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Notation

Mathematical symbols

• R - a study region.

• P - a set of points within R.

• n - the number of points in P .

• ‖P‖ - the number of points in P .

• O(f(n)) - a function bounded from above by f(n).

• Ω(f(n)) - a function bounded from below by f(n).

• Θ(f(n)) - both O(f(n)) and Ω(f(n)).

• pi - the i -th point in P .

• Ci - the i -th cluster in P .

• mi - the mean of Ci.

• dis(pi, pj) - dissimilarity between pi and pj.

• SE - the squared-error criterion.

• |e| - the length of edge e.

• d(pi) - the number edges incident to point pi.

• E[d(pi)] - an expected value of d(pi).

• N(pi) - a set of edges incident to point pi.

• Local Mean(pi) - the mean length of edges incident to point pi.

• Local St Dev(pi) - the standard deviation of the lengths of edges in N(pi).
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• Mean St Dev(P) - the average of Local St Dev(pi) values for all pi in P .

• G - a graph with vertices and edges.

• m - a control value.

• l - a scaling factor.

• m×Mean St Dev(P ) - a tolerance value.

• ei,j - an edge connecting two points pi and pj.

• < - set or real numbers.

• <2 - bi-dimensional Euclidean space.

• <3 - three-dimensional Euclidean space.

• CC[pi] - the connected component of point pi in P .

• λ - intensity.

• L - a line segment defining an obstacle.

• s - the number of line segments that determine a set of obstacles.

• t - the total number of Delaunay edges removed from the Delaunay diagram.

• V D(P ) - the Voronoi diagram of P in the Euclidean metric.

• DT (P ) - the Delaunay triangulation of P in the Euclidean metric.

• DD(P ) - the Delaunay diagram of P in the Euclidean metric.

• Lp - the p-th Minkowski metric.

• L1 - the Manhattan metric.

• L2 - the Euclidean metric.

• L∞ - the Dominance metric.
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• V DLp(P ) - the Voronoi diagram of P in the p-th Minkowski metric.

• DDLp(P ) - the Delaunay diagram of P in the p-th Minkowski metric.

• GG(P ) - the Gabriel graph of P .

• RNG(P ) - the relative neighborhood graph of P .

• GT (P ) - the greedy triangulation of P .

• MST (P ) - the Minimum Spanning Tree of P .

• d−DG(P ) - the d-distance neighbor graph of P .

• k −NN(P ) - the k-nearest neighbor graph of P .

• k − UNN(P ) - the undirected k-nearest neighbor graph of P .

• k − CSG(P ) - the k-cone spanner graph of P .

• k − UCSG(P ) - the undirected k-cone spanner graph of P .

• CH(P ) - the convex hull of P .

• X - the antecedent in an association rule.

• Y - the consequent in an association rule.

• M - the number of rows in a table.

• N - the number of columns in a table.

• CwC - Confidence with Clusters.

• SwC - Support with Clusters.

Acronyms

• BSM - Boundary Shape Matching.
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• CDA - Confirmatory Data Analysis.

• CF - Clustering Feature.

• CF-Tree - Clustering Feature Tree.

• CGAL - Computational Geometry Algorithms Library.

• CSAR - Clustered Spatial Association Rule.

• CSR - Complete Spatial Randomness.

• EDA - Exploratory Data Analysis.

• EM - Expectation Maximization.

• FBI - Federal Bureau of Investigation.

• GDM - Geographical Data Mining.

• GIS - Geographic Information Systems.

• GITA - Geo-spatial Information & Technology Association.

• GPS - Global Positioning System.

• KDD - Knowledge Discovery in Databases.

• LBS - Location-Based Service.

• LEDA - Library of Efficient Data Types and Algorithms.

• MAUP - Modifiable Areal Unit Problem.

• NCGIA - National Center for Geographic Information and Analysis.

• NRMA - National Roads and Motorists’ Association.

• PDAs - Personal Digital Assistants.

• SDMS - Spatial Database Management Systems.
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• UML - Unified Modeling Language.

• VDA - Visual Data Analysis.
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Abstract

With the growth of geo-referenced data and the sophistication and complexity of

spatial databases, data mining and knowledge discovery techniques become essential

tools for successful analysis of large spatial datasets. Spatial clustering is funda-

mental and central to geographical data mining. It partitions a dataset into smaller

homogeneous groups due to spatial proximity. Resulting groups represent geographi-

cally interesting patterns of concentrations for which further investigations should be

undertaken to find possible causal factors.

In this thesis, we propose a spatial-dominant generalization approach that mines mul-

tivariate causal associations among geographical data layers using clustering analysis.

First, we propose a generic framework of multi-purpose exploratory spatial clustering

in the form of the Template-Method Pattern. Based on an object-oriented framework,

we design and implement an automatic multi-purpose exploratory spatial clustering

tool. The first instance of this framework uses the Delaunay diagram as an underlying

proximity graph. Our spatial clustering incorporates the peculiar characteristics of

spatial data that make space special. Thus, our method is able to identify high-quality

spatial clusters including clusters of arbitrary shapes, clusters of heterogeneous densi-

ties, clusters of different sizes, closely located high-density clusters, clusters connected

by multiple chains, sparse clusters near to high-density clusters and clusters contain-

ing clusters within O(n log n) time. It derives values for parameters from data and

thus maximizes user-friendliness. Therefore, our approach minimizes user-oriented

bias and constraints that hinder exploratory data analysis and geographical data

mining.

Sheer volume of spatial data stored in spatial databases is not the only concern. The

heterogeneity of datasets is a common issue in data-rich environments, but left open

by exploratory tools. Our spatial clustering extends to the Minkowski metric in the

absence or presence of obstacles to deal with situations where interactions between

spatial objects are not adequately modeled by the Euclidean distance. The genericity
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is such that our clustering methodology extends to various spatial proximity graphs

beyond the default Delaunay diagram. We also investigate an extension of our cluster-

ing to higher-dimensional datasets that robustly identify higher-dimensional clusters

within O(n log n) time. The versatility of our clustering is further illustrated with its

deployment to multi-level clustering. We develop a multi-level clustering method that

reveals hierarchical structures hidden in complex datasets within O(n log n) time. We

also introduce weighted dendrograms to effectively visualize the cluster hierarchies.

Interpretability and usability of clustering results are of great importance. We pro-

pose an automatic pattern spotter that reveals high level description of clusters. We

develop an effective and efficient cluster polygonization process towards mining causal

associations. It automatically approximates shapes of clusters and robustly reveals

asymmetric causal associations among data layers. Since it does not require domain-

specific concept hierarchies, its applicability is enhanced.
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Chapter 1

Introduction

This chapter presents the need for data mining, especially in geo-referenced data-

sets, and summarizes the motivation behind this thesis. Then, it summarizes its

contributions and outlines its contents.

1.1 Geographical data mining

Data collection had long been one of the most expensive procedures in Geographic

Information Systems (GIS) [20]. Now, this data gathering process has become more

accurate, faster, easier and cheaper due to the advances in data acquiring technologies

such as Global Positioning System (GPS), digital remote sensing, aerial photography,

automatic or semi-automatic scanners and bar-code readers. Thus