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Abstract. In a multiple classifier system, dynamic selection (DS) has been
used successfully to choose only the best subset of classifiers to recognize
the test samples. Dos Santos et al’s approach (DSA) looks very promis-
ing in performing DS, since it presents a general solution for a wide range
of classifiers. Aiming to improve the performance of DSA, we propose a
context-based framework that exploits the internal sources of knowledge
embedded in this method. Named DSAc, the proposed approach takes ad-
vantage of the evidences provided by the base classifiers to define the best set
of ensembles of classifiers to recognize each test samples, by means of con-
textual information provided by the validation set. In addition, we propose
a switch mechanism to deal with tie-breaking and low-margin decisions.
Experiments on two handwriting recognition problems have demonstrated
that the proposed approach generally presents better results than DSA,
showing the effectiveness of the proposed enhancements. In addition, we
demonstrate that the proposed method can be used, without changing the
parameters of the base classifiers, in an incremental learning (IL) scenario,
suggesting that it is also a promising general IL approach. And the use of
a filtering method shows that we can significantly reduce the complexity of
DSAc in the same IL scenario and even resulting in an increase in the final
performance.

1 Introduction

Dynamic selection (DS) of classifiers is a very interesting domain for multiple clas-
sifier systems (MCS). DS consists of selecting only the best members from the pool
of classifiers, denoted as C = {c1, c2, . . . , cN}, to recognize the test sample xi,test.
As a result, the best classification scheme is defined for each sample, so that lower
error rates are expected. Note that when more than one classifier is selected, we
can refer to this method as dynamic selection of ensembles of classifiers (DSEoC).

A promising approach for DSEoC is Dos Santos et al’s approach (DSA) [1],
which is able to dynamically select ensembles of classifiers (EoCs) by using only
crisp label outputs, i.e. class votes, provided by the base classifiers. DSA is a general
DSEoC approach, since any type of classifier that outputs votes can be used as a
base classifier. A general approach is very desirable since it can be easily adapted
to different base classifiers, and it can be used with combinations of different types



of classifiers. This allows us, for example, to combine decisions of neural networks
and hidden Markov models, or a classifier with the decision of a human expert.

Nonetheless, the structure of DSA is very rich, and many internal sources of
knowledge have not been fully exploited yet. For example, we could improve the
way we take advantage of the diversity presented by the members of the pool of
EoCs. Also, we could improve the way these EoCs are selected. For example, we
could select more than a single EoC to recognize xi,test. By improving the way DSA
uses these sources of knowledge, we believe that we can reach higher recognition
rates, resulting in an approach that is both general and robust. Consequently, we
propose a method that tries to use this knowledge in a better way.

The proposed method, to which we refer as DSAc, includes the evidences pro-
duced by the base classifiers to take advantage of a labeled dataset (e.g. a source
of contextual information) to indicate which is the best set of EoCs for each test
sample. In this case, it is not a single EoC that is selected to recognize the test
sample, but the best set that can comprise one or more EoCs. Such a selection uses
output profiles, which are represented by the outputs of the base classifiers, to find
the samples in the validation set that are those most similar to the test sample.
Afterwards, we compute the best set of EoCs to recognize xi,test based on the ev-
idences provided by those most similar validation samples. Furthermore, we also
add a switch mechanism to DSAc, aiming at choosing the best source of knowledge
to compute the final decision whenever the answer provided by the dynamically
selected EoC is not considered convincing enough. Consequently, the switch works
as a tie-breaking approach, which reduces the chances of random decisions by using
existing knowledge.

The remainder of this paper is organized as follows. In Section 2, we provide a
brief description of DSA. In Section 3, we describe the proposed approach named
DSAc. Next, in Section 4, we report and discuss the results of an experimental eval-
uation performed on two handwriting recognition problems. Finally, in Section 5,
we present conclusions and point out future work.

