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An Efficient Approach for Outlier Detection with
Imperfect Data Labels

Bo Liu, Yanshan Xiao, Philip S. Yu, Zhifeng Hao, and Longbing Cao

Abstract—The task of outlier detection is to identify data objects that are markedly different from or inconsistent with the normal set
of data. Most existing solutions typically build a model using the normal data and identify outliers that do not fit the represented model
very well. However, in addition to normal data, there also exist limited negative examples or outliers in many applications, and data
may be corrupted such that the outlier detection data is imperfectly labeled. These make outlier detection far more difficult than the
traditional ones. This paper presents a novel outlier detection approach to address data with imperfect labels and incorporate limited
abnormal examples into learning. To deal with data with imperfect labels, we introduce likelihood values for each input data which
denote the degree of membership of an example toward the normal and abnormal classes respectively. Our proposed approach
works in two steps. In the first step, we generate a pseudo training dataset by computing likelihood values of each example based on
its local behavior. We present kernel k-means clustering method and kernel LOF-based method to compute the likelihood values. In
the second step, we incorporate the generated likelihood values and limited abnormal examples into SVDD-based learning
framework to build a more accurate classifier for global outlier detection. By integrating local and global outlier detection, our
proposed method explicitly handles data with imperfect labels and enhances the performance of outlier detection. Extensive
experiments on real life datasets have demonstrated that our proposed approaches can achieve a better tradeoff between detection
rate and false alarm rate as compared to state-of-the-art outlier detection approaches.

Index Terms—Outlier detection, data of uncertainty

1 INTRODUCTION

UTLIER detection has attracted increasing attention in

machine learning, data mining and and statistics lit-
erature. Outliers always refer to the data objects that are
markedly different from or inconsistent with the normal
existing data [1], [2]. A well-known definition of "outlier" is
given in [3]: "an observation which deviates so much from
other observations as to arouse suspicions that it was gen-
erated by a different mechanism,” which gives the general
idea of an outlier and motivates many anomaly detec-
tion methods [1], [4]. Practically, outlier detection has been
found in wide-ranging applications from fraud detection
for credit cards, insurance or health care, intrusion detection
for cyber-security, fault detection in safety critical systems,
to military surveillance [1].
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Many outlier detection methods have been proposed to
detect outliers from existing normal data. In general, the
previous work on outlier detection can be broadly clas-
sified into distribution (statistical)-based, clustering-based,
density-based and model-based approaches [5]-[8], all of
them with long history. In the model-based approaches [8],
they typically use a predictive model to characterize the
normal data and then detect outliers as deviations from the
model. In this category, the support vector data description
(SVDD) [9], [10] has been demonstrated to be capable of
detecting outliers in various application domains. In SVDD,
a hyper-sphere is constructed to enclose most of the normal
example with minimum sphere. The learned hyper-sphere
is then utilized as a classifier to separate a test data into
normal examples or outliers.

Though much progress has been done in support vector
data description for outlier detection, most of the exist-
ing works on outlier detection always assume that input
training data are perfectly labeled for building the outlier
detection model or classifier. However, we may collect the
data with imperfect labels due to noise or data of uncer-
tainty [11], [12]. For examples, sensor networks typically
generate a large amount of data subject to sampling errors
or instrument imperfections. Thus, a normal example may
behave like an outlier, even though the example itself may
not be an outlier. These kind of uncertain data information
might introduce labeling imperfections or errors into the
training data, which further limits the accuracy of subse-
quent outlier detection. Therefore, it is necessary to develop
outlier detection algorithms to handle imperfectly labeled
data.
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In addition, another important observation is that,
negative examples or outliers, although very few, do exist
in many applications. For example, in the network intru-
sion domain, in addition to extensive data about the normal
traffic conditions in the network, there also exist a small
number of cyber attacks that can be collected to facilitate
outlier detection. Although these outliers are not sufficient
for constructing a binary classifier, they can be incorporated
into the training process to refine the decision boundary
around the normal data for outlier detection.

In order to handle outlier detection with imperfect
labels, we propose a novel approach to outlier detection
by generalizing the support vector data description learn-
ing framework on imperfectly labeled training dataset. We
associate each example in the training dataset not only with
a class label but also likelihood values which denotes the
degree of membership towards the positive and negative
classes. We then incorporate the few labeled negative exam-
ples and the generated likelihood values into the learning
phase of SVDD to build a more accurate classifier. The main
contribution of our work can be summarized as follows.

1)  We put forward two likelihood models, called sin-
gle likelihood model and bi-likelihood model. In the
single likelihood model, each input data is associ-
ated with one likelihood value which denotes the
degree of membership towards its own class label.
In the bi-likelihood model, each sample has two
likelihood values which denote the degree of mem-
bership towards positive and negative class labels
respectively. Based on the two likelihood models,
we generate pseudo training datasets by computing
likelihood values based on the local data behavior
in the feature space. We put forward two meth-
ods based on the k-means clustering [1] and local
outlier factor (LOF) [6] approaches respectively, to
generate the likelihood values, which are called
kernel k-means clustering-based method and ker-
nel LOF-based method respectively. After that, we
obtain two pseudo training sets for the two likeli-
hood models respectively, in which each sample has
likelihood values.

2) In the second step, we construct two global classi-
fiers for outlier detection by generalizing the SVDD-
based learning process based on the two likelihood
models. The developed model derived from single
likelihood model is called soft-SVDD. Another clas-
sifier related with bi-likelihood model is called bi-
soft-SVDD. For both approaches, we incorporate the
generated likelihood values of each sample and lim-
ited negative examples into the learning of support
vector data description phase to build accurate out-
lier detection classifiers. In the process, each sample
makes different contribution to the learning of the
outlier detection decision boundary based on their
likelihood values. By integrating local and global
outlier detection, our proposed approaches explic-
itly handle the input data with imperfect labels and
include a few labeled outliers into learning.

3) We conduct extensive experiments on real life
datasets to investigate the performance of our
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proposed approaches. The results show that our
proposed approaches can offer a better tradeoff
between detection rate and false alarm rate and
are less sensitive to noise in comparison of the
state-of-the-art outlier detection algorithms.

Compared with the previous work on outlier detection,
such as Artificial Immune System (AIS) [13], [14], most
of them did not explicitly cope with the problem of both
outlier detection with very few labeled negative examples
and outlier detection on data with imperfect labels. Our
proposed approaches first capture local data information
by generating likelihood values for input examples, and
then incorporate such information into support vector data
description framework to build a more accurate outlier
detection classifier.

The rest of the paper is organized as follows. Section 2
discusses previous work related to our outlier detection
problem. Section 3 presents our proposed approached,
called soft-SVDD and bi-soft-SVDD, to outlier detection
in detail. Section 4 reports extensive experimental results
on real-world datasets. Section 5 concludes the paper and
discusses possible directions for future work.

2 RELATED WORK

In this section, we discuss previous work related to our
study. Since we focus on outlier detection with lim-
ited labeled outliers and data with imperfect labels, we
briefly review previous work on outlier detection in
section 2.1, and discuss another branch of related work
on learning from imbalanced data in section 2.2. Finally,
we briefly review support vector data description in
section 2.3.

2.1 Outlier Detection

In the past, many outlier detection methods have been
proposed [1]. Typically, these existing approaches can
be divided into four categories: distribution (statistical)-
based clustering-based, density-based and model-based
approaches [1], [15]. Statistical approaches [16]-[18] assume
that the data follows some standard or predetermined dis-
tributions, and this type of approach aims to find the
outliers which deviate form such distributions. The meth-
ods in this category always assume the normal example
follow a certain of data distribution. Nevertheless, we can
not always have this kind of priori data distribution knowl-
edge in practice, especially for high dimensional real data
sets. [15].

For clustering-based approaches [7], [19], [20], they
always conduct clustering-based techniques on the samples
of data to characterize the local data behavior. In gen-
eral, the sub-clusters contain significantly less data points
than other clusters, are considered as outliers. For exam-
ple, clustering techniques has been used to find anomaly
in the intrusion detection domain [19]. In the work of [20],
the clustering techniques iterative detect outliers to multi-
dimensional data analysis in subspace. Since clustering-
based approaches are unsupervised without requiring any
labeled training data, the performance of unsupervised
outlier detection is limited.



