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Abstract. In this paper, a Single Classifier-based Multiple Classification Scheme
(SMCS) is proposed as an alternative multiple classification scheme. The SMCS
uses only a single classifier to generate multiple classifications for a given test
data point. Because of the presence of multiple classifications, classification com-
bination schemes, such as majority voting, can be applied, and so the mechanism
may improve the recognition rate in a manner similar to that of Multiple Classi-
fier Systems (MCS). The experimental results confirm the validity of the proposed
SMCS as applicable to many classification systems.

1 Introduction

Most EoCs are created so that an abundance of diverse classifiers is generated, and
subsequently an optimal subset of classifiers is selected. By partially omitting selected
samples from a sample pool for each classifier training operation, we create different
data subsets [4,5,8]. Then, by using these data subsets to train classifiers, every classifier
will be different from the others. Multiple classifiers yield multiple class labels for a
given test sample, and we can combine these multiple class labels into a single class
label. Given that each classifier actually draws a boundary between classes, the MCS
obtains a new boundary by applying a fusion function , that is, de facto, a combination
of different boundaries drawn by different classifiers.

In this paper, we propose an unconventional Single-Classifier-based Multiple Clas-
sification Scheme (SMCS) approach that is similar to the MCS, but without the need
to train multiple classifiers. We propose a mechanism that achieves multiple classifica-
tions with a single classifier, and so benefits from the logic of an MCS without repetitive
classifier training and without classifier selection. Given a test sample to classify and
some training samples, our method divides the training samples into two groups: one
containing what we call reference samples, and the other containing what we call evalu-
ation samples. We use different reference samples to generate different pseudo test data
points, each of which constitutes a different combination of an original test sample and
some reference samples (Fig. 1), and we use evaluation samples to select adequate refer-
ence samples for pseudo test data point generation. Because we use different reference
samples to generate pseudo test data points, data diversity is extracted from the original
training data in a way similar to that in MCS. Furthermore, because of the generation
of multiple pseudo test data points for an original test sample, we can obtain multiple
classifications for that test sample. Consequently, traditional classification combination
schemes in the MCS, such as the majority voting fusion function, can be implemented
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to generate a final class label. The proposed method can somehow be related to local
learning [1], in which local information is exploited to facilitate classification task.

Note that the generation of pseudo data points to improve classification accuracy is
not new [6]. The generation of artificial training examples, known as virtual examples,
have been proposed for Support Vector Machine (SVM) [2, 10]. However, this is dif-
ferent from the proposed methods in three perspectives: a) The virtual examples are to
generate virtual training data, whereas the proposed method is to generate pseudo test
data; the scopes are different. b) The virtual examples are generated so that the learning
machine will extract the invariances from the artificially enlarged training data [10],
whereas our proposed method is to generate pseudo test data points so that the learning
machine can combine them and enhance accuracy; the purposes are different. c) Virtual
examples are designed specifically for SVM, whereas the proposed method is suitable
for all kinds of classifiers; the scales are different.

Also Note that there are some fundamental differences between the MCS and the
SMCS. In the MCS, we benefit from the fact that each classifier has a different per-
ception of how a test sample should be classified. Because the decision boundary made
by each classifier is different, there is diversity among decision boundaries drawn by
different classifiers. Given that classifiers make different errors on different test sam-
ples, diversity can actually help improve classification accuracy. So, in the MCS, one
of the core issues is to generate, select, and combine multiple classifiers, such that the
combined decision boundary is better than any existing single boundary. In the SMCS,
we not only try to find a better decision boundary, but one with the potential to be
close to the oracle and not constrained by an existing classifier boundary and the num-
ber of classifiers. In designing the SMCS, we acknowledged the fact that a decision
boundary drawn by a classifier might never be optimal; so, instead of refining several
existing decision boundaries by combining them, we are trying to explore and make use
of information in the neighborhood of a single decision boundary. In this way, we are
looking for diversity that is already present in the neighborhood, rather than trying to
benefit from diversity embedded in different classifiers. Consequently, diversity is ex-
tracted not from diverse decision boundaries, but from diverse pseudo test data points.
The core issue is then to adequately generate, select, and combine multiple pseudo test
data points for a test sample, rather than generating, selecting, and combining multiple
classifiers.