2 Dos Santos et al’s approach (DSA)

The overall architecture of DSA is depicted in Figure 1. The main objective of
this method is to dynamically find the best EoC, whose members are a subset of
C = {c1, c2, . . . , cN}, to recognize the test sample xi,test. This task is performed by
considering only the recognition outputs Oi = {oi,1, . . . , oi,N} computed from C.
Each output corresponds to a class from the set Ω = {ω1, . . . , ωM}.

DSA is divided into two phases: the design phase and the operational phase.
During the design phase, the architecture that supports the dynamic selection of
EoCs is created. In other words, the pool of EoCs C∗′ = {C ′1, . . . , C ′W }, where
C ′j ⊂ C, 1 ≤ j ≤ W , is created during this phase and is a subset of all possible
EoCs C∗. The pool C∗′ is generated by a search algorithm, which is a genetic
algorithm (GA) in this work. Each individual is represented by a binary vector of
N positions, where each bit represents whether or not a classifier is selected to be
a member of an EoC. The fitness function, which has to be minimized, uses the
error rate on the optimization set Opt, by applying the majority voting method on
the EoCs assigned by each individual. In order to avoid overfitting, each individual



Fig. 1. Dos Santos et al’s approach (DSA). The pool of classifiers is organized into a
pool of EoCs during the design phase. During the operational phase, the EoC, which is
dynamically selected by λ, produces the final decision.

is also evaluated on the validation set V al, and the best solutions are saved into
an archive whose size is W . The archive is then used as C∗′.

The operational phase is composed of the modules that conduct the dynamic
selection of the best EoC C ′′i, which includes one of the EoCs in C∗′, to recognize
xi,test. This task is undertaken by using a dynamic selection function (DSF), to
which we refer as λ. Afterwards, we compute the votes provided by all members in
C ′′i, and the class with the highest number of votes represents the final decision
di.

The DSF λ is related to one DSF, as described in [1], such as Ambiguity-
guided dynamic selection (ADS), Margin-based dynamic selection (MDS), and
Class-strength dynamic selection (CSDS). In this work, we simply assign DSA
to ADS for the sake of simplicity.

3 DSAc: enhancing dynamic selection by using contextual
information and a switch mechanism

In DSA, EoCs are dynamically selected by considering DSFs based on the extent
of consensus. Despite that the extent of consensus is a well studied concept in
literature [2], only the outputs of the most voted and the second most voted classes
are used to select the ensemble. However, the information related to the other
classes is wasted, even though such information could help this task. In addition,
only one EoC is dynamically selected at a time. Finally, in many cases, the final
recognition might not be confident enough, and random guesses are associated to
the final result. In order to overcome these drawbacks, we propose DSAc, depicted
in Figure 2.



Fig. 2. An overview of the DSAc approach. This method uses the knowledge provided by
V al (converted into the set of output profiles V al′).

The main objective of DSAc is to use the validation database, transformed
into output profiles, to point out which EoCs are the most competent to recognize
the test sample xi,test. An output profile is computed by the transformation T in
Equation 1, where xi ∈ <D, x̃i ∈ ZN+, and N is the size of the pool of base
classifiers C. Given that we know which EoC correctly recognizes each validation
sample, the dynamically selected set of EoCs, denoted by C∗′′i = {C ′′i,1, . . . , C ′′iU },
is composed by the EoCs that correctly classify the validation samples that are the
ones most similar to the test samples in considering the output profiles.

T : xi ⇒ x̃i, (1)

In greater detail, this approach works as follows. Consider the pool of EoCs
C∗′, generated during the design phase. For each test sample xi,test, we compute
the best set of EoCs C∗′′i, composed of members from C∗′. Each EoCs from C∗′

may appear several times in C∗′′i, resulting in an automatic weighting approach.
This task is achieved by considering the DSF λ, which is depicted in Figure 3.