1604

In addition, density-based approaches [6], [21]-[25] has
been proposed. One of the representatives of this type of
approaches are local outlier factor (LOF) and variants [6].
Based on the local density of each data instance, the LOF
determines the degree of outlierness, which provides sus-
picious ranking scores for all samples. The most important
property of the LOF is the ability to estimate local data
structure via density estimation. The advantage of these
approaches is that they do not need to make any assump-
tion for the generative distribution of the data. However,
these approaches incur a high computational complexity in
the testing phase, since they have to calculate the distance
between each test instance and all the other instances to
compute nearest neighbors.

Besides the above work, model-based outlier detection
approaches have been proposed [9], [10], [26]. Among them,
support vector data description (SVDD) [9], [10] has been
demonstrated empirically to be capable of detecting out-
liers in various domains. SVDD conducts a small sphere
around the normal data and utilizes the constructed sphere
to detect an unknown sample as normal or outlier. The
most attractive feature of SVDD is that it can transform the
original data into a feature space via kernel function and
effectively detect global outliers for high-dimensional data.
However, its performance is sensitive to the noise involved
in the input data.

Depending on the availability of a training dataset,
outlier detection techniques described above operate
in two different modes: supervised and unsupervised
modes. Among the four types of outlier detection
approaches, distribution-based approaches and model-
based approaches fall into the category of supervised
outlier detection, which assumes the availability of a train-
ing dataset that has labeled instances for normal class (as
well as anomaly class sometimes). In addition, several tech-
niques [27]-[29] have been proposed that inject artificial
anomalies into a normal dataset to obtain a labeled train-
ing data set. In addition, the work of [30] presents a new
method to detect outliers by utilizing the instability of the
output of a classifier built on bootstrapped training data.

Despite much progress on outlier detection, most of the
previous work did not explicitly cope with the problem
of outlier detection with very few labeled negative exam-
ples and data with imperfect label as well. Our proposed
approaches capture local data information by generating
the likelihood values of each input example towards the
positive and negative classes respectively. Such information
is then incorporated into the generalized support vector
data description framework to enhance a global classifier
for outlier detection.

The work in the paper has difference from our previous
work about outlier detection [31]. First, the work in [31],
called uncertain-SVDD (U-SVDD) here, addresses the out-
lier detection only using normal data without taking the
outlier/negative examples into account. Second, U-SVDD
only calculates the degree of membership of an example
towards the normal example and takes single member-
ship into learning phase. However, the work in this paper
addresses the problem of outlier detection with a the few
labeled negative examples, and takes data with imper-
fect labels into account. Based on the problem, we put
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forward single likelihood model and bi-likelihood model
to assign likelihood values to each examples based on
their local behaviors. For single likelihood model, examples
including positive and negative classes are assigned likeli-
hood values denoting the degree of membership towards
their own class labels. For bi-likelihood model, each exam-
ple is not only with a class label but also bi-likelihood
values which denote the degree of membership towards
the positive and negative classes respectively. Based on
two likelihood models, we put forward soft-SVDD and
bi-soft-SVDD approaches to incorporate the likelihood val-
ues together negative examples into SVDD-based learning
phase. Therefore, the optimization model (7) called soft-
SVDD, and model (12) called bi-soft-SVDD are completely
different from the optimization problem (15) in [31]. In
addition, the experiments in section 4 have shown that
our proposed outlier detection approaches perform better
than U-SVDD by incorporating few number of negative
examples into the learning phase.

2.2 Difference from Imbalanced Data Classification
The outlier detection problem that we consider in this paper
is also related to the problem of imbalanced data classifi-
cation [32], in which outliers corresponding to the negative
class are extremely small in proportion as compared to the
normal data corresponding to the positive class.

We briefly review the research on imbalanced data
[32]-[34] as follows. In general, previous work on imbal-
anced data classification falls into two main categories. The
first category attempts to modify the class distribution of
training data before applying any learning algorithms [35].
This is usually done by over-sampling, which replicates
the data in the minority class, or under-sampling, which
throws away part of the data in the majority class. The
second category focuses on making a particular classifier
learner cost sensitive, by setting the false positive and
false negative costs very differently and incorporating the
cost factors into the learning process [32]. Representative
methods include cost-sensitive decision trees [36] and cost-
sensitive SVMs [37]-[40]. In cost-sensitive SVMs, the cost
factors of two classes are set differently so that the cost
factors can affect the decision boundary. When imbal-
anced data are present, researchers have argued for the
use of ranking-based metrics, such as the ROC curve and
the area under ROC curve (AUC) [41] instead of using
accuracy.

The difference between imbalanced data classification
and our outlier detection problem is that: in imbalanced
data classification, the examples from one or more minority
classes are often self-similar, potentially forming compact
clusters, while in outlier detection, the outliers are typi-
cally scattered around normal data so that the distribution
of the negative class cannot be well represented by the very
few negative training examples. To solve our problem, we
can exploit cost-sensitive learning algorithms, but the false
positive and false negative costs are usually unknown to us
in real life applications. Therefore, we exploit a novel one-
class classification method for outlier detection, which aims
at building decision boundary around the normal data, and
utilizes the few negative examples to refine the boundary
to build an outlier detection classifier.
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Fig. 1. (a) lllustration of SVDD hyper-sphere in feature space.
(b) llustration of SVDD decision boundary in input space.

2.3 Support Vector Data Description

The support vector data description (SVDD) [9] has been
proposed for one-class classification learning. Given a set
of target data {x;},i =1,...,], where x; € R", the basic idea
of SVDD is to find a minimum hyper-sphere that contains
most of target data in the feature space, as illustrated in
Fig. 1(a):

1
min F(R,0,&) =R>+ CZ&',
=1
st o) —o |2 <RZ+§,
£ >0, 1)

where ¢(.) is a mapping function which maps the input
data from input space into a feature space, and ¢ (x;) is the
image of x; in the feature space, & are slack variables to
allow some data points to lie outside the sphere, and C > 0
controls the tradeoff between the volume of the sphere and
the number of errors. Zi’:l &; is the penalty for misclassified
samples.

By introducing Lagrange multipliers «;, the optimization
problem (1) is transformed into:

1 ! 1
max Z o K(xj, ;) — Z Z oo K(x;, Xg)
i=1 i=1 k=1
s.t. 0 <a; < C’

Zai =1, (2)

in which kernel function K(, .,) is utilized to calculate the
inner pairwise product of two vector ¢ (x;) and d(x)), that is
K(xi, xj) = ¢ (xi) - ¢ (xj). The samples with «; > 0 are support
vectors (SVs). For a test point x, it is classified as normal
data when this distance is less than or equal to the radius
R. Otherwise, it is flagged as an outlier.

The most attractive feature of SVDD is that it can trans-
form the input data into a feature space and detect global
outliers effectively. As illustrated in Fig. 1(b), the hyper-
sphere in the feature space responds to a decent decision
boundary in input space. However, the performance of
SVDD is sensitive to the noise involved in the input data.
Our proposed method generalizes SVDD to incorporate the
likelihood values of samples towards to positive and neg-
ative classes, which mitigates the effect of noise on outlier
detection.
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3 OUR PROPOSED APPROACH

In this section, we provide a detailed description about
our proposed approaches to outlier detection. Given a set
of training data S which consists of | normal examples
and a small amount of n outlier (or abnormal) examples,
the objective is to build a classifier using both normal
and abnormal training data and the classifier is there-
after applied to classify unseen test data. However, subject
to sampling errors or device imperfections, an normal
example may behave like an outlier, even though the
example itself may not be an outlier. Such error factors
might result in an imperfectly labeled training data, which
makes the subsequent outlier detection become grossly
inaccurate.

To deal with this problem, we put forward two likeli-
hood models as follows.

Single likelihood model: In the model, we associate each
input data with a likelihood value (x;, m(x;)), which indi-
cates degree of membership of an example towards its own
class label.

Bi-likelihood model: In the model, each sample is associate
with bi-likelihood values, denoted as (x;, mf(x;), m"(x;)), in
which mf(x;) and m"(x;) indicate the degree of an input
data x; belonging to the positive class and negative class
respectively.

The main difference of two models is that, single like-
lihood model only considers the degree of membership
towards its own class label, while bi-likelihood model
includes the degree of membership towards its own class
and the opposite class.

