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Abstract—The paper investigates the influence of different
types of distance measures on the performance of a multiple
classifier system consisting of one-class classifiers. This specific
type of machine learning approach uses examples only from
a single class to derive a decision boundary - hence its is
often referred to as learning in the absence of counterexamples.
Combining several one-class classifiers is a promising research
direction, as it often results in a more precise classification than
when using just a single model. Most one-class classifiers base
their decision on a distance from an object to the decision
boundary, canonically expressed in the Euclidean measure. When
combining such predictors it is necessary to map the distance
into probability, therefore the measure used has a crucial impact
on the classifier fusion. This paper proposes alternative distance
measures for one-class classification, which are evaluated through
experimental investigations.

Index Terms—one-class classification, multiple classifier sys-
tems, distance measures, one-class support vector machine, com-
bined classifier.

I. INTRODUCTION

NE-CLASS classification (OCC) is known as learning

in the absence of counterexamples, as primary object of
OCC is to train a classifier using only patterns drawn from
the target class distribution. Its main goal is to detect anomaly
or a state other than the one for the target class [18]. It is
assumed that only information of the target class is available.
Therefore no information about the potential nature of outlier
objects are needed to derive the decision boundary. Schema
of OCC problem is given in Fig. 1.

This is a very useful approach in may real-life applications
e.g. machine diagnosis, when we know what is the proper
response from the device, but number of ways in which such
a device may malfunction are numerous. Therefore instead of
costly and time consuming generation of negative examples
one may use OCC to get the classification boundary only
on the basis of available samples. Various terms have been
used in the literature to refer to one-class learning approaches.
The term single-class classification originates from [11], but
also outlier detection [7] or novelty detection [2] are used to
name this field of study. Another view on the OCC is that it
seeks to distinguish one specific class from the more broad
set of classes (e.g., selecting apples from fruits, gearbox error
from machine faults or fraud from set of transactions). The
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Fig. 1. Example of one-class classification with known target class used for
the boundary creation. One-class classification assumes that in the exploratory
phase of classification new, unknown objects not belonging to the target class
may appear.

target class is considered as a positive one, while all other are
considered as negative ones.

Usually for a given problem we may have a pool of
several classifiers at our disposal. Canonical machine learning
methods concentrate on selecting the single best classifier from
the pool and delegating him to the problem solving task. This
approach seems very reasonable and is rooted in a normal
human behavior - when having a problem we tend to search for
the most competent expert in a given area, not paying attention
to lesser renown specialists. Yet when referencing to only a
single classifier we discard the fact that other models from the
pool may also offer a valuable contribution to the considered
problem. That is why a combined approach was proposed,
utilizing decisions of more than one classifier. Such methods,
known as Multiple Classifier Systems (MCS) are considered
as one of the most promising research directions in current
field of machine learning and pattern recognition [10].

Using MCS in OCC is an approach that still awaits proper
attention. So far several approaches were proposed, based on a
simple bagging [13], boosting [21] or random subspaces [4].
Most of the works in this topics were application-oriented,
e.g. on image retrieval [20] or on monitoring the information
network [14]. Therefore there is a lack of works devoted to the
theoretical advances in combination of one-class classifiers.
Recently authors have proposed the diversity measures for
selecting one-class predictors to the ensemble [12].
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Several methods for combining one-class classifiers were
proposed in [17]—they will be described in more details in
Sec. II. One should notice that most one-class predictors base
their decision on the distance from an object to the decision
boundary. Therefore to perform the classifier fusion one must
map the distance into a probability. Canonically used in OCC
was Euclidean distance. This paper proposes to use different
measures of distance and investigates their influence on the
overall accuracy of the combined classifier.

The paper is organized in the following way: next section
gives an overview of fusion methods for one-class ensembles,
section three presents used distance measures, while following
section is devoted to experimental assessment of the quality
of proposed measures. Last section concludes the paper.

II. COMBINING ONE-CLASS CLASSIFIERS

One-class boundary methods (such as One-class Support
Vector Machine) are based on computing the distance between
the object = and target class wr . To apply fusion methods we
require the probability (or classification support) of object x
for a given class. Therefore to conduct the fusion a heuristic
mapping must be made. This paper uses a following solution:

= 1
Plalwr) = —ewp(=d(zlwr)/es), (1)

which models a Gaussian distribution around the classifier,
where d(z|wr) is a distance metric, ¢; is the normalization
constant and ¢y is the scale parameter. Parameters c; and cs
should be fitted to the target class distribution.

After performing such a mapping one may use proposed
fusion functions. This paper applies all five of them, with the
assumption that the pool consists of R one-class classifiers:

1) Mean vote, which combines binary output labels of one-
class classifiers. It is expressed by:

1
ymo(2) = 3 > T (Ps(alwr) > 0), )
k

where I(-) is the indicator function and 0} is a clas-
sification threshold. When a threshold equal to 0.5 is
applied this rule transforms into a majority vote for
binary problems.