The DSF λ works as follows. First, we apply T on xi,test, resulting in x̃i,test.
Next, we compare x̃i,test to each output profile in V al′, which is a database con-
taining the output profiles of all validation samples in V al, e.g. x̃j,val ∀xj,val ∈ V al,
computed during the design phase. We compare these samples in terms of similar-
ity, and store the degree of similarity between x̃i,test and x̃j,val in δi,j . Note that
we use one of the similarity measures described in Section 3.1 to compute δi,j . The
K most similar output profiles x̃j,val, e.g. the validation samples related to the
highest values of δi,j , are stored in Ψi. Next, the EoCs from C∗′ which correctly
recognize each sample in Ψi are computed. These EoCs are then included in C∗′′i.
As mentioned, an EoC appears in C∗′′i as many times as the number of samples
that it correctly recognizes. Finally, C∗′′i is submitted to the remaining modules
of DSAc.



Fig. 3. The DSF λ. For each test sample, we find K validation samples with the most
similar output profiles, to form the set ψi. The EoCs that correctly classify the validation
samples in Ψi are used to compose the set C∗′′, which is then used to compute the final
decision of DSAc.

The last step consists of submitting the outputs of C∗′′i to the switch mecha-
nism, represented by the SW module in Figure 2. Here we employ the concept of
margin [2] to identify whether or not the answers provided by C∗′′i are confident
enough, using a threshold θ. In considering the margin mi, for the test sample
xi,test, if mi > θ, then we use the most voted class indicated by C∗′′i. Otherwise,
we use the label of the most similar validation sample from Ψi. The main goal of
this scheme is to use contextual information also in the switch mechanism. Note
that, hereafter, the margin is represented by the difference between the number of
votes of the most voted class and the second most voted one.

In the next section we present the similarity measures used to compute δi,j .

3.1 Similarity measures (SMs)

Hereafter, we use the following additional notations: x̃i,test,k represents the output
of classifier k for xi,test, and x̃j,val,k represents the same for xj,val. In addition, for
each xj,val, the set of flags CCj = {ccj,1, ccj,2, . . . , ccj,W }, where each ccj,k is a
binary value, represents whether C ′k has correctly classified xj,val or not. In other
words, ccj,k = 1 if C ′k correctly classifies xj,val, otherwise, ccj,k = 0.

In this work we consider three different SMs. Note that they are individually
used by λ. The three SMs are described below.

Euclidean distance (ED) The Euclidean distance between the output profile of
x̃i,test and each x̃j,val ∀j, represented by the following equation:

EDi,j =

N∑
k=1

|x̃i,test,k − x̃j,val,k| (2)



Template matching (TM) The computation of the number of classifiers that
provide the same output. This SM is computed by maximizing Equation 3.

TMi,j =

∑N
k=1 αi,j,k

N
(3)

αi,j,k =

{
1, if x̃i,test,k = x̃j,val,k
0, otherwise

(4)

Oracle-based template matching (OTM) In considering that each x̃j,val is
related to the correct class label correctj,val, we compute the number of classifiers
that produce the correct class label for x̃j,val and provide the same output as x̃i,test.
Equation 5, which has to be maximized, computes this SM mathematically.

OTMi,j =

∑N
k=1 βj,i,k∑N
k=1 γj,k

(5)

βi,j,k =

{
1, if x̃i,test,k = x̃j,val,k and x̃j,val,k = correctj,val
0, otherwise

(6)

γj,k =

{
1, if x̃j,val,k = correctj,val
0, otherwise

(7)

These SMs result in three different versions of DSAc:

1. DSAc
ED, where δi,j = 1− EDi,j ;

2. DSAc
TM , where δi,j = TMi,j ;

3. DSAc
OTM , where δi,j = OTMi,j .

In the next section, we present an experimental evaluation of these methods.

4 Experiments

In this section we present a series of experiments whose main goals are: 1) to
evaluate whether dynamic methods are better than static ones; 2) to evaluate if
DSAc results in lower error rates than DSA;

The aforementioned evaluation is supported by considering these methods: the
original classifier with full representation space (all original features); the best base
classifier from C; the fusion of all base classifiers in C by using MV; fusion of all
base classifiers in C by using decision templates (DT) [3], by considering the three
proposed SMs; the best EoC from C∗′.