Such likelihood values information is thereafter incorpo-
rated into the construction of a global classifier for outlier
detection. Based on this, our proposed approaches work in
two steps as follows:

o In the first step, for each likelihood model, we
generate a pseudo training dataset by computing like-
lihood values for each input data based on local data
behavior in the feature space.

o In the second step, we put forward soft-SVDD and
bi-soft-SVDD for single likelihood model and bi-
likelihood model respectively, by using both normal
and abnormal examples as well as the generated
likelihood values.

In the following, we describe the two steps in detail.

3.1 Likelihood Values Generation

The main task of this step is to create a pseudo training
dataset by computing likelihood values for each input data.
For the single likelihood model, the generated pseudo train-
ing data consists of two parts for the I normal examples and
n abnormal examples as follows.

O, mt (), O, (), (g, 1 (X141), -
X141 m" (X141)),
in which m!(x;) and m"(x;) indicate the likelihood of exam-

ple x; belonging to the the normal class and the abnormal,
respectively.
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Similarly, the generated pseudo training data for bi-
likelihood model is:

(1, m' (x1), m" (x1)), ..., O, mt(x), m"™ (%)), (X141,
mt (xp1), M (X141))s -+ s s 1 i) 1" (Xin))s

For each likelihood model, we propose two different
schemes to compute likelihood values for each input data,
which are inspired by the clustering-based [7] and density-
based [6] approaches to outlier detection. The basic idea of
both schemes is to capture the local data uncertainty by
examining the relative distances of each input data to its
local neighbors in the feature space.

For both likelihood models, the likelihood values are
generated as follows.

3.1.1 Kernel K-Means Clustering-Based Method

We adopt the kernel k-means clustering algorithm to gen-
erate likelihood values for each input data. In kernel-based
method, a nonlinear mapping function ¢(.) maps the input
samples into a feature space.Kernel k-means clustering
minimizes the following objective function:

k I4+n

T=>2Y o) — ol ®)

i=1 j=1

where k is the number of clusters and v; is the cluster center
of the i cluster.

By solving this optimization problem, k-means cluster-
ing returns a set of local clusters, in which data samples
belonging to a same cluster are more similar to each other.
Intuitively, for a data sample, if most of data samples in the
same cluster are normal, it would have a high probability of
being normal, and if there is an outlying point that doe not
belong to any cluster, it would have a high probability of
being an outlier. Therefore, we calculate the likelihood val-
ues for single likelihood model and bi-likelihood model as
follows. For a given cluster j, assume there exist lf normal
examples and [ negative examples.

For the sing{e likelihood model, the likelihood value of
a normal example x; belonging to the normal class is cal-
culated mt(x;) = If / (l;.7 + l}’). Similarly, the likelihood value
of an abnormal example x; belonging to the negative class
is computed as m" (xx) = l’.i/(l;.7 + M.

For the bi-likelihood model, likelihood values of an
example towards the normal and abnormal classes are cal-
culated as mf(x;) = lf/(l;’ +l;.1) and m"(x;) = l}’/(lf +l]’.“)
respectively.

Based on the kernel k-means clustering-based method, if
a cluster only contains normal examples, the m'(x;) of each
sample in the cluster equals to 1; while their corresponding
m"(x;) is equivalent to 0. Therefore, the likelihood values
generation method considers the local data information of
each sample. The advantage of kernel k-means is that it can
partition the dataset into a set of local clusters that are non-
linearly separable in the input space. However, the main
limitation is that it does not work well on datasets with
varying densities by using a global distance function, which
causes the generated likelihood values to be inaccurate.
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3.1.2 Kernel LOF-Based Method

To cope with datasets with varying densities, we propose
a local density-based method to compute likelihood values
for each input data. Inspired by the LOF algorithm [6], the
basic idea is to examine the relative distance of a point
to its local neighbors in feature space. More specifically,
we extend the original LOF into the kernel space by using
kernel function and generate the likelihood values in the
kernel space instead of the input space.

For each point x;, we first compute its local reachability
density, which is the average reachability distance based on
the k-nearest neighbors of x;.

Z reach-dist (x;, X;), 4)

Xj €Nk (x;)

1
Irdi(x;) = %

where Ni(x;) is a set of k-nearest neighbors of point x;.
Here, reach-disti(x;, x;) denotes the reachability distance
of object x; with respect to object x; in the feature space,
which is defined as reach-disti(x;,x;)) = max{ll¢(x;) —
¢ () |l, maxyen, ) l¢ (xi) — ¢(X)[1}. The Interested readers
please refer to [6] for detailed definitions. By consid-
ering the definition of reach-distx(x;, x;), Equation (4) is
simplified as

Irdi(x;) = D= o). 5
rdi(x;) x/gllfiéi)”qﬁ()() leol! ©)

After the local reachability density lrdi(x;) is computed, for
the point x;, we find its Ird-neighborhood Ni(x;) = {x; €
D | |l¢(x;) —qb(x]-)||2 < Irdr(x;)}. The distance between x; and
x; in the feature space is computed as

le(x) — d NI = (@(x) — X)) - (B (%)) — $(x)))
= ¢ (Xi) - p(xi) + (X)) - (X)) — 20 (x;) - P (X))
= K(x;, x;) + K(X]’, X]) — 2K(x, X]) 6)

For a sample, suppose that there exist I; examples out of
INIyq(x;)| nearest neighbors belonging to the positive class.
INa(x;)| denotes the number of nearest neighbors in the
Ird-neighborhood. Let I, = [Ny (x;)| — It

For single likelihood model, the likelihood value of a
normal example x; belonging to the normal class is calcu-
lated m'(xt) = It/|Nj(x;)|. Similarly, the likelihood value of
an abnormal example x, belonging to the negative class is
computed " (x¢) = L/ Nyt (x)|-

For bi-likelihood model, the likelihood value of x;
towards the positive class and negative class are calculated
m'(x) = It/|Nipg(x;)| and m" (x) = Ly/INpa (x;)].

Based on the above method, the likelihood value m(x;)
of sample x; equals to 1 if there is not any abnormal exam-
ples in its Ird-neighborhood Nj,;(x;) and the corresponding
m"(x;) is equivalent to 0. In this method, we can calculate
the likelihood values based on the local behavior of each
sample and cope with the dataset with varying densities.

3.2 Constructing SVDD-Based Classifiers

Above, for the two likelihood models, we put forward
kernel k-means clustering-based and kernel LOF-based
method to generate likelihood values. We then develop soft-
SVDD and bi-soft-SVDD for the single likelihood model
and bi-likelihood model respectively. Both developed meth-
ods include normal and abnormal data in the learning.
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However, soft-SVDD only incorporates single likelihood
value of an example towards its own class label in the
learning; while bi-soft-SVDD takes bi-likelihood values of
an examples towards the positive and negative class labels
in the training. The basic idea of our methods are to
enclose normal examples inside the sphere and exclude the
abnormal examples outside of the sphere and consider the
likelihood values in the learning. Below, we present two
developed approaches.

3.2.1 Constructing Soft-SVDD Classifiers

For the single likelihood model, we put positive examples
into set Sp, in which examples only have mt(x;), and put
negative examples into set S,, where examples are only
associated with m"(x;). Since the membership functions
mt(x;) and m”(x]-) indicate the degree of the membership
of data example x; toward normal class and negative class,
the solution to soft-SVDD can be achieved by solving the
following optimization problem:

min F=R>+C Z m' (x;)& + Coym" ())&
st Ixi—o > <R*+&,x¢€85,
I xj—o|?=>R*—¢&,x €S,
§=>0, §>0, (7)

Above, Parameters C; and Cp control the tradeoff between
the sphere volume and the errors. Parameters §&; are &; are
defined as a measure of error, as in SVDD. The terms
mt(x;)& and m" (x))§; can be therefore considered as a mea-
sure of error with different weighing factors. Note that a
smaller value of m'(x;) could reduce the effect of the param-
eter & in Equation (7), such that the corresponding data
example x; becomes less significant in the training.
Problem Solution

In order to resolve the optimization problem (7),
we introduce the Lagrange method [42] and then have
Theorem 1.