2) Mean weighted vote which introduces the weighting
of base classifiers by fr,, where fr, is the fraction of
target class objects accepted by k-th classifier:

Ymuwo () = § 2oy, 1, L (Pe(xlwr) > 60x)+
+(1 = fr )1 (Pe(z|lwr) < 6k),

which is a smoothed version of the mean vote method.
3) Product of the weighted votes, for which let’s first
define:

A3)

prod = [ [ frI(Pe(wlwr) > 6x), )
k
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and then the fusion method:

(2) = prod
Ypw ‘WM+HgvﬁnmauWﬂs@%

4) Mean of the estimated probabilities which is expressed
by:

pup(@) = 1 S (Pulolor). ©
k

5) Product combination of the estimated probabilities,
which is expressed by:

[T Pe(2|wr)
Ype(T) = k .
[1x Pr(elwr) + 1 0k
This fusion method assumes that the outlier object

distribution is independent of = and thus uniform in the
area around the target concept.

@)

III. DISTANCE MEASURES

As one may see from the previous section, used distance
measure has a major impact on the fusion of one-class
classifiers. Canonically for this problem the Euclidean squared
distance was used [17]. Here we would like to investigate
the performance of other popular distance measures and their
influence on the classifier fusion step.

There exists a significant number of distance measures de-
rived from many various fields such as mathematics, physics,
information theory, computer science and econometrics. Good
review of existing distance measures is presented in [3].
Many machine learning algorithms, such as minimal distance
classifiers [5], rely on the distance metric for the input data
patterns. In recent years, many studies have demonstrated, both
empirically and theoretically, that a proper metric can signif-
icantly improve the performance in classification, clustering
and retrieval tasks [9].

A distance metric, d(m,n) is a function for calculating a
distance between two objects, m and n. To consider given
function as a distance metric it has to fulfill following three
properties [19]:

1) It is always greater than or equal to zero.

2) The distance from object to itself is always equal to zero.

3) It obeys the triangle inequality, i.e for three points m, n

and o, d(m,n) +d(n,0) > d(m, o) for any choice of n.
This paper investigates the performance of five popular dis-
tance metrics, assuming that each object is described by ¢
features:

1) Euclidean squared distance:
dg(m,n) = Z(mi —n;)? )

2) Canberr distance:

de(m,n) = Z

m; — Ny

. ©)

m; + n;
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3) Czebyszew distance:

dez(m,n) = max(|m; — n;l). (10)

4) Manhattan distance:

dar(m,n) = Z(|mi —ng). (11)

5) Pearson correlation distance: in which one must first
compute the correlation parameter r:

=i () (45)

where m, n are average values and o,,, 0, are standard
deviations. Using this parameter, one may define a
distance metric as:

(12)

dp(m,n)=1—r, (13)

where dp(m,n) takes values from [0,2].

IV. EXPERIMENTAL INVESTIGATIONS

The aim of the experiments was to investigate if using
different distance measures have an impact on the quality of
one-class classifier fusion.

A. Datasets

For experimental evaluation of our proposition we have
selected five binary datasets from the UCI Repository [6].
Details of used datasets are given in Tab. I. It is worth noticing

TABLE I
DETAILS OF DATASETS USED IN THE EXPERIMENTAL INVESTIGATION.
NUMBERS IN PARENTHESES INDICATES THE NUMBER OF OBJECTS IN THE
MINORITY CLASS.

No. Name Objects Features  Classes
1 Breast-cancer 286 (85) 9 2
2 Diabetes 768 (268) 8 2
3 Heart-statlog 270 (120) 13 2
4 Tonosphere 351(124) 34 2
5 Voting records 435 (168) 16 2

that so far there have been no benchmarks for one-class
datasets and only solution on how to asses the performance of
new methods for this field was to treat one-class problems as
a decomposition of multi-class benchmarks, as in our previous
work [12]. This paper uses a simple, unified and effective
scheme for transformation of multi-class sets into canonical
one-class problems.

Let’s assume that a dataset consist of objects drawn form
class set M = {1, 2, ..., M}. Class m € M/l\s chosen to
become target class wp. All other objects from M = {1, 2, ...,
M} \ {m} become outliers objects with labels wo. The pool
of R individual classifiers ), w2 W) ig then trained
with normal procedure (such as cross-validation) on the objects
from class wr while objects from wp are used for the testing
phase. One should notice that from a single M-class problem
this procedure may derive M separate one-class datasets.

In this work as a target class we have chosen the minority
class, while the remaining class was used as outliers.

B. Set-up

As a base classifier a One-class Support Vector Machine
(OCSVM) [16] with a polynomial kernel was selected. The
pool of classifiers were constructed using a random subspace
method [8] and consisted of five models. The focus of this
paper is not on the problem of selecting classifiers to the
committee, therefore always an entire pool was used.

