functions andp(1) is better thanp(2) in at least one objective
function. Figure 1 shows the Pareto front produced using the
following pair of objective functions: minimize the error rate
and maximize diversity (ambiguity as defined in [13]). Each
circle on the plot corresponds to an EoC.
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Fig. 1. The Pareto front produced by NSGA-II

Although the solutions over the Pareto front are equally
important, the EoC with lowest error rate (black circle in
Figure 1) is usually chosen to classify the test samples in
a static selection approach. We propose in this paper an
ambiguity-guided dynamic selection method to dynamically
choose the best solution to classify individually each testsam-
ple, instead selecting the solution with lowest error rate.Such
ambiguity measure is not related to the objective functions
used to generate the population of solutions. Ambiguity used
during the optimization process is a global diversity measure
because it is calculated for the whole data set. Ambiguity
used to dynamically select the best EoC to classify the test
samples is a local ambiguity since it is calculated for each test
pattern individually. Therefore, our local ambiguity measure
is a selection criteria employed whatever objective functions
used to guide the optimization, as described in next section.

B. Proposed method

The reject mechanism for an EoC is based on the extent
of consensus among its members. The decision to reject a
pattern is related to the confidence level of the EoC. Indeed,
it is better to reject the pattern where the EoC presents low
confidence level to take a decision. Such confidence level is
related to thea posterioriprobabilityP (zi|x) that a particular
patternx comes from classzi. Hansen et al [14] have observed
that P (zi|x) on the context of EoC, may be calculated based
on the extent of consensus as follows: given an EoCC of
n classifiers, whereC = {C1, C2, . . . , Cn}, let v(i|x) be the
number of votes for classzi givenx, P (zi|x) can be calculated
as:

P (zi|x) =
v(I(x)|x)

n
(1)

where,
I(x) = argn

i=1 max v(i|x) (2)

It is important to note that Equation 1 is the complement
of the ambiguity diversity measure calculated for a particular
pattern. The classification ambiguity, proposed by Zenobi and
Cunningham [13] is defined as:

ai(x) =

{

0 if ClassVi(x) = Class̄V (x)
1 otherwise

(3)

whereai is the ambiguity of theith classifier on the obser-
vation x, ClassVi(x) is the class determined by the classifier
and Class̄V (x) is the ensemble output. The ambiguity of the
ensemble is:

Ā =
1

|X |.|C|

∑

i∈C

∑

x∈X

ai(x) (4)

whereC denotes an EoC andX the data set, and|C| and|X |
their respective cardinalities.

If we define |X | = 1, i.e., ambiguity calculated for each
pattern isolated, ambiguitȳA becomes the complement of the
extent of consensus in Equation 1, thusĀ + P (zi|x) = 1.
Therefore, when such a local ambiguity calculated for each
sample is minimized, the extent of consensus is maximized.
Taking into account the majority voting as the combination
function, ambiguity measures the number of classifiers in
disagreement with the majority voting whereas the extent of
consensus measures the number of classifiers in agreement
with the majority voting. Consequently, the certainty of correct
classification of the EoC is maximized. Another important
point to observe is that Equation 4 can be calculated in
dynamic selection of EoCs because no information on the
correctness of the output is needed.

When a correct classification takes place, a minimum am-
biguity value leads to maximizing the margins, which is
related to the certainty of the EoC’s classification. Even though
ambiguity measures the variance of ensemble around the
majority voting without take into account the label of the
sample. Letµi(x), i = 1, . . . , z be the degree of support for
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each class, the margin of samplex is calculated for az classes’
problem as follows:

m(x) = µk(x) −
∑

i6=k

µi(x) (5)

wherek is the real class label ofx. Hence, the maximization of
the margins leads to increase the certainty of the classification.

Although there is an agreement in the literature related to
the important role played by diversity, based on the standpoints
presented in this section, we propose a dynamic selection
method to select the EoC which presents the smallest ambi-
guity value to classify the given test pattern. The assumption
is that an EoC with low ambiguity presents a high confidence
level of classification.

We may now summarize the ambiguity-guided dynamic
selection algorithm as follows:

1) Perform the design of a pool of classifiersC =
{C1, C2, . . . , Cn}.