Theorem 1. The solution of problem (7) can be resolved by the
optimization problem (8):

I4+n I4n I4n
max Z o K(xj, x;) — Z Z ajoiK(x;, x;) (8)
i—1 i—1 j=1

st. 0<a;<C" i=1,2,....14n,
I+n

Zai =1,
i=1

in which a; > 0, «j > 0 are Lagrange multipliers, C;” =
Cim'(x)(i =1,2,....1) and CI" = Com"(xj)(i = 1 + 1,1+
2,...,1+n).

Proof. To solve the above optimization problem (7), we
introduce Lagrange multipliers o} > 0, ! > 0, g/ > 0,
/3].” > 0, and convert problem (7) into problem (9).

L=R+C1 ) meq)+Cay  m"(x)
—Y AR +E— ) —0 D) = BlE
=D BlE— ) ol ®(x) —o | = R* - &).
©)
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Setting the partial derivatives of L with respect to
R,0,&;,§ equal to zeros respectively, we can obtain

oL

8—R:0—>Zaf—2a;1:1,

oL

s =0— Y a0 —d(x)) =) a0 - $(x)),
% =0 — o +p! = Cim' (x),

aL n n n .

BT?]- =0— of + B = Cum" (x)).

Replacing these into Equation (9), and set o; = (i =
L2,....0, 0 =o' =1+1,1+2,....,1+n), C" =
Cim'(x)(i=1,2,....1) and CI" = Com"(x)(i =1+ 1,1+
2,...,14n), we have optimization problem problem (8).

After solving the above dual problem, we obtain the
Lagrange multipliers «; (1 <i <[+ n), which gives the
centroid of the minimum sphere as a linear combination
of x;:

I+n

0= ai(x). (10)
i=1

Above, we find only the patterns with «; # 0 construct
the centroid of the minimum sphere, and these pattern
are called support vectors.
Decision Boundary Construction

By applying Karush-Kuhn-Tucker conditions [42], we
then obtain the radius R of the decision hyperplane.
Assume x; is one of the patterns lying on the surface
of sphere, R can be calculated as follows:

R% = |x, — o> = K(xu, xu) + K(0, 0) — 2K(x;;, 0)

I4+n I4+n I+n
= KO, %) + ) Y @iaKOx, xi) =2 e, xu).-
i=1 k=1 i=1

To classify a test point x, we just calculate its distance to
the centroid of the hypersphere. If this distance is less
than or equal to R, i.e.

Ix —ol* < R?, (11)
x is accepted as the normal data. Otherwise, it is detected
as an outlier. |

3.2.2 Constructing Bi-Soft-SVDD Classifiers

For the bi-likelihood model, we derive the bi-soft-SVDD as
follows.

First of all, based on the generated likelihood values, we
split the datasets into three parts Sp, Sp and S, for the sake
of derivation. For the samples in Sy, the likelihood value
towards the positive class equals to 1, that is mt(x;) =1 and
m"(x;) = 0, which means the sample x; completely belongs
to the positive class. For the samples in Sp; it has non-zero
likelihood values towards the positive and negative classes
at the same time, that is mf(x;) # 0 and m"(x;) # 0. For
the samples in S;, they completely belong to the negative
class, that is m"(xj) = 1 and m'(xj) = 0.

Since the likelihood values mf(x;) and m"(x;) indicate
the degree of membership of data example x; towards the
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positive and negative class respectively, the solution to bi-
soft-SVDD can be extended from problem (1) by solving
the following optimization problem:

min F=R*+C1()_&+ Y m(x))
+ G &+ Y m w&)

st o) —0 | <R*+&, x€S,
I ¢n) —0 1> <R*+&, x4€S
I ¢(x) —0 > >R*—&, xc€Sp
l¢x)—0 > >R*—&, x €S,
£ >0, 6 >0, & >0, §=>0, (12)

Above, parameters C1, Co control the tradeoff between the
sphere volume and the errors, which is the same func-
tion as C in optimization (1). Parameters &;, &, &, and &
are defined as measure of error, the same as &; in (1). The
terms m'!(x;)&, and m" (x;)& can be therefore considered as
measure of error with different weighing factors.
Problem Solution

In order to resolve the optimization problem (12),
we introduce the Lagrange method [42] and then have
Theorem 2 to resolve the problem as follows.

Theorem 2. The solution of problem (12) can be resolved by the
optimization problem (13)

Max ZafK(xi, X)) — Za]-”K(xj, xj)
_ Z Z afa,il((xi, X)) + 2 Z Z afa]"K(x,-, x;)
- Z Z af(xZK(xj, Xy)
st 0< af < mf(xi)Cl,
0 <o <mj@x)Ca,

Za?—Zaj" =1,

Xi, xk € SpU Sy, xj,Xp € Sp U Sy, (13)

in which af >0, oz;’ > 0 are Lagrange multipliers.

Proof. In order to solve the optimization problem in (13),
we introduce Lagrange multipliers ozf >0, aZ >0 oz}1 >0,

oz,i’ >0, ,Bf >0, /3;1’ >0, 8">0, ,3,? > 0, and convert the
problem (12) into the folfowing problem (14):

L=R*+C1) &+C ) &+Ci ) m'(wé&,
+C Y Em () — Y BlE— D BrEn— Y Bk
=D BIE =Y R+ E— ] d0) —ol)
—D alll¢(x) —o > —R* — &)
=Y g (RZ+ & — || gxi) — o )
=Y ol px) — 0 |2 — R* — &). (14)

The parameters must satisfy that: % =0, 5, ' 3E =

8L _ g OL _ o OL _ ;
0, 9 = 0, e = 0, e = 0, we then have the following

conditions respectively:

oL _ . AL

Yo+ Yo~ Yof - Yo =1,
o=Yalp(x) + Y aldp(xy) — 3 ol (x)

—Z“f¢(xj),
al + gl =C1,
af + ' = Ca,

of + Y =m!(x,)C1,
Ot£ + /3]? = m" (x¢)Ca.

(15)

(16)
(17)
(18)
(19)
(20)

It is noted that if we substitute (16) into problem (14), it
will be complicated. To simplify the process, we rewrite

(15)-(20). First of all, let
{af, for xj €Sp, ) ch,lj for xi €Sy,

a = o =

b n .
oy, for x, € Sp, o for  xj € Sy.

then, (15) and (16) can be rewritten as
Z af - Z ot]'-1 =1,
0= afp(x)— ) alp(x).

in which x; € S, U Sy, and x; € 5, U Sp. let

1 for x; €Sy,
mj(x;) =

mt(xy) for  xy € Sp,

my (xg) for  Xi € Sp,
m]”(xj) =

1 for Xj € Su,

t Bl for x; €Sy,

ﬂi (xj) =

ﬂ;i for xj, € Sp,

ﬂf, for  xx €Sy
B (xj) =

ﬂ].” for  xj € Sy.

Then (17), (18), (19), and (20) are represented as

al + Bl = mh(x))C1, for x;€S,USy,
Ol]’-1 + ﬁ]‘n = m]r»l(Xj)CL for Xj € S, USy,

since ! > 0, ﬁj” > 0, then we have

t
Olif
n
o <
=

mi(x;)C1, for x;j€SpUSy,

0=<
0< m?(Xj)Cz, for Xj € S, USp.

(21

(22)
(23)

(24)

(25)

(26)

(27)

(28)
(29)

(30)
(31)

Based on (23), the inner product of the centroid of the

sphere is:

0.0) =Y Y alafK(xi, xp) =2 > afa].”K(xi, X))

+>3 of' ) K(xj, Xo).

Based on (22), (28), (29), we have

R(1-) af+) a)=0
Cr Yy mxp&— Y Bl&i—) alg;=0
Co Y m"0)g = DB = D=0

(32)

(33)
(34)
(35)
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TABLE 1
Confusion Matrix

Actual Label
Target Class Negative Class
Target True Positive False Negative
Predicted Class (TP) (FN)
Label Negative | False Positive True Negative
Class (FP) (TN)

substitute (23) into (14), and consider (33), (34), (35), we
then have

L=Y aiK(xi,x) =) aK(x;,x) = (0,0)

substitute (32) into (36), we have the Theorem 2.

By solving the optimization problem (13), we can
obtain the Lagrange multipliers af >0, a" > 0.