We focus on two main questions in this paper:

1. Can we extract diversity from a dataset without training multiple classifiers?
2. Can multiple classification without multiple classifiers enhance accuracy?

2 Proposed Method

Given a training dataset X, we first divide the training samples into N reference sam-
ples Xr = {x1, x2, · · · , xN}, and M evaluation samples X̌e = {x̌1, x̌2, · · · , x̌M},
a single classifier CX trained by all the available training samples X, and a test
data point x̃t. The mechanism involves the creation of K pseudo test data points,
X̂t = x̂1,t, x̂2,t, · · · , x̂K,t, which would result in K corresponding classification out-
puts ŷ1,t, ŷ2,t, · · · , ŷK,t after being classified by CX.
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MCS philosophy SMCS philosophy

Fig. 1. The multiple classification philosophies of the MCS and the SMCS compared. Empty
circles represent reference samples of class A, and empty rectangles represent reference samples
of class B. The dark circle represents a test sample to be classified, gray circles represent pseudo
test data points generated by the SMCS, and lines represent the decision boundaries drawn by
classifiers: a) the MCS relies on multiple classifiers to generate multiple decision boundaries, and
so multiple classifications are generated to classify a test sample; b) the SMCS relies on a single
classifier, and so there is only one decision boundary, but multiple pseudo test data points are
generated to subsequently generate multiple classifications.

The purpose of this mechanism is to generate X̂t, such that the combination of clas-
sification outputs on these K pseudo test data points ŷt will be as close to the true class
label yt as possible. Note that:

ŷt = g(ŷ1,t, ŷ2,t, · · · , ŷK,t) (1)

where g(·) is the classification combination function, such as majority voting.
Here, the main problem is to design a stable mechanism that generates pseudo test

data points that improve the overall classification result. We decompose this problem
into two sub problems, expressed as the following two questions:

1. What is the function f(·) used to generate pseudo data points, given a test sample
and several reference samples?

2. How do we decide which reference samples to use to generate pseudo data points,
given a test sample?

We address these two sub problems in the sections below and describe them in more
detail.

2.1 Define a Function to Generate Pseudo Test Data Points

There are a number of ways to solve the first component of the problem, which is to
decide how to generate a pseudo test data point given a test sample and one or more
reference samples.

A pseudo test data point can be generated as a combination of a test sample and a
reference sample, or as a combination of a test sample and several reference samples.
It can be generated in a deterministic way, or with some random factors. To gain some
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insight into the properties of the SMCS, we start with a simple and deterministic func-
tion to generate pseudo test data points. In our method, each pseudo test point is based
on an original test sample and a single reference sample:

x̂i,t = f(xi, x̃t) (2)

where x̂i,t indicates a generated pseudo test data point, x̃t is the original test sample,
and xi is a reference sample.

For example, if each data point has L feature dimensions, then the feature l of the
generated pseudo test data point x̂i,t will simply be a weighted average of the same
feature of the test sample x̃t and that of the reference sample xi:

x̂i,t,l = αxi,l + (1− α)x̃t,l, 1 ≤ l ≤ L, 0 ≤ α ≤ 1 (3)

where x̂i,t,l indicates the value of the feature l of the generated pseudo test data point
x̂i,t, xi,l indicates the value of the feature l of the reference sample xi, and x̃t,l indicates
the value of the feature l of the test sample x̃t. Also note that α controls the noise and
diversity present in pseudo test data points: the larger it is, the greater the diversity and
the noise.