2) Perform an optimization of EoCs task using a search
algorithm in order to generate a population ofw so-
lutions EoC = {EoC1, EoC2, . . . , EoCw} from the
initial pool of classifiersC.

3) For each test samplexi do:
• If all w EoCs agree on the label, then classifyxi

assigning it the consensus label.
• If the population of w disagrees on the label,

calculate ambiguity according to Equation 4 with
|X | = 1 for each EoC from the population;

• Select the EoC with lowest ambiguity valueEoC∗
to classifyxi.

The tie-break procedure is the same as employed in [4] for
DCS-LA. It is carried out in the following way:

1) The majority voting among all EoCs with equal compe-
tence (same ambiguity value) is calculated and assigned

to xi.
2) If a winner vote cannot be pointed out, the EoC with

the second lowest ambiguity value is identified to break
the tie.

3) If the tie cannot be broken using the second best EoC,
randomly select an EoC to classifyxi.

Figure 2 shows an overview of the algorithm. First, the
training set is used by the random subspace method to generate
a pool of classifiers C. In this paper, as mentioned in section
IV, it is generated a DT-based pool with 100 classifiers.
Second, the poolC of classifiers is the input to an optimization
process, in this paper it is performed by GAs guided by both
single- and multi-objective functions. As explained in IV,an
optimization and a validation data sets are used during the
optimization process. The population of EoCs is the output
of the optimization process. Finally, the dynamic selection
process takes place by selecting for each test sample the
EoC∗ with lowest ambiguity. Then,EoC∗ is combined by
majority voting. Majority voting of an EoC withL classifiers,
is calculated for a problem withz classes as:

zi = maxzj=1

L
∑

i=1

zi,j (6)

Our dynamic selection method is illustrated in Figure 3.
In this example, the output of the optimization process is a
Pareto front.Ā is calculated for each solution over the Pareto
front. Thus, the solutionEoC∗ with lowestĀ is selected and
combined to assign the majority voting classzi to the test
samplexi.

We have adapted the DCS-LA method to the context of
populations of EoCs to be able to compare the ambiguity-
guided dynamic selection method proposed in this paper to
DCS-LA. The DCS-LA procedure for populations of EoCs is
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described in next section.

III. D YNAMIC ENSEMBLE SELECTION WITH LOCAL

ACCURACY

The DCS-LA method was proposed by Woods et al. [4] to
dynamically selects the most accurate classifier from a popu-
lation of classifiers, to predict the label of the test sample. The
local accuracy was measured as the kNN of the test sample.
They proposed two strategies to measure the local accuracy:1
- overall local accuracy and 2 - local class accuracy. Since they
concluded that the second strategy achieved the best results we
use the local class accuracy in this paper.

Given the set of classifiersC = {C1, C2, . . . , Cn}, let x

be the test sample andz the class assigned by classifierCi to
this particular sample, thenCi(x) = z, the local class accuracy
estimation is computed as:

LACi
(x) =

Kz
∑n

i=1 Kiz

(7)

whereKz is the number of neighbors ofx from the training
or validation set for which classifierCi has correctly assigned
classz and

∑n

i=1 Kiz is the total number of neighbors labeled
for Ci as classz.

However, DCS-LA cannot be directly employed in prob-
lems involving populations of EoCs because it has been
originally proposed to deal with populations of classifiers.
Therefore, we propose to slightly change the DCS-LA with
local class accuracy estimation to such a different prob-
lem in the following way: given a population ofw EoCs
EoC = {EoC1, EoC2, . . . , EoCw} which have been already
optimized,x the unknown test sample,z the class assigned
by EoCi = {C1, C2, . . . , CL} to samplex, |EoCi| = L is
the cardinality of the ensemble, local EoC class accuracy is
estimated as:

LAEoCi
(x) =

∑L

i=1 LACi
(x)

L
(8)

Summarizing, in this paper, the local EoC class accuracy for
patternx is calculated as sum of the proportion of neighbors

TABLE II

SPECIFICATIONS OF THE DATABASES USED IN THE EXPERIMENTS.

Data set Number of Number of Features Pool
samples features RSS k=1 size

dna 3186 180 45 100
satimage 6435 36 18 100
texture 5500 40 20 100

from the validation data set, surroundingx for each EoC’s
member divided by the cardinality of the ensemble.