For the relationship between the location of the sam-
ples and their Lagrange multipliers «!, we have the fol-
lowing analysis: For the normal examples x; € Sy, for the
problem (14), the Karush-Kuhn-Tucker conditions [42]

satisfy that

(36)

(37)
(38)

ﬂf&:O for x; €Sy
AR +&—x—0lH=0 for xi €S,

1) Ifx; lies outside the sphere, &; > 0 holds, and we have
,Bf = 0 according to (37), and then ozit = Cq from (17).

2) If0 <ol <Cy, from (17) and (37) g # 0 and & = 0;
therefore, from the first constraint of (12), lie on the
surface of the sphere.

3) For all patterns inside the sphere, we necessarily
have aiT =0 from (38).

It is noted that, for the normal samples whose ! # 0
called supportvectors (S5Vs),and thesupportvectorsreside
onside or outside of the hyper-sphere. Based on this, the
centroid and radius of the hyper-sphere are denoted:

0= Zaf(ﬁ(xi) - Za;’qb(xj),
R? = K, xu) + ) > etjertK(xi, i)

+3 ) @K x0) =2y Y afafKixi, X))

~2) «fKxi xi) +2 ) o K(xj, xu) (39)

,

Ideal )
“ 7 '

I uncertain pattern
v
X

—7
_
.

oo 5

Detection rate

™ 81 02 03 04 0§ 08 07 OF 0d

False alarm rate

(a) (b)

Fig. 2. (a) lllustration of ROC curve and the AUC. (b) lllustration of the
method used to add the noise to a data example: x is an original data
example, v is a noise vector, XV is the new data example with added
noise. Here we have x¥V = x +v.
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TABLE 2
Datasets Description

Dataset Description # of dataset | # of Features
Abalone classes 1-8 vs rest 4177 10
Spambase others vs spam 4601 57
thyroid class 2 vs rest 3 3428 21
Waveform class 0 vs rest 900 21
Satellite Grey soil vs rest 4435 36
Delft pump 5x3 | normal situations vs rest 1500 64
Diabetes present vs rest 768 8
Segment class 1 vs rest 2310 19
Letter class 1 vs rest 6238 617
Arrhythmia normal vs rest 420 278

in which x;, x € S, U Sb,xj,xv € S, USy, and x,, € Sp
is the labeled normal example whose 0 < ocf < (Cq, that
is it resides on the surface of the hyper-sphere. From
above formulations, we know that it is only the support
vectors that determine the centroid and radius of the
hyper-sphere.
Decision Boundary Determination

After obtaining the centroid and radius of the hyper-
sphere, we have the decision boundary of classifier. To
classify a test sample x, we calculate its distance to the
centroid of the hyper-sphere. If the distance is less than
or equals to R, i.e.

Ix = ol* = K0, %) + ) " erforpK(xi, %)

+D0DaoKiG.x) =23 ) Sejof
K(xj, xj) — 2 Z OlfK(Xi, X)

+23° a'K(xj, %) < R?, (40)
x is accepted as the normal data. Otherwise, it is classi-
fied as an outlier. |

3.2.3 Discussion

For the single likelihood model, it only considers the degree
of membership towards its own class label. For the bi-
likelihood model, it includes the degree of membership
towards its own class and the opposite class.

In the likelihood values generation procedure, although
we have mf(x;) + m"(x;) = 1 for the kernel K-Means
clustering-based and kernel LOF-based methods, the two
likelihood models have different contribution on the sub-
sequent outlier detection classifiers construction. The soft-
SVDD classifier based on single likelihood model, i.e.
optimization problem (7), only considers the degree of
membership towards its own class label. For the example x;
in the normal class, it only incorporates mt(x;) in the learn-
ing, but discarding m"(x;), i.e. the degree of membership
towards the negative class, in the training. For the exam-
ple x; in the negative class, it only considers m"(x;) in the
optimization problem, but discarding mt(xj), i.e. the degree
of membership towards the normal class, in the training
phase. However, the bi-soft-SVDD classifier built on bi-
likelihood model incorporates the degree of membership
towards its own class and the opposite class in the train-
ing, as shown in optimization problem (12). Compared with
soft-SVDD, bi-soft-SVDD incorporates more data informa-
tion in the training phase; as a result, bi-soft-SVDD delivers
higher performance than soft-SVDD.
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Fig. 3. Performance of outlier detection approaches on ten data sets.

4 EXPERIMENTAL EVALUATION

In this section, we conduct extensive experiments to inves-
tigate the performance of our proposed approach on real
life datasets. For all reported results, the test platform is a
Dual 2.4GHz Intel Core2 T9600 laptop with 4GB RAM.

4.1 Baselines and Metrics
4.1.1 Baselines

For the single likelihood and bi-likelihood models, we put
forward kernel k-means clustering-based and kernel LOF-
based methods to generate likelihood values for them. After
that, we develop soft-SVDD and bi-soft-SVDD methods to
incorporate negative examples and likelihood values into
learning.

We then have four variants of our proposed approaches,
which are called k-means clustering-based soft-SVDD
(CS-SVDD), LOF-based soft-SVDD (LS-SVDD), k-means

Arrhythmia datasets

clustering-based bi-soft-SVDD (CBS-SVDD) and LOF-based
bi-soft-SVDD (LBS-SVDD) respectively. For comparison,
another five state-of-the-art outlier detection algorithms are
used as baselines.

1) The first one is the kernel-LOF algorithm, which
generalizes the LOF algorithm [6] by computing the
outlier factor in the feature space. This baseline is used
to show the improvement of our proposed method
over unsupervised outlier detection approach.

2) The second one is SVDD [9], which builds a one-
class classifier solely based on the normal data. This
baseline is used to test the ability of our proposed
method over original SVDD classifier.

3) The third one is uncertain-SVDD (U-SVDD) [31],
which assigns single membership towards normal
data and constructs a classifier only based on the
normal data.
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Fig. 4. Comparison of ROC curves with respect to the detection rate and
false alarm rate.

4) The forth one is uLSIF [18], which uses the ratio
of training and test data densities to determine
outliers.

5) The fifth baseline is the cost-sensitive SVM (CS-
SVM) [39] for imbalanced classification, which
assigns different costs to the normal data and abnor-
mal data so as to learn a binary classifier for outlier
detection. This baseline is used to test the effective-
ness of our proposed method when very few labeled
negative examples are available for training.

4.1.2 Metrics

The performance of outlier detection algorithms can be
evaluated based on two error rates: detection rate and false
alarm rate. Detection rate gives information about the num-
ber of correctly identified outliers, while the false alarm
rate reports the number of outliers misclassified as normal
data records. Based on the confusion matrix in Table. 1.
The detection rate and the false alarm are computed as
follows: Detection rate = TP/TP + FN, False alarm rate =
FP/EP + TN.

The ROC (receiver operating characteristic) curve repre-
sents the trade-off between the detection rate and the false
alarm rate and is typically shown on a 2-D graph (Fig. 2(a),
where false alarm rate and detection rate are plotted on
x-axis, and y-axis respectively. In general, the area under
the curve (AUC) is also used to measure the performance
of outlier detection algorithm. The AUC of specific algo-
rithm is defined as the surface area under its ROC curve,
as illustrated in Fig. 2(a). The AUC for the ideal ROC curve
is typically closer to one, while AUCs of afless than per-
fecta$ outlier detection algorithms are less than 1. We also
explicitly compute the AUC values [41] to compare the
algorithms.
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4.2 Datasets and Parameter Settings
In our experiments, we used 10 real life datasets that
have been used earlier by other researchers for outlier
detection [43], [44]. These datasets include Abalone,
Spambase,thyroid, =~ Waveform,Satellite, Delft pump,
Diabetes, Segment, Letter recognition, Arrhythmia, which
are available from UCI datasets [45] and [46]. The infor-
mation of these datasets is listed in Table. 2. To perform
outlier detection with very few abnormal data, we ran-
domly selected 50% of positive data and a small number
of abnormal data for training, such that 95 percent of
the training data belong to the positive class and only 5
percent belong to the negative class. All the remaining
data are used for testing.

For all the algorithms, the Gaussian RBF kernel was used
in the experiments

K(x, x;) = exp(—| x — x; [[*/25?). (41)

We use cross-validation on the training data to tune
the parameters for LBS-SVDD, CBS-SVDD, LS-SVDD, CS-
SVDD, CS-SVM, and SVDD. The parameter ¢ in the RBF
kernel is searched in the range from 273 to 2%. In addition,
the parameter C in SVDD, as well as Cy, C; in LBS-SVDD,
CBS-SVDD, LS-SVDD, CS-SVDD is selected from 2° to 2%.
All the reported AUC results are based on this setting.