2.2 Select Reference Samples to Generate Pseudo Test Data Points

Not every generated pseudo data point will be adequate for classification. The fitness of
a pseudo data point will largely depend on the “chemistry" between the test sample x̃t

and the reference sample xi.
In order to evaluate the fitness of each reference sample xi for a test sample x̃t in an

attempt to generate adequate pseudo data points, we propose a three-step scheme:

1. Identify valid [ evaluation sample - reference sample ] pairs
Remember that we divide training samples into evaluation samples and reference
samples. We will use these M evaluation samples to determine the fitness of a ref-
erence sample. Each evaluation sample will generate a pseudo data point using the
reference sample, and then the pseudo data point will be classified. If the classifi-
cation of this pseudo data point has the same label as the evaluation sample, then
this [ evaluation sample - reference sample ] pair is regarded as valid; otherwise, it
is regarded as invalid.

2. Assign weight to reference samples
For a given test sample, we find the m nearest evaluation samples. Then, every
reference sample is assigned a weight based on its validity with respect to these m
evaluation samples, which is obtained as the sum of the m [ evaluation sample -
reference sample ] pairs.

3. Select reference samples and generate pseudo test data points
We set a threshold for the reference samples, and select only those with weights
higher than that threshold for pseudo test data point generation.

Here we notice two things. First, each function can be manipulated independently and
so is subject to optimization. This modular approach gives our proposed method a great
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deal of flexibility, and it can be adapted to various pattern recognition problems. Second,
the step of identifying valid [ evaluation sample - reference sample ] pairs needs only
to be performed once for all the test samples, whereas the other two steps need to
be carried out for each individual test sample. Given that the first step is more time
consuming, and the second and the third steps are fairly straightforward and less time
consuming, the overall process can be implemented in the real world without incurring
enormous cost. We provide more details below.

Identify valid [ evaluation sample - reference sample ] pairs. The first step is to
evaluate the fitness of each reference sample by using several evaluation samples from a
evaluation dataset, X̌e = {x̌1, x̌2, · · · , x̌M}. For a reference sample xi to be evaluated,
an evaluation sample x̌k generates a pseudo data point x̂i,k using this reference sample.
Then, the generated pseudo data point is classified by a classifier:

x̂i,k �→ ŷi,k (4)

Since we already know the class label yk of each evaluation sample x̌k, we can de-
termine whether or not the classification of this pseudo data point is correct, meaning
that it has the same class label as that of the evaluation sample. We repeat the same
process between all the reference and evaluation samples, and then define a validity
measure vi,k for each [ evaluation sample x̌k - training data point xi] pair, 1 ≤ k ≤ M ,
1 ≤ i ≤ N , and set the validity to 1 for correct classification and to 0 for incorrect
classification:

vi,k = 1, if ŷi,k = yk (5)

vi,k = 0, otherwise (6)

Figure 2 shows the process of identifying valid [ evaluation sample - reference sample
] pairs. The validity measures are then used to evaluate the fitness of each training data
point xi, as described in the next section.

Assign Weight to Reference Samples. The validity measure vi,k for each [ evaluation
sample x̌k - reference sample xi] pair tells us whether or not a reference sample xi is
fit to generate a pseudo test point with an evaluation sample x̌k, but it does not tell us
whether or not a reference sample xi is fit to generate a pseudo test point with a test
sample x̃t.

In order to decide whether or not we should use a reference sample xi to generate
a pseudo test point with a test sample x̃t, first we try to find the m nearest evaluation
samples from the test sample x̃t. The idea behind this action is that these evaluation
samples can be seen as proxies of the test sample x̃t. If they all qualify as correct
classifications with the use of the reference sample xi to generate pseudo test points,
then the test sample x̃t can use this reference sample xi to generate pseudo test points
as well.
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Fig. 2. Each evaluation sample generates a pseudo data point using a reference sample. The clas-
sification result of this pseudo data point provides an indication of the fitness of the [ evaluation
sample - test sample ] pair. Solid circles represent reference samples, white circles represent
evaluation samples, and gray circles represent generated pseudo data points.