IV. EXPERIMENTAL PROTOCOL

To carry out the experiments, relatively high-dimensional
feature space is necessary due to random subspace ensemble
creation method. This aspect was taken into account when
selecting the databases used in our experiments. We use the
following three databases described in Table II: dna, texture
and satimage.

In order to avoid overfitting during the optimization process
we employ the same global validation strategy described in [5].
According to this strategy, to conduct the selection of EoCs
performed as an optimization process by a search algorithm,
one needs at least four different data sets: 1 - a training data
set (TRAIN) to train the base classifiers in order to generate
the initial pool of classifiersC; 2 - an optimization data set
(OPT) used by the search algorithm to calculate fitness; 3 -
a validation data set (VAL) to validate the solutions found
during the optimization process and 4 - a test data set (TEST)
to measure the generalization performance.

Thus, to be able to conduct experiments using the three
small databases described in Table II using the global val-
idation strategy, all experiments in this paper were carried
out using 10-fold cross-validation. The original data set is
separated into 10 folds, one fold for TEST, a second fold
for VAL, a third one for OPT and the remaining 7 folds
are combined to compose TRAIN. Then, TRAIN is used to
generate the initial pool of classifiersC, OPT is used by
the search algorithms to the optimization process and VAL
is used to perform the global validation strategy. This process



is repeated for each fold and the final error rates are reported
as the average over 10. It is important to mention that each
optimization process was replicated 30 times and the resultof
each replication was computed. The results reported in Table
V were obtained as the mean of the error rates from each fold
over 10 and the final result is the mean of the error rates over
30 replications.

An ensemble of 100 DT classifiers trained on each TRAIN
fold was generated using the random subspace method. The
C4.5 algorithm [17] (Release 8) was used to construct the trees
in this paper. The EoCs were combined by majority voting.
The size of the subsets of features used by random subspace
is shown in Table II.

The error rate and diversity measures were applied to
guide the optimization process. We employ 4 of the diversity
measures proposed in the literature: coincident failure diversity
(CFD), difficulty measure (Dif) and double-fault (DF) [15],
plus ambiguity (A) (as defined in [13]). It is worth noting
that dissimilarity measures such as A and CFD, must be
maximized, whilesimilarity measures such as Dif and DF,
must be minimized when used as objective functions during
the optimization process.

The population-based evolutionary algorithms used in this
work are both single- and multi-objective genetic algorithm
(MOGA). Since, single-objective genetic algorithm (GA) can
find few solutions in its last population, we fixed a size of the
population to be the input for our ambiguity-guided dynamic
selection method. In this way, instead picking up only the best
solution, we find theN best solutions obtained on validation
data set to compose the population of EoCs for the dynamic
selection step. We setN = 21 in our experiments. When
MOGA is used, we pick up all solutions over the Pareto front
to be the input of the dynamic selection process.

Among several Pareto-based evolutionary algorithms pro-
posed in the literature, NSGA-II [11] appears to be interesting
due two important characteristics: a full elite-preservation
strategy and a diversity-preserving mechanism using the
crowding distance as the distance measure. The crowding dis-
tance does not need any parameter to be set [11]. The elitism
concept is used to provide means to keep the good solutions
among generations and the diversity-preserving mechanismis
used to allow a better spread among the solutions over the
Pareto front. Based on these characteristics, in our experiments
MOGA used is NSGA-II.

The selection of EoCs is applied in the context of GAs based
on binary vectors. Since we use baselines EoC composed of
100 classifiers, each individual is represented by a binary
vector with a size of 100. Each bit determines whether a
classifier is active (1) or not (0). We defined the same genetic
parameters employed in [5]. Table III shows the parameter
settings employed. The same parameters were used for both
single- and multi-objective GAs.

V. EXPERIMENTS AND DISCUSSION

In our experiments, GAs are employed to generate pop-
ulations of EoCs to be the input to the dynamic selection

TABLE III

GENETIC ALGORITHMS PARAMETERS

Population size 128
Number of generations 1000
Probability of crossover 0.8
Probability of mutation 0.01

process. The error rate is applied individually as single-
objective function using GA and the diversity measures are
used in pairs of objective functions combined with the error
rate for NSGA-II. The objective is to point out the best
selection strategy, for instance, static or dynamic, as well as
to compare our ambiguity-guided dynamic selection method
to DCS-LA. We setk = 10 for experiments with DCS-LA as
employed in [4]. The static selection results were obtainedby
picking up the best solution obtained on validation data set
by GA and calculating the solution’s error rate on test data
set. For NSGA-II, the EoC presenting the lowest error rate
over the Pareto front was chosen as the static solution used to
classify the whole test data set.