For CBS-SVDD, CS-SVDD, the number of k in kernel
k-means is varied from 2 to 2" and obtain the optimal
number of clusters k* by minimizing the external criteria
in [47]. For LBS-SVDD and LS-SVDD, we set the number of
nearest neighbors k used for computing confidence values
to the number of negative samples in the training set. For
kernel LOF, we follow the experimental setting in [6] to
compute the maximum LOF by varying k in the range from
30 to 50.

4.3 Performance Comparison

We first perform experiments to compare the classifica-
tion accuracy of the eight algorithms. For each dataset, we
generate the training data by randomly selecting positive
examples and negative examples at the ratio of 95% to 5%,
and apply the supervised outlier detection algorithms to the
training data and evaluate the performance on the remain-
ing test data. To avoid sampling bias, we repeat the above
process for 10 times, and report the average AUC values
for the 10 datasets in Fig. 3.

As we can see from the figure, our proposed methods,
i.e.,, CS-SVDD, LS-SVDD, CBS-SVDD and LBS-SVDD can
consistently outperform the other four baselines on all the
10 datasets. We also discover that, CBS-SVDD and LBS-
SVDD outperform CS-SVDD and LS-SVDD respectively,
this shows that the likelihood values used in bi-soft-SVDD
can contribute to performance than the single likelihood
value used in soft-SVDD. It is worth noting that LBS-SVDD
and LS-SVDD can yield better accuracy than CBS-SVDD
and CS-SVDD respectively on most of the datasets. This
is because, the likelihood values computed by the kernel
LOF-based method can better capture the local distribution
of data, in particular, when the data has varying densities.
As a result, the performance of bi-soft-SVDD and soft-
SVDD can be better enhanced. In addition, we discover
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Fig. 5. Comparison of AUC values with respect to different percents of training data corrupted by noise.

that LS-SVDD performs better than CBS-SVDD, as the
LOF-based likelihood values can capture the local distribu-
tion of data compared with the clustering-based likelihood
values.

Above, we have illustrated that, the AUC values of CS-
SVDD, LS-SVDD, CBS-SVDD and LBS-SVDD are higher
than other outlier detection algorithms. Taking the Abalone
and Spambase data sets for examples, we illustrate the ROC
curves of the nine outlier detection algorithms in Fig. 4 for
one out of ten groups of data. It is noted that, CS-SVDD,

LS-SVDD, CBS-SVDD and LBS-SVDD can consistently
outperform the other baselines. In addition, CBS-SVDD
outperforms CS-SVDD, U-SVDD, SVDD, CS-SVM, uLSIF
and kernel LOF. For the other datasets, we find similar
phenomenon.

4.4 Sensitivity to Input Data Noise

We also conduct experiments to investigate the sensitivity
of the nine algorithms to the noise added into the input
data. Following the method used in [48], we generate the
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noise using a Gaussian distribution with zero mean and
standard deviation determined as follows. For each dataset,
we first calculate the standard deviation aio of the entire
data along the ith dimension, and then obtain the standard
deviation of the Gaussian noise o; randomly from the range
[0,2 - 0]. In this way, noise can be added to the positive
class as a vector having the same dimension as the original
dataset.

Fig. 2(b) illustrates the basic idea of the method used
to add the noise to data examples. Specifically, the stan-
dard deviation o of the entire data along the ith dimen-
sion is first obtained. In order to model the difference
in noise on different dimensions, we define the standard
deviation o; along the ith dimension, whose value is ran-
domly drawn from the range [0,2 - ol.o]. Then, for the
ith dimension, we add noise from a random distribution
with standard deviation o;. In this way, a data example

0% 3% M6% O9%)

Performance
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Methods
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Performance comparison under different percentage of data with error labels.

X is added with the noise, which can be presented as a

vector

Xj X;

j j
0, 1.04 ]

(42)

X X
X; ] 7
0'12[01 1Oy s

Here, n denotxes the number of dimensions for a data exam-
ple x;, and o;, i = 1, ---n represents the noise added into
the ith dimension of the data example.

In our experiments, we make the percentage of the data
corrupted by noise vary from 0% to 30%, and apply the
nine methods on these datasets. Fig. 5 shows the AUC
values achieved by the nine algorithms with respect to dif-
ferent percentages of training data corrupted by noise. It
is easily discovered that, as more noise is added into the
training data, the overall performance of the nine meth-
ods degrades. This occurs because, when more noise is
involved, target class becomes more indistinguishable from
negative class. However, we can clearly see that, our four
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TABLE 3
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Comparison of AUC Values with Respect to Different Ratios of E R o ) e e I
Normal Data Size to Abnormal Data Size in the Training %‘" P70 T U Ot 5 P
Dataset ;E'n 1500 kA B B
Datasets Ratio CS- [ CBS- | LS- [ LBS- | CS- O T T R O
SVDD | SVDD | SVDD | SVDD | SVM < D ’_’
- 200 : : : : : : : :
Abalone ggg 8231 83(8)3 83?% g:g?g 8;2; LBS-svdd LS-svdd CBS-svdd CS-svdd MU;:;;ZZS SVDD CS-SVM  uLSIF  K-LOF
90:10 | 0913 | 0913 | 0918 | 0925 | 0915 , o , _
08:2 0.835 0.835 0.843 0.850 0.746 Flg 7. AVerage running time of each outlier detection approach.
Spambase 95:5 0.840 0.848 0.850 0.862 | 0.803
90:10 0.844 0.850 0.858 0.868 | 0.853
98:2 0.804 | 0.809 | 0813 | 0.832 | 0.786 However, it is still interesting to see how the performance
Thyroid 95:5 | 0813 | 0825 | 0836 | 0842 | 0812 |  of the three algorithms would be affected when changing
90:10 0.825 0.840 0.840 0.852 | 0.836 th b f ab 1 data in the traini
982 | 0934 | 0934 | 0939 | 0.944 | 0.706 € number oI abnormal data 1n the training. .
Waveform 95:5 0944 | 0.951 0955 | 0.958 | 0.856 Table 3 shows the AUC values with respect to different
90:10 0.957 | 0962 | 0966 | 0.969 | 0.953 ratios of normal data size to abnormal data size in the train-
98:2 0.946 0.946 0.951 0.953 | 0.826 : : ; ;
Delft Pump | 955 0961 | 0963 | 093 | 0968 | 0os | 1ng data of the first six data sets. It is noted. that as more
95:10 0968 | 0968 | 0968 | 0.974 | 0961 abnormal examples are added into the training dataset,
Satellite 95:2 0924 [ 093 | 0935 | 0.938 | 0.807 CS-SVM offers increasing accuracy. This is because more
Grey soil 95:5 1 0935 1 094 | 0944 | 0953 | 0917 | negative examples can offer more information from nega-
90:10 0.938 0.944 0.948 0.958 | 0.944

methods, CS-SVDD, LS-SVDD, CBS-SVDD and LBS-SVDD,
can still consistently yield higher accuracy than kernel
LOF, SVDD, U-SVDD, uLSIF, and CS-SVM. This concludes
that, our proposed soft-SVDD and bi-soft-SVDD is not
affected by noise more than the methods used for compar-
ison are. We can discover that CBS-SVDD and LBS-SVDD
using bi-likelihood values can contribute more to the clas-
sifier contribution than CS-SVDD, LS-SVDD using single
likelihood value.

4.5 Performance to Error Labels

In section 4.4, we add noise into the input data to make the
labels of data imperfect. This is because the original labels
of data are assigned based on the input data, when the
input data are added with noise, the corresponding labels
are not correct any more. The experiments have shown that
our proposed approaches can consistently obtain higher
performance.

