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Spatial outlier detection is a research hot spot in the field of spatial data mining. Because of the lack of specific
research on spatial point events, this study presents an adaptive approach for spatial point events outlier detec-
tion (SPEOD) using multilevel constrained Delaunay triangulation. First, the spatial proximity relationships be-
tween spatial point events are roughly captured by Delaunay triangulation. Then, three-level constraints are
described and used to refine spatial proximity relationships with the consideration of statistical characteristics.
Finally, those spatial point events connected by remaining edges are gathered to form a series of subgraphs.
Those subgraphs containing very few point events are regarded as spatial outliers. Experiments on both synthetic
and real-world spatial data sets are used to show that the proposed SPEOD algorithm can detect various types of
spatial point event outliers with high efficiency. Moreover, there is no need to input any parameter in SPEOD.

© 2016 Elsevier Ltd. All rights reserved.

1. Introduction

In recent years, spatial outlier detection has become an important
research branch in the field of spatial data mining (Tan, Steinbach, &
Kumar, 2006). The aim of spatial outlier detection is to discover those
small parts of spatial entities deviating from the global or local distribu-
tion in the massive spatial data sets. Correspondingly, spatial outliers
are also divided into global and local outliers. Spatial outliers may indi-
cate potential, unknown, and important knowledge rather than only
noise in many application domains, for example, geographic informa-
tion systems, environmental science, meteorology, social economics,
and urban traffic. Indeed, spatial outlier detection has been playing an
important role in abnormal climate event detection (Telang, Deepak,
& Joshi, 2014), abnormal distribution detection of crime and disease
events (Cheng & Adepejue, 2013; Janeja & Atluri, 2009), traffic conges-
tion identification (Pan, Zheng, Wilkie, & Shahabi, 2013), and so on.

The concept of outliers was proposed by Hawkins, who defined an
outlier as “an observation that deviates so much from other observa-
tions as to arouse suspicions that it was generated by a different mech-
anism” (Hawkins, 1980). This definition was expanded from the
application of traditional transaction data sets to spatial data sets
(Shekhar, Lu, & Zhang, 2001) and described as spatially referenced enti-
ties, whose nonspatial attributes are significantly different from those in
its spatial neighborhood. Spatial data sets can be divided into two cate-
gories: spatial point event data sets and spatial data sets with nonspatial
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attributes. The former contain only spatial location attributes (e.g., spa-
tial coordinates X and Y), while the latter have both spatial location at-
tributes and nonspatial thematic attributes (e.g., precipitation).
Existing spatial outlier detection methods were developed mainly for
detecting spatial outliers in the spatial data sets with nonspatial attri-
butes. However, there is still a lack of detection methods specially de-
signed for spatial point event data sets; in particular, for complicated
spatial point event data sets having arbitrary geometrical shapes and/
or different densities. Further, the applications on complicated spatial
point events bring new demands for spatial outlier detection methods.
Therefore, this study aims to develop spatial outlier detection methods
for complicated spatial point events.

The remaining of this study is organized as follows: In Section 2, re-
lated works are reviewed in detail and our strategy for detecting spatial
point event outliers is presented; and in Section 3, the SPEOD algorithm
is presented and fully described. Experiments on both simulated and
real-life data sets are described in Section 4. Finally, in Section 5, the in-
teresting findings are summarized and future research works are
highlighted.

2. Related works and our strategy for detecting spatial point event
outliers

2.1. Related works

Spatial outlier detection can be seen as an extension of traditional
outlier detection from transaction data sets to spatial data sets. This
study combines the idea of both traditional outlier detection and cur-
rent spatial outlier detection to detect outliers from spatial point events.


http://crossmark.crossref.org/dialog/?doi=10.1016/j.compenvurbsys.2016.06.001&domain=pdf
http://dx.doi.org/10.1016/j.compenvurbsys.2016.06.001
mailto:qiliang.liu@csu.edu.cn
http://dx.doi.org/10.1016/j.compenvurbsys.2016.06.001
http://www.sciencedirect.com/science/journal/
www.elsevier.com/locate/ceus

Y. Shi et al. / Computers, Environment and Urban Systems 59 (2016) 164-183 165

Therefore, these two types of outlier detection methods are successively
reviewed.

Traditional outlier detection methods can be classified into six types
as being based on statistics, distance, density, angle, depth, and cluster.
Initially, some scholars used statistical methods to detect outliers
(Barnett & Lewis, 1994). Because statistics-based methods require a
large amount of experimental data to determine the type of data distri-
bution, they lack in applicability. Distance-based methods identify those
entities far away from most of the other entities as outliers (Knorr & Ng,
1998; Ramaswamy, Rastogi, & Shim, 2000). These methods are more
suitable for the detection of global outliers. Density-based methods
use the local density of entities to detect outliers (Breunig, Kriegel, Ng,
& Sander, 2000). Density-based methods are better able to identify
both global and local outliers than distance-based methods. A series of
modified methods based on local outlier factors were then proposed
to discover outliers in data sets with uneven density (Chiu & Fu, 2003;
Jin, Tung, Han, & Wang, 2006). It is worth noting that all these methods
require a large amount of input parameters that unavoidably affect the
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Fig. 1. Types of spatial outliers. (a) Global spatial outliers; (b) local spatial outliers; and (c)
inner spatial outliers.

detection results. Angle-based methods use the angle formed by the en-
tity and its neighbors to measure the outlier degree of each entity
(Kriegel, Schubert, & Zimek, 2008). Depth-based methods assign each
entity a depth value by using a partition strategy and then organize
the data set into different layers (Johnson, Kwok, & Ng, 1998). Those en-
tities in the lower layer are identified as outliers. However, neither
angle-based nor depth-based methods can detect outliers with high ef-
ficiency and stability. Cluster-based methods define those isolated enti-
ties that do not belong to any clusters as outliers (Al-Zoubi, Al-Dahoud,
& Yahya, 2010; Han, Kamber, & Tung, 2001). With respect to this meth-
od, the detection results depend on the clustering technique involved.
In addition, an extensional research called “rare category detection”
aims to locate those rare classes in an unlabeled noisy set (Pelleg &
Moore, 2004). However, two characteristics of rare category detection
make it different from the outlier detection performed in this study
(Vatturi & Wong, 2009). On the one hand, the aim of rare category detec-
tion is to identify at least one representative sample that has the highest
probability of belonging to each rare class, rather than detecting all mem-
bers of each rare class. On the other hand, the identified samples under an
undiscovered class need to be labeled with the help of experts. Therefore,
this study is classified as outlier detection rather than rare class detection.
Most spatial outlier detection methods are developed based on the
previous definition of spatial outliers proposed by Shekhar (Shekhar
et al., 2001) and can be divided into six types as based on diagram
(Haslett, Brandley, Craig, Unwin, & Wills, 1991), distance (Chen, Lu,
Kou, & Chen, 2008; Shekhar, Lu, & Zhang, 2003), density (Chawla &
Sun, 2006), cluster (Birant & Kut, 2006; Cheng & Li, 2004; Telang et al.,
2014), graph (Liu, Lu, & Chen, 2010; Lu, 2011), and model (Cai, He, &
Man, 2013; Chen, Lu, & Boedihardjo, 2010). Existing spatial outlier de-
tection methods are designed to identify local differences of nonspatial
attribute in spatial neighborhoods; therefore, they are not suitable for
spatial point event data sets that have only spatial location attributes.
However, they can provide some important thoughts for the outlier de-
tection of spatial point events, for example, detection of local outliers.
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Fig. 2. Framework of detection spatial outliers in spatial point event data sets.
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