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Abstract. Outlier detection is an important and attractive problem
in knowledge discovery in large data sets. The majority of the recent
work in outlier detection follow the framework of Local Outlier Factor
(LOF), which is based on the density estimate theory. However, LOF
has two disadvantages that restrict its performance in outlier detection.
First, the local density estimate of LOF is not accurate enough to detect
outliers in the complex and large databases. Second, the performance of
LOF depends on the parameter k that determines the scale of the local
neighborhood. Our approach adopts the variable kernel density estimate
to address the first disadvantage and the weighted neighborhood density
estimate to improve the robustness to the variations of the parameter
k, while keeping the same framework with LOF. Besides, we propose a
novel kernel function named the Volcano kernel, which is more suitable
for outlier detection. Experiments on several synthetic and real data
sets demonstrate that our approach not only substantially increases the
detection performance, but also is relatively scalable in large data sets
in comparison to the state-of-the-art outlier detection methods.
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1 Introduction

Compared with the other knowledge discovery problems, outlier detection is ar-
guably more valuable and effective in finding rare events and exceptional cases
from the data in many applications such as stock market analysis, intrusion
detection, and medical diagnostics. In general, there are two definitions of the
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outlier detection: Regression outlier and Hawkins outlier. Regression outlier de-
fines that an outlier is an observation which does not match the predefined metric
model of the interesting data [I]. Hawkins outlier defines that an outlier is an
observation that deviates so much from other observations as to arouse suspicion
that this observation is generated by a different mechanism [2]. Compared with
Regression outlier detection, Hawkins outlier detection is more challenging work
because of the unknown generative mechanism of the normal data. In this paper,
we focus on the unsupervised methods for Hawkins outlier detection. In the rest
of this paper, outlier detection refers particularly to Hawkins outlier detection.

Over the past several decades, the research on outlier detection varies from
the global computation to the local analysis, and the descriptions of outliers vary
from the binary interpretations to probabilistic representations. Breunig et al.
propose a density estimation based Local Outlier Factor (LOF) [4]. This work is
so influential that there is a rich body of the literature on the local density-based
outlier detection. On the one hand, plenty of local density-based methods are
proposed to compute the outlier factors, such as the local correlation integral [5],
the connectivity-based outlier factor [§], the spatial local outlier measure [9], and
the local peculiarity factor [7]. On the other hand, many efforts are committed
to combining machine learning methods with LOF to accommodate the large
and high dimensional data [T0T4].

Although LOF is popular in use in the literature, there are two major dis-
advantages restricting its applications. First, since LOF is based on the local
density estimate theory, it is obvious that the more accurate the density esti-
mate, the better the detection performance. The local reach-ability density used
in LOF is the reciprocal of the average of reach-distances between the given
object and its neighbors. This density estimate is an extension of the nearest
neighbor density estimate, which is defined as
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Fig. 1. (a) Eruption lengths of 107 eruptions of Old Faithful geyser. (b) The density
of Old Faithful data based on the nearest neighbor density estimate, redrawn from [3].