In this set of experiment, we flip the labels of the data,
i.e., label the data with the labels of the opposite class.
This kind of operation has been performed in the previous
work [49], [50]. Since K-LOF calculates the outlier factors
only based on the test data, without involving the train-
ing data, we omit this baseline at this experiment. In our
experiments, we mislabel the percentage of the data from
0% to 9%, and apply the eight methods on these datasets.
Fig. 6 illustrates the AUC values of eight methods with
respect different percentages of training data mislabeled.
We can find that, the overall performance of the eight meth-
ods degrades when more data are mislabeled; however, our
four methods, CS-SVDD, LS-SVDD, CBS-SVDD and LBS-
SVDD, can still consistently obtain better performance than
SVDD, U-SVDD, uLSIF, and CS-SVM.

4.6 Impact of Imbalanced Data Distribution

We have demonstrated that the SVDD-based approaches:
CBS-SVDD, LBS-SVDD, CS-SVDD and LS-SVDD cam con-
sistently outperform CS-SVM when the number of abnor-
mal data is much smaller than the number of normal data.

tive class to build a more accurate SVM. However, when
the ratio of normal data size to abnormal data size are 98:2
and 95:5 for which the number of abnormal examples are
very few, CBS-SVDD, LBS-SVDD, CS-SVDD and LS-SVDD
can remarkably outperform CS-SVM. This is because, based
on insufficient abnormal data, CS-SVM cannot construct an
accurate decision boundary to distinguish two classes. This
indicates that, our proposed method can yield higher accu-
racy in real-world applications where abnormal data are
very scarce.

4.7 Average Running Time Comparison

So far, we have compared our proposed approaches with
other outlier detection approaches with respect of per-
formance, sensitivity to noise, impact of imbalanced data
distribution, it is still interesting to know the average of
running time of each outlier detection approach.

Fig. 7 illustrates the average running time of each out-
lier detection approach over the data sets. It is easy to
discover that, CBS-SVDD, LBS-SVDD, CS-SVDD and LS-
SVDD take much more running time than the original
SVDD and U-SVDD since the former four approaches cal-
culate the likelihood values or confidence values based on
kernel k-means and kernel-LOF methods and take the lim-
ited abnormal samples into the learning phase; while SVDD
and U-SVDD train the outlier detection classifiers only
on the normal examples. We further find that, CBS-SVDD
and LBS-SVDD take little more time than CS-SVDD and
LS-SVDD, thought CBS-SVDD and LBS-SVDD utilize bi-
likelihood values in the training phase. In addition, SVDD
takes similar time as CS-SVM since both methods resolve
the quadratic optimization problem.

5 CONCLUSION AND FUTURE WORK

In this paper, we propose new model-based approaches to
outlier detection by introducing likelihood values to each
input data into the SVDD training phase. Our proposed
method first captures the local uncertainty by comput-
ing likelihood values for each example based on its local
data behavior in the feature space, and then builds global
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classifiers for outlier detection by incorporating the nega-
tive examples and the likelihood values in the SVDD-based
learning framework. We have proposed four variants of
approaches to address the problem of data with imperfect
label in outlier detection. Extensive experiments on ten real
life data sets have shown that our proposed approaches
can achieve a better tradeoff between detection rate and
false alarm rate for outlier detection in comparison to
state-of-the-art outlier detection approaches.

We plan to extend our work in several directions. First,
we would like to investigate how to design better mech-
anisms to generate likelihood values based on the data
characteristics in a given application domain. Second, we
will look into how to use an online process to learn the
hyper-sphere boundary of soft-SVDD in streaming environ-
ments.

ACKNOWLEDGMENTS

The authors would like to thank the anonymous review-
ers for their very useful comments and suggestions.
This work is supported in part by the US National
Science Foundation through grants IIS-0905215, CNS-
1115234, 1IS-0914934, DBI-0960443, and OISE-1129076,
US Department of Army through grant WO911NF-
12-1-0066, Google Mobile 2014 Program and KAU
grant, Natural Science Foundation of China (61070033,
61203280, 61202270), Guangdong Natural Science Funds
for Distinguished Young Scholar (52013050014133),
Natural Science Foundation of Guangdong province
(9251009001000005,  S2011040004187,  S2012040007078),
Specialized Research Fund for the Doctoral Program of
Higher Education (20124420120004), Scientific Research
Foundation for the Returned Overseas Chinese Scholars,
State Education Ministry, Overseas Outstanding Doctoral
Fund (405120095), Australian Research Council Discovery
Grant (DP1096218, DP130102691), and ARC Linkage Grant
(LP100200774, LP120100566).

REFERENCES

[1] V. Chandola, A. Banerjee, and V. Kumar, “Anomaly detection:
A survey,” ACM CSUR, vol. 41, no. 3, Article 15, 2009.

[2] V.]. Hodge and J. Austin, “A survey of outlier detection method-
ologies,” Artif. Intell. Rev., vol. 22, no. 3, pp. 85-126, 2004.

[3] D. M. Hawkins, Identification of Outliers. Chapman and Hall,
Springer, 1980.

[4] V. Chandola, A. Banerjee, and V. Kumar, “Anomaly detection
for discrete sequences: A survey,” IEEE Trans. Knowl. Data Eng.,
vol. 24, no. 5, pp. 823-839, May 2012.

[5] V. Barnett and T. Lewis, Outliers in Statistical Data. Chichester,
U.K.: Wiley, 1994.

[6] M. M. Breunig, H. P. Kriegel, R. T. Ng, and J. Sander,
“LOF: Identifying density-based local outliers,” in Proc. ACM
SIGMOD Int. Conf. Manage. Data, New York, NY, USA, 2000,
pp- 93-104.

[7] S. Y. Jiang and Q. B. An, “Clustering-based outlier detection
method,” in Proc. ICFSKD, Shandong, China, 2008, pp. 429-433.

[8] C. Liand W. H. Wong, “Model-based analysis of oligonucleotide
arrays: Expression index computation and outlier detection,” in
Proc. Natl. Acad. Sci. USA, 2001, pp. 31-36.

[9] D.M.]. Tax and R. P. W. Duin, “Support vector data description,”
Mach. Learn., vol. 54, no. 1, pp. 45-66, 2004.

[10] D. M. J. Tax, A. Ypma, and R. P. W. Duin, “Support vector data
description applied to machine vibration analysis,” in Proc. ASCI,
1999, pp. 398-405.

1615

[11] C. C. Aggarwal and P. S. Yu, “A survey of uncertain data algo-
rithms and applications,” IEEE Trans. Knowl. Data Eng., vol. 21,
no. 5, pp. 609-623, May 2009.

[12] L. Chen and C. Wang, “Continuous subgraph pattern search over
certain and uncertain graph streams,” IEEE Trans. Knowl. Data
Eng., vol. 22, no. 8, pp. 1093-1109, Aug. 2010.

[13] A. Boukerche, R. B. Machado, K. R. L Juca, J. B. M. Sobral, and
M. S. M. A. Notare, “An agent based and biological inspired
real-time intrusion detection and security model for computer
network operations,” Comput. Commun., vol. 30, no. 16, pp. 49-60,
2007.

[14] A. O. Tarakanov, “Immunocomputing for intelligent intrusion
detection,” IEEE Comput. Intell. Mag., vol. 3, no. 2, pp. 22-30, May
2008.

[15] Y. ]. Lee, Y. R. Yeh, and Y. C. E. Wang, “Anomaly detection via
online over-sampling principal component analysis,” IEEE Trans.
Knowl. Data Eng., vol. 25, no. 7, pp. 1460-1470, May 2012.

[16] E. Eskin, “Anomaly detection over noisy data using learned prob-
ability distributions,” in Proc. ICML, San Francisco, CA, USA,
2000, pp. 255-262.

[17] E Chen, C. T. Lu, and A. P. Boedihardjo, “GLS-SOD: A gener-
alized local statistical approach for spatial outlier detection,” in
Proc. ACM SIGKDD Int. Conf. KDD, New York, NY, USA, 2010,
pp. 1069-1078.

[18] S. Hido, Y. Tsuboi, H. Kashima, M. Sugiyama, and T. Kanamori,
“Statistical outlier detection using direct density ratio estimation,”
Knowl. Inform. Syst., vol. 26, no. 2, pp. 309-336, 2011.

[19] R. Smith, A. Bivens, M. Embrechts, C. Palagiri, and B. Szymanski,
“Clustering approaches for anomaly based intrusion detec-
tion,” in Proc. Intell. Eng. Syst. Artif. Neural Netw., 2002,
pp. 579-584.