Table IV presents some of the results reported in the
literature dealing with the selection of classifiers, except for
reference [3], on the databases used in this paper. In this way
it is possible to have an overview about the results obtained
in the literature, even though the partition of the data was not
the same as conducted in this paper.

Table V summarizes the mean and the standard deviation
of the error rates obtained on three databases comparing static
selection, DCS-LA and ambiguity-guided dynamic selection.
Values are shown in bold for the lowest error rates obtained.
We also report the error rates obtained on combining the initial
pool of classifiers by majority voting and the results from an
oracle. Such an oracle classifies correctly the test sample if
any of the classifiers members predicts the correct label to the
sample.

The overall best results on dna database were obtained on
the populations of EoCs found by NSGA-II using Dif and the
error rate as pair of objective functions. These results indicate
an order relation between the three methods tested. Static
selection was worse than both dynamic selection methods and
DCS-LA was worse than ambiguity-guided dynamic selec-
tion. However, static selection was better than both dynamic
approaches in three problems. Applying our method on the
populations of EoCs generated by GA guided by the error
rate and NSGA-II guided by CFD-error and DF-error produced
better results than DCS-LA. Only on the population of EoCs
generated by NSGA-II guided by A combined with the error
rate, DCS-LA outperforms our method. The results obtained
using our method on populations of EoCs found by NSGA-II
guided by Dif and the error rate were better than the error rate
of our baseline EoC composed of 100 DT.

The results obtained on the remaining databases do not
show the same order relation as in satimage results. For
satimage, our method was better than the static selection using
populations of EoCs generated by NSGA-II guided by A and



TABLE IV

COMPILATION OF SOME OF THE RESULTS REPORTED IN THEEOC SELECTION LITERATURE(RSS:RANDOM SUBSPACE; DT: DECISIONTREES; HET:

HETEROGENEOUS CLASSIFIERS).

Database Reference number Method Classifiers Data Partition Error (%)
Dna [3] RSS DT Holdout 9.19
Satimage [16] DT Het Cross valid 10.82
Texture [4] DT Het Holdout 0.75

TABLE V

MEAN VALUES ON 30 REPLICATIONS AND STANDARD DEVIATION VALUES

Dna 100DT = 5.05 Oracle = 0.03
NSGA-II GA

Method A CFD Dif DF Error
Static 5.93± 0.29 6.36± 0.42 4.77± 0.17 5.67± 0.33 4.97± 0.16
DCS-LA 7.05± 0.21 7.54± 0.28 4.63± 0.15 7.23± 0.23 5.14± 0.14
Ā dynamic 7.94± 0.23 6.50± 0.29 4.59± 0.17 6.27± 0.23 4.95± 0.18

Satimage100DT = 8.64 Oracle=0.22
Static 8.77± 0.11 9.19± 0.18 8.76± 0.18 9.03± 0.17 8.82± 0.12
DCS-LA 9.30± 0.09 10.66± 0.19 10.12± 0.13 10.12± 0.15 8.96± 0.09
Ā dynamic 8.73± 0.10 9.22± 0.19 9.17± 0.10 9.17± 0.15 8.78± 0.12

Texture 100DT = 2.56 Oracle=0.02
Static 2.93± 0.15 3.20± 0.21 2.41± 0.09 2.91± 0.18 2.51± 0.09
DCS-LA 3.42± 0.17 3.85± 0.14 2.47± 0.07 3.51± 0.16 3.20± 0.09
Ā dynamic 2.98± 0.08 3.02± 0.14 2.35± 0.06 2.97± 0.14 2.41± 0.05

the error rate and populations generated by GA guided only
by the error rate. Static selection was better than both dynamic
methods again in three problems. However, our method was
better than DCS-LA in all five problems. Besides, the best
overall results on the database were obtained employing our
method on populations of EoCs found by NSGA-II guided
by A and the error rate as pair of objective functions. Even
though, selection did not outperform combination because the
error rate of our baseline EoC (100 DT) was better than all
results obtained on selection.