Given a test sample x̃t, let us consider the nearest m evaluation samples to be trust-
worthy for this test sample, noting that m � M . We then use these m evaluation data
points to evaluate the fitness of reference samples for the test sample x̃t. The weight of
a reference sample xi is assigned as follows:

wi =

m∑

k=1

δi,kvi,k (7)

where vi,k is a validity measure vi,k for the [ evaluation sample x̌k - reference sample
xi] pair, and δi,k is a weighting adjustment based on distance or other factors.

Figure 3 demonstrates a general scheme for assigning weight to reference samples
through the aggregation of multiple validity measures between a reference sample and
evaluation samples. In this paper, we define the weighting adjustment δi,k as:

δi,k =
d(x̌k, x̃t) + d(x̌k, xi)

d(x̃t, xi)
(8)

where d(·) indicates a Euclidean distance function, x̌k is an evaluation sample, xi is a
reference sample, and x̃t is a test sample.

So, d(x̌k, x̃t) is the distance between the evaluation sample x̌k and the test sample
x̃t, d(x̌k, xi) is the distance between the evaluation sample x̌k and the reference sample
xi, and d(x̃t, xi) is the distance between the reference sample xi and the test sample x̃t.

In our weighting adjustment δi,k, the weight wi increases with d(x̌k,xi)
d(x̃t,xi)

, because
knowing that the reference sample produces correct pseudo data points for an evalua-
tion sample, the distance between the evaluation sample x̌k and the reference sample
xi signals the robustness of the reference sample; whereas the distance between the
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Fig. 3. For each test sample, each reference sample is evaluated indirectly by aggregating the
validity of [ evaluation sample - reference sample ] pairs from the nearby evaluation samples.
Now, the weighting of reference samples can be adjusted by distances. Solid circles represent
reference samples, white circles with a dotted contour represent test samples, and white circles
with a solid contour represents evaluation samples.

test sample x̃t and the reference sample xi scales down this robustness measure. The
weight wi also increases with d(x̌k,xi)

d(x̃t,xi)
, because the ratio of the distance d(x̌k, xi) to the

distance d(x̃t, xi) represents the validity to approximate the test sample x̃t using the
evaluation sample x̌k .

Note that other weighting mechanisms may be suitable as well. This is simply the
one that we chose to implement.

Select Reference Samples and Generate Pseudo Test Data Points. Given a test sam-
ple x̃t, once all reference samples are evaluated using the nearest m evaluation samples
from that test sample, we can proceed to select adequate reference samples for the pur-
pose of pseudo test data point generation.

Again, we can only evaluate the nearest n reference samples for the test sample. We
also define a threshold θ. Therefore, the selection criterion for reference samples is:

if wi ≥ θ si = 1 (9)

else si = 0 (10)

where si is the selection decision on reference sample xi. The threshold θ is defined as:

θ = ρmax{wi}, 0 < ρ ≤ 1 (11)

Figure 4 shows the process of reference sample selection that we use to generate pseudo
data points for a test data point. Once multiple diverse pseudo test data points are gener-
ated, we can use them to feed a classifier to produce multiple classifications for a single
test sample. However, these multiple classifications need to be combined in order to
produce a final class label for the test sample. We describe the process below.
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Fig. 4. Adequate reference samples are then selected by the weights that each test sample assigns
to them. The selected reference samples then generate pseudo test data points for the original test
data point. Solid circles represent reference samples, white circles with a dotted contour represent
a test sample, and gray circles represent generated pseudo test data points.

2.3 Combine Multiple Classification Outputs

Supposing that I reference samples xi, 1 ≤ i ≤ I are selected for a test sample x̃t,
corresponding pseudo test data points can be generated:

x̂i,t = f(xi, x̃t) (12)

By applying a single classifier CX that is trained with all the available reference samples
X, multiple classification outputs can be obtained:

x̂i,t �→ ŷi,t (13)

Once we have multiple classification outputs, a fusion function g is implemented to
combine them:

ŷt = g(ŷ1,t, ŷ2,t, · · · , ŷI,t) (14)

As a result, we obtain the final class label output for the test sample concerned.
Below, we provide the pseudo code for our proposed method to better illustrate the
methodology.