All methods are evaluated on two handwriting recognition problems: digits and
uppercase letters, extracted from the NIST-SD19 database. For both problems, the
original feature set is composed of 132 features, extracted from concavities and con-
tours [4]. In addition, two different test sets for digits are used for evaluating digit
recognition: NIST-digits-test1 and NIST-digits-test2. Table 1 presents a detailed
description of each database.



Table 1. Experimental setup. (NC: number of classes; NF: number of features; NFE: num-
ber of features in the subspace, after applying the RSS method; VM: validation method;).

Problem NC Set Set Set Set NF NFE
Train Opt V al Test

Digits 10 5,000 10,000 10,000 t1 60,089 132 32
t2 58,646

Letters 26 43,160 3,980 7,960 12,092 132 32

For each dataset, 100 base classifiers, with 32 features, are generated from the
original 132 features based on the random subspaces (RSS) ensemble generation
method [5] for the number of features used for each problem). Two different base
classifiers are considered: k-nearest neighbors classifiers with k = 1 (1NN), and
C4.5 decision tree (DTree) classifiers.

To generate the pool of EoCs, GA is used to find an archive with the 25 best
solutions on V al, representing C∗′, guided by the optimization set Opt. The fol-
lowing parameters were used in this work: population size: 128; maximum number
of generations: 1,000; probability of crossover: 0.8; probability of mutation: 0.01;
one-point crossover and bit-flip mutation [1]. The experiments are replicated 30
times, where in each replication the archive provided by GA is generally different.
The results represent the mean error rates over the 30 replications.

To validate the results statistically, we use the Kruskal-Wallis nonparametric
statistical test. We test the equality among the mean values, using a confidence
level of 95%. Dunn-Sidak correction is applied to critical values.

4.1 Results and discussion

The results in error rates are presented in Table 2. For both digits and letters, DSAc

with K = 30. Also, the parameter θ was set to zero after preliminary evaluations.
These experiments show that the proposed approach DSAc has successfully

presented lower error rates than DSA in all problems. This proves that both the use
of contextual information to select multiple EoCs, as well as the switch mechanism,
were able to better use the sources of knowledge embedded in DSA. Consequently,
these results demonstrate that dynamic selection outperforms static selection.

One interesting result from letters with DTree, shows the effectiveness of the
switch method to decrease the dependency on the pool of EoCs. In that problem,
the final error rates are lower than the oracle of the pool of EoCs. It would be
impossible to reach this result without this mechanism.

Evaluation of DSAc in an incremental learning scenario One by-product
of the proposed DSAc approach, is the ability to adapt the system to knowledge
acquired incrementally by simply adding more data to V al. As a result, we can
incrementally learn new data with no need to update the parameters of the base
classifiers. For this reason, we evaluate the impact of an increase in the size of V al
for DTree classifiers on NIST-digits-test1.



Table 2. Error rates using 1NN and DTree classifiers, at zero-level rejection. Results in bold present
the best approach among static MO, DSA, DT, and the proposed DSAc with K set to 30. Underlined
results represent the statistically-significant best method. Highlighted by * are the proposed approaches.
Between parentheses is the variance of each approach (×10−2).

Classifier 1NN DTree
Method Digits Letters Digits Letters

test1 test2 test1 test2
Static selection

Oracle C 0.05 0.17 0.18 0.01 0.04 0.04
All features 6.66 9.76 7.82 11.07 18.20 13.50
Best from C 7.52 13.99 14.47 10.30 19.18 17.13
MV all C 3.72 8.10 6.60 2.92 6.67 6.06
Best from C∗′ 3.60 (3.83) 7.77 (7.74) 6.56 (6.73) 2.98 (4.98) 6.77 (1.12) 6.21 (7.82)
DTTM C 2.55 5.74 4.95 2.00 5.00 4.64
DTOTM C 4.74 9.74 7.56 2.70 6.03 7.15
DTED C 2.97 6.57 6.55 2.56 6.26 7.44