For texture database, static selection was better than our
dynamic method in only two problem. In addition, our
ambiguity-guided dynamic selection approach applied on pop-
ulations of EoCs generated by NSGA-II guided by Dif com-
bined with the error rate, achieved the overall best resultson
texture database and its results were better than the results of
the baseline EoC.

The results indicate that our ambiguity-guided dynamic
selection method outperforms DCS-LA. However, the quality
of the population of EoC critically affect the performance of
both dynamic methods. The results obtained on populations
of EoCs found by NSGA-II guided by Dif combined with
the error rate show this problem. Since such a combination
of search algorithm and objective functions generates a pop-
ulation of high accurate classifiers, our method outperforms
static selection. It is important to mention that the size of
the initial pool of classifiers may play an important role. For

satimage database, for example, since the selection was not
better than combination, we can conclude that the results could
be different if the initial pool of classifiers had more than 100
classifiers. Indeed, in majority of the literature on dynamic
classifier selection [4], [7] either the differences between
combination and selection are very small or combination is
better than selection.

However, the results obtained using oracle indicate that the
dynamic selection results can still be improved. The huge
difference between oracle and combination results indicate that
the selection of classifiers can be an effective task. Moreover,
it is also important to mention that the static selection results
were obtained using a validation control method to reduce
overfitting in the optimization process. This strategy surely in-
creases the generalization performance of the static solutions.

VI. CONCLUSIONS

In this paper we have proposed a new method to dynamic
selection of ensembles of classifiers guided by ambiguity. It
relies on choosing the EoC with lowest ambiguity among its
members to predict the class of the test pattern. This method
was applied in populations of EoCs generated by single- and
multi-objective genetic algorithms. The error rate and diversity
measures were employed as objective functions to guide the
search process. In addition, DCS-LA was adapted to deal with
populations of EoCs instead of populations of classifiers.

The experiments on three different databases demonstrated
that the proposed ambiguity-guided method outperforms DCS-



LA. However, it was not better than static selection in the
majority of the problems investigated. The excellent results
from an oracle indicates that the dynamic selection may
be improved to be able to outperform static selection. For
future works we plan to investigate and propose strategies
to improve the dynamic selection results. Moreover, other
ensemble creation methods such as bagging and different base
classifier will also be investigated.
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APPENDIX

Four diversity measures were employed in this work. Since
ambiguity was defined in equation 4, we present here the three

other diversity measures studied: coincident failure diversity,
difficulty measure and double-fault.

In order to simplify the description of the measures, we use
a notation provided by Kuncheva and Whitaker [15]. LetL be
the set of available classifiers andZ = z1, . . . , zN the data set,
Nab denotes the number of examples classified inZ, where
a, b may assume the value of1 when the classifier is correct
and 0 otherwise.l(zj) denotes the number of classifiers that
correctly classify(zj).

It is important to observe that coincident failure diversity
and difficulty measure are calculated on the whole ensemble of
L classifiers. Double-fault is a pairwise measure, which means
that it is calculated for each pair of classifiers and then, itis
averaged over all pairs ofL classifiers. Moreover,dissimilarity
measures must be maximized, whilesimilarity measures must
be minimized when used as objective functions during the
optimization process

A. Difficulty Measure

Given X calculated from{ 0
L
, 1

L
, . . . , 1}, which represents

the number of classifiers inL that correctly classify a pattern
zi, this similarity measure may be calculated as:

θ = V ar(X)

B. Coincident Failure Diversity

This measure is the result of a modification to General-
ized Diversity [15], which is based on the same distribution
proposed for the difficulty measure. Here, however,Y = i

L

denotes the proportion of classifiers that do not correctly
classify a randomly chosen samplex. Letting p(i), be the
probability that i classifiers fail when classifying a sample
x, this dissimilarity measure is defined as follows:

CFD =

{

0, p0 = 1.0
1

(1−p0)

∑L

i=1
i
L

(i−1)
(L−1)pi p0 < 0

C. Double-fault

It is a pairwise similarity measure defined as:

DFi,k =
N00

N11 + N10 + N01 + N00

The average of over all pairs of classifiers is:

DF =
2

L(L − 2)

L−1
∑

i=1

L
∑

k=1+1

DFi,k