The combined 5x2 cv F test [1] was carried out to asses the
statistical significance of the obtained results.

All experiments were carried out in the R language [15].

C. Results and discussion

The results of the experiment are given in Tab. II — VL
Small numbers under classification accuracy indicates from
which methods the given one was statistically better.

TABLE II
ACCURACY OF THE PROPOSED METHODS OVER THE BREAST-CANCER
DATASET.
Fusion method dy dzZ, dz, di, d3,
muv 84.32 86.00 8540 80.86 86.00
4 1,4 4 - 1,4
mwuv 86.00 86.43 85.03 82.25 87.30
4 4 4 - 1,3,4
pwv 83.25 8325 82.15 79.13 85.05
4 4 4 - 3,4
mp 83.25 84.15 84.15 80.60 83.90
4 4 4 - 4
pc 85.36 85.36 83.25 83.00 86.90
3,4 3,4 - - 3,4
TABLE III
ACCURACY OF THE PROPOSED METHODS OVER THE DIABETES DATASET.
Fusion method dL dZ d2, d}, d3
muv 79.05 80.12 79.78 78.15 80.12
mww 81.05 8025 8025 7815 80.25
4 4 4 - 4
pwv 77.60 75.10 76.00 7420 79.10
2,3,4 - 4 - 2,3,4
mp 7853 7790 80.20 7790 79.15
2,4 - 1,2,4 - 2,4
pc 80.11 78.10 77.56 77.56 79.21
2,3,4 - - - 3,4
TABLE IV
ACCURACY OF THE PROPOSED METHODS OVER THE HEART-STATLOG
DATASET.
Fusion method dL dZ d3, di, d3
muv 84.00 81.23 8290 77.56 83.00
2,3,4 4 2,4 - 2,4
mwuv 82.90 80.11 79.46  78.34  80.95
2,3,4,5 4 - - 3,4
pwv 85.05 84.60 84.60 81.00 85.05
3,4 4 4 - 4
mp 82.90 80.11 79.46 77.50 81.90
2,3,4,5 4 - - 3,4
pc 84.00 83.10 8245 82.00 83.52
3,4 4 - - 4

From the experimental results one may clearly see that there
is not a single distance measure outperforming other for every
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TABLE V
ACCURACY OF THE PROPOSED METHODS OVER THE IONOSPHERE
DATASET.

Fusion method d}E d% d% d?u d‘},
o TT.87 7203 7346 7200 73.76
muwv 7345 7400 7533 7465  75.00
- - 1,2 1 1,2
pwv 7075 7120 7098 7075 7405
- - - - 1,2,3,4
mp 69.53 7220 7220 7000 7065
- 1,4 1,4 - 1
pe 7245 7245 7350 73.02 7335
— — 1,2 — —
TABLE VI
ACCURACY OF THE PROPOSED METHODS OVER THE VOTING RECORDS
DATASET.
Fusion method dL dz, dZ, diy d3,
o 85.11 84.04 8378 B1.00 85.11
3,4 4 4 - 3,4
muwv 8723 8593 8437 8390 8611
2,3,4,5 3,4 — — 3,4
pwv 8380 8355 83.80 8290 8341
mp 8579 8320 85.15 8400 85.15
2 — 2 — 2
pe 8425 8200 8136 8136 83.68
2,3,4 - - - 2,3,4

instance tested. Canonical Euclidean distance proved itself best
in all fusion methods for two datasets - Heart-statlog and
Voting records. Yet for other three tested benchmarks different
distance measures improved performance of the ensemble.
Most frequently the best results were returned by Czebyszew
and Pearson correlation distance measures. One should notice
that in many cases the differences were small, but statistically
significant. Manhattan distance returned worst results, with the
exception of the Ionosphere dataset, where for all fuser setting
it has outperformed the Euclidean distance.

Those results prove that investigating different measures
than Euclidean distance for one-class classifiers is a promising
research direction.

V. CONCLUSIONS AND FUTURE WORKS

This paper addressed the issue of distance metrics used in
one-class classification. Boundary methods, such as used one-
class Support Vector Machine rely their decision on the dis-
tance from an examined object to the decision surface. While
combining several one-class classifiers one must additionally
map the distance into the probability. Therefore the problem of
measuring the distance has a strong influence on the creation of
combined one-class classifiers. We have examined five different
distance measures for five different classifier fusion blocks.

Experimental investigation, backed up with a statistical test
of significance showed that in some cases switching to a
different distance metric may lead to an improvement of
overall accuracy of the ensemble. This proves that researching
the distance metric problem for combining one-class classifiers
is a worthwhile research direction.
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Our future works will include incorporating more sophis-
ticated distance measures e.g. based on entropy, investigating
the relation between the feature space of datasets and per-
formance of metrics on them and introducing metric learning
system for one-class classification, which may automatically
select the most promising distance metric for a given dataset.
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