Dynamic selection
Oracle C∗′ 1.97 (0.02) 4.59 (1.14) 3.87 (4.42) 1.87 (1.03) 4.39 (4.36) 4.53 (2.49)
DSA 3.61 (0.08) 7.87 (0.17) 6.43 (0.48) 2.87 (0.06) 6.61 (0.29) 6.06 (0.41)
∗DSAc

TM 2.37 (0.02) 5.34 (0.04) 4.62 (0.16) 1.76 (0.02) 4.36 (0.04) 4.20 (0.05)
∗DSAc

OTM 2.63 (0.03) 5.88 (0.17) 4.10 (0.25) 2.16 (0.03) 4.96 (0.08) 3.89 (0.06)
∗DSAc

ED 2.43 (0.03) 5.43 (0.16) 4.39 (0.28) 1.83 (0.05) 4.64 (0.10) 4.32 (0.09)

We simulated an incremental scenario by incrementally increasing the number
of samples in V al. We take advantage of the large set of digits available in the NIST
SD19 database, by increasing the size of V al from 10,000 to 180,000 samples. Those
are the remaining samples in the hsf {1-3} series of the database. In addition, we
also evaluate a control mechanism to select only samples that present the margin
below a threshold ϑ, in considering the margin of the base classifiers, e.g. mi < ϑ,
where mi represents the difference of votes between the two most voted classes. The
main idea is to hold only samples that present uncommon output profiles to reduce
the size of V al. As a consequence, the final complexity of DSAc is also reduced.

Figure 4(a) presents the results of these experiments. As shown, the incremen-
tal increase of V al is effective in reducing the error rates. By using all samples,
the final error rates are reduced from 1.75% to about 1.2%. Furthermore, the pro-
posed control mechanism is also effective in reducing the error rates. With ϑ = 40,
the final error rates are reduced to about 1.1%. In addition, we demonstrate in
Figure 4(b) the effects of using the margin-based control mechanism. The best ap-
proach, represented by ϑ = 40, used only 25,948 samples for training. Comparing
with the use of all 180,000 training samples, we can reach better results by using
only around 15% of this set and drastically reduce the complexity of DSAc.

In addition, we also compare the performances of DSA and DSAc by consider-
ing a rejection mechanism on NIST-digits-test1 with DTree classifiers. The reject
uses the margin of the dynamically selected EoC for DSA, and the margin of the
dynamically selected set of EoCs for DSAc. As depicted in Figure 5, DSAc rejected
less samples than DSA to reach the same error rates (for example, with 2.0 %
of error, DSA rejects about 2% of samples, and DSAc rejects only 1.5%.). When
more samples are used for training, the DSAc rejects even less samples. And, the
performance of the approach using ϑ = 40 was better than the one that uses all
samples, even though the former was trained with much fewer samples.



(a) Performance

(b) Complexity

Fig. 4. Incremental evaluation of DSAc (K = 30) with DTree classifiers on NIST-digits-
test1.

5 Conclusion and future work

In this paper we proposed a novel methodology to improve a state-of-the-art ap-
proach for DSEoC, e.g. Dos Santos et al’s approach (DSA). The proposed approach,
referred to as DSAc, uses the knowledge provided by output profiles to dynami-
cally select EoCs. Furthermore, a switch mechanism was included to reduce the
dependency on the pool of EoCs.

Experiments conducted on two handwriting recognition problems have con-
firmed that dynamic selection is really promising in improving the use of multiple
classifiers. In addition, DSAc has been effective to improve DSA. Also, the sim-
ulation of an incremental learning scenario showed us that we can improve the
performance of DSAc by increasing the size of the validation set only, without
changing the parameters of the base classifiers.

As future work, many directions to improve DSAc can be followed. One of
these directions consists of reducing the overall complexity. We can, for example,



Fig. 5. Impact of a rejection mechanism on NIST-digits-test1 with DTree classifiers.

use some proposed ideas to reduce the complexity of 1NN classifiers which work in
a similar way. In addition, we must evaluate other strategies towards reducing the
error rates of this method. This can be achieved by means of using other SMs, by
filtering examples from V al, and so forth.
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