[20] Y. Shi and L. Zhang, “COID: A cluster-outlier iterative detec-
tion approach to multi-dimensional data analysis,” Knowl. Inform.
Syst., vol. 28, no. 3, pp. 709-733, 2011.

[21] A. Ghoting, S. Parthasarathy, and M. E. Otey, “Fast mining of
distance-based outliers in high-dimensional datasets,” Data Min.
Knowl. Discov., vol. 16, no. 3, pp. 349-364, 2008.

[22] A. Ghoting, S. Parthasarathy, and M. Otey, “Fast mining of
distance-based outliers in high-dimensional datasets,” Data Min.
Knowl. Discov., vol. 16, no. 3, pp. 349-364, 2008.

[23] E Angiulli and FE Fassetti, “Dolphin: An efficient algorithm for
mining distance-based outliers in very large datasets,” ACM
Trans. Knowl. Discov. Data, vol. 3, no. 4, pp. 1-57, 2009.

[24] V. Niennattrakul, E. J. Keogh, and C. A. Ratanamahatana, “Data
editing techniques to allow the application of distance-based out-
lier detection to streams,” in Proc. IEEE ICDM, Sydney, NSW,
USA, 2010, pp. 947-952.

[25] K. Bhaduri, B. L. Matthews, and C. Giannella, “Algorithms for
speeding up distance-based outlier detection,” in Proc. ACM
SIGKDD Int. Conf. KDD, New York, NY, USA, 2011, pp. 859-867.

[26] E. M. Jordaan and G. E. Smits, “Robust outlier detection using
SVM regression,” in Proc. IJCNN, 2004, pp. 1098-1105.

[27] N. Abe, B. Zadrozny, and J. Langford, “Outlier detection by active
learning,” in Proc. ACM SIGKDD Int. Conf. KDD, New York, NY,
USA, 2006, pp. 504-509.

[28] I. Steinwart, D. Hush, and C. Scovel, “A classification framework
for anomaly detection,” |. Mach. Learn. Res., vol. 6, pp. 211-232,
Dec. 2005.

[29] J. Theller and D.M. Cai, “Resampling approach for anomaly
detection in multispectral images,” in Proc. SPIE, Orlando, FL,
USA, 2003, pp. 230-240.

[30] D. Tax and R. Duin, “Outlier detection using classifier instability,”
in Proc. Adv. Pattern Recognit., London, U.K., 1998, pp. 593-601,
LNCS.

[31] B. Liu, Y. Xiao, L. Cao, Z. Hao, and F. Deng, “Svdd-based outlier
detection on uncertain data,” Knowl. Inform. Syst., vol. 34, no. 3,
pp. 597-618, 2013.

[32] C. Elkan, “The foundations of cost-sensitive learning,” in Proc.
IJCAI, San Francisco, CA, USA, 2001, pp. 973-978.

[33] N. V. Chawla, N. Japkowicz, and A. Kotcz, “Editorial:
Special issue on learning from imbalanced data sets,” SIGKDD
Explorations, vol. 6, no. 1, pp. 1-6, 2004.

[34] M. V. Joshi and V. Kumar, “CREDOS: Classification using ripple
down structure (a case for rare classes),” in Proc. SIAM Conf. Data
Min., 2004.



1616

[35] P. Chan and S. Stolfo, “Toward scalable learning with non-
uniform class and cost distributions,” in Proc. ACM SIGKDD Int.
Conf. KDD, 1998, pp. 164-168.

[36] G. Nakhaeizadeh, U. Knoll, and B. Tausend, “Cost-sensitive
pruning of decision trees,” in Proc. ECML, Catania, Italy, 1994,
pp. 383-386.

[37] G. Fumera and F. Roli, “Cost-sensitive learning in support vector
machines,” in Proc. Workshop Mach. Learn. Meth. Appl., 2002.

[38] Y. Lin, Y. Lee, and G. Wahba, “Support vector machine for classi-
fication in nonstandard situations,” Mach. Learn., vol. 46, no. 1-3,
pp- 191-202, 2002.

[39] R. Akbani, S. Kwek, and N. Japkowicz, “Applying support vector
machines to imbalanced datasets,” in Proc. ECML, Pisa, Italy, 2004,
pp- 39-50.

[40] B.X. Wang and N. Japkowicz, “Boosting support vector machines
for imbalanced data sets,” Knowl. Inform. Syst., vol. 25, no. 1,
pp- 1-20, 2010.

[41] C. X. Ling, J. Huang, and H. Zhang, “AUC: A statistically con-
sistent and more discriminating measure than accuracy,” in Proc.
IJCAI, San Francisco, CA, USA, 2003, pp. 519-526.

[42] V. Vapnik, Statistical Learning Theory. London, U.K.: Springer-
Verlag, 1998.

[43] A. Lazarevic and V. Kumar, “Feature bagging for outlier detec-
tion,” in Proc. ACM SIGKDD Int. Conf. KDD, New York, NY, USA,
2005, pp. 157-166.

[44] M. Wu and ]. Ye, “A small sphere and large margin approach for

novelty detection using training data with outliers,” IEEE Trans.

Pattern Anal. Mach. Intell., vol. 31, no. 11, pp. 2088-2092, Nov.

2009.

UCI  Machine  Learning  Repository  [Online].

http:/ /archive.ics.uci.edu/ml/datasets.html

[46] D. M. J. Tax. Outlier Detection Datasets [Online]. Available:
http:/ /homepage.tudelft.nl/n9d04/occ/index.html

[47] Y. Batistakis, M. Halkidi, and M. Vazirgiannis, “Cluster validity
methods: Part i,” in Proc. ACM SIGMOD Rec., vol. 31. New York,
NY, USA, pp. 40-45, 2002.

[48] C. C. Aggarwal and P. S. Yu, “Outlier detection with uncertain
data,” in Proc. SIAM Conf. Data Min., 2008, pp. 483-493.

[49] T. Yang, M. Mahdavi, R. Jin, L. Zhang, and Y. Zhou, “Multiple
kernel learning from noisy labels by stochastic programming,” in
Proc. 29th ICML, Edinburgh, UK., 2012.

[50] W. Li and D. Yeung, “MILD: Multiple-instance learning via
disambiguation,” IEEE Trans. Knowl. Data Eng., vol. 22, no. 1,
pp- 76-89, Jan. 2010.

[45] Available:

Bo Liu is with the Guangdong University of
Technology, Guangzhou, China, and University
of lllinois at Chicago, Chicago, IL, USA. His cur-
rent research interests include machine learning
and data mining. He has published papers
in IEEE Transactions on Neural Networks,
IEEE Transactions on Knowledge and Data
Engineering, Knowledge and Information
Systems, IJCAI, ICDM, SDM, and CIKM.

IEEE TRANSACTIONS ON KNOWLEDGE AND DATA ENGINEERING, VOL. 26, NO. 7, JULY 2014

P i Yanshan Xiao is with the Department of
Computer Science, Guangdong University of
Technology, Guangzhou, China. Her current
research interests include multi-instance learn-
ing and data mining.

Philip S. Yu received the B.S. degree in electrical
engineering from National Taiwan University, the
M.S. and Ph.D. degrees in electrical engineering
from Stanford University, and the MBA degree
from New York University. He is a professor in
the Department of Computer Science, University
of lllinois, Chicago, IL, USA, and also holds the
Wexler Chair in Information and Technology. He
is a fellow of the ACM and the IEEE. His research
interests include data mining, Internet applica-
tions and technologies, database systems, mul-
timedia systems, parallel and distributed processing, and performance
modeling.

Zhifeng Hao is with the Faculty of Computer,
Guangdong University of  Technology,
Guangzhou, China. His current research
interests include design and analysis of algo-
rithm, mathematical modeling, and combinatorial
optimization.

Longbing Cao is a Professor with the Faculty
of Information Technology, University of
Technology, Sydney, NSW, Australia. His current
research interests include data mining, multi-
agent technology, and agent and data mining
integration.

3

-

> For more information on this or any other computing topic,
please visit our Digital Library at www.computer.org/publications/dlib.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Helvetica
    /Helvetica-Bold
    /HelveticaBolditalic-BoldOblique
    /Helvetica-BoldOblique
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /Times-Bold
    /Times-BoldItalic
    /Times-Italic
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryITCbyBT-MediumItal
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Recommended"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