3 Experiments

In order to verify the validity of the proposed SMCS, to understand effects of neighbor-
hood sizes m and n and reference sample selection, and to measure the performance
of the SMCS, we carried out a number of experiments on different datasets extracted
from the UCI Machine Learning Repertoire. The experiments were conducted in MAT-
LAB using PRTools [3]. The training datasets are further split into a reference dataset,
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Table 1. The datasets used in our experiments

Datasets Number Dimension Reference Evaluation Test Dataset Size
of Classes Dataset Size Dataset Size Dataset Size per Class

breast-tissue 6 9 35 36 35 6
bupa-liver 2 6 115 115 115 58

glass 6 9 72 71 71 12
iris 3 4 50 50 50 17

parkinsons 2 22 65 65 65 32
vowel 11 11 330 330 330 30
wdbc 2 30 190 189 190 95
yeast 10 8 494 495 495 49

Table 2. The error rates of a Single Classifier-based Multiple Classification Scheme with pa-
rameters n = m = 9 ∼ 21 and ρ = 0.8 ∼ 0.95. We show the error rates of a single classifier
(denoted "single classifier") as the baseline, and those of an average SMCS without any parameter
selection (denoted "average smcs").

Dataset Method LDC QDC KNN PW MLP Tree
breast-tissue single classifier 31.43% 40.00% 48.57% 51.43% 54.29% 40.00%
breast-tissue average smcs 24.29% 29.49% 48.57% 48.57% 43.67% 32.04%
breast-tissue error change −22.73% −26.28% 0.00% −5.56% −19.55% −19.90%

bupa-liver single classifier 33.04% 41.74% 32.17% 46.09% 33.91% 40.00%
bupa-liver average smcs 33.51% 33.66% 32.02% 45.22% 30.99% 31.43%
bupa-liver error change 1.41% −19.35% −0.48% −1.89% −8.61% −21.43%

glass single classifier 30.99% 36.62% 33.80% 40.85% 61.97% 25.35%
glass average smcs 22.48% 35.97% 31.09% 40.85% 61.97% 21.83%
glass error change −27.44% −1.79% −8.04% 0.00% 0.00% −13.89%

iris single classifier 8.00% 4.00% 10.00% 8.00% 4.00% 24.00%
iris average smcs 6.07% 4.43% 5.07% 6.00% 4.50% 15.43%
iris error change −24.11% 10.71% −49.29% −25.00% 12.50% −35.71%

parkinsons single classifier 15.38% 15.38% 20.00% 16.92% 12.31% 13.85%
parkinsons average smcs 13.08% 13.52% 20.00% 16.92% 11.37% 10.93%
parkinsons error change −15.00% −12.14% 0.00% 0.00% −7.59% −21.03%

vowel single classifier 39.09% 11.21% 29.09% 3.03% 84.24% 30.61%
vowel average smcs 33.17% 7.90% 24.10% 3.16% 83.64% 19.32%
vowel error change −15.14% −29.54% −17.15% 4.29% −0.72% −36.88%

wdbc single classifier 8.42% 6.84% 6.32% 7.37% 3.68% 10.00%
wdbc average smcs 5.62% 5.30% 6.05% 6.11% 2.18% 5.11%
wdbc error change −33.26% −22.53% −4.17% −17.09% −40.82% −48.87%

yeast single classifier 41.01% 100.00% 42.42% 42.22% 48.89% 52.53%
yeast average smcs 37.86% 100.00% 38.97% 38.89% 47.58% 42.76%
yeast error change −7.67% 0.00% −8.15% −7.89% −2.67% −18.60%
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to be used for pseudo data point generation, and an evaluation dataset, to be used for
reference sample evaluation purposes in the SMCS. For pseudo data point generation,
we implemented a weighted combination of a reference sample and a test sample, as
described in Eq. (16), with equal weights for both, so α = 1

2 . We also tested different
ranges of parameters for m, n, and ρ, in an effort to gain more insight: the value of m
was set equal to n, and we tested m = n = 9, m = n = 11, · · · , and m = n = 21; for
the threshold setting ρ, we tested ρ = 0.95, ρ = 0.9, ρ = 0.85, and ρ = 0.80.

Our experimental results suggest that the proposed SMCS works to some extent,
with an average improvement of 16.31%. The injected diversity seems to enhance the
accuracy of the recognition rates in most cases, and generally the noise that is inherent
in diversity does not degrade the classification results. Table 2 provides a summary of
SMCS error rates on various dataset-classifier combinations. We note that the improve-
ment achieved with the SMCS also depends on the classification methods of the trained
classifiers.

4 Conclusion

The experimental results confirm the validity of the proposed SMCS as an applicable
scheme for an MCS. This is especially true when we encounter the curse of dimen-
sionality, and can only train weak classifiers. The parameters m, n and ρ also have an
impact on the number of generated pseudo points. The correlation between m,n and the
number of pseudo points is 0.0432, and that between ρ and the number of pseudo points
is −0.2428. Hence, we might attempt to conclude that the smaller the ρ, the larger the
number of generated pseudo points. Nevertheless, more experiments may be needed to
have a better understanding on the effects of m, n and ρ.

To summarize, there are several critical aspects to the potential impact of the pro-
posed SMCS:

1. Dynamic Decision Boundary
Unlike the MCS, which attempts to combine multiple decision boundaries from
multiple classifiers in order to achieve an optimal decision boundary, the SMCS
operates under the assumption that a static optimal boundary is difficult or impos-
sible to draw by combining multiple boundaries, or may not even exist. Instead, it
tends to make dynamic decisions given a static decision boundary by generating
pseudo data points for multiple classifications, and therefore shifts the complexity
of decision boundary optimization to pseudo data point generation optimization.

2. Compatibility with the MCS
Selection of a suitable classification scheme does not have to be an either/or propo-
sition, as it is feasible to apply both the MCS and the SMCS on a dataset, where
each classifier trained with an MCS can further generate multiple pseudo test data
points for each test sample to be classified. In this case, we actually generate a
dual multiple classification system, which may further improve the performance of
traditional MCS or the proposed SMCS.

3. Flexibility in Pseudo Data Points Generation
Unlike traditional MCS, where the generation of multiple classifiers is generally
quite straightforward, the proposed SMCS tends to be more flexible and it can have
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almost infinite variations; such as on the choice of the pseudo data point generation
function, on the evaluation of reference samples, and on the adjustment of neigh-
borhood size, etc. Consequently, the best SMCS scheme may be different for each
dataset, and this indicates more opportunity for performance enhancement.

4. Reduced Cost in Classifier Training Time
Compared with traditional MCS, the SMCS requires the training of only one clas-
sifier. Suppose, for example, that an MCS needs to train K classifiers and re-
quires training time TK , the proposed SMCS would require training time T1, and
T1 ≈ TK

K . This represents a speeding up by a factor of about K for classifier train-
ing. When K becomes large, such as 100 ∼ 4000 [11], the gain may be substantial.

5. Reduced Cost in Ensemble Selection Time
Classifier training represents only a part of the cost of ensemble construction, be-
cause subsequent ensemble selection must be conducted to select the best subset of
classifiers [7, 9]. Because the SMCS uses only one classifier, there is no need for
classifier subset selection. In fact, classifier subset selection is replaced by refer-
ence sample selection in the SMCS. This operation in the proposed SMCS is quite
straightforward, requiring only nearest neighbor identification and a sum operation.
It is therefore less time consuming than traditional classifier selection.

Nevertheless, the classification problem is not solved without cost. Although the SMCS
reduces classifier training cost considerably, it actually increases the classification cost
on each test sample. In other words, the SMCS shifts the cost of classifier training to
the cost of pseudo test data point classification. As a result, if the cost of classification
is critical for a system performance and the training cost is negligible, the SMCS may
not be suitable for the system. On the contrary, if the training cost is prohibitively high
and the classification cost is less substantial, then the SMCS should be considered as a
potential solution.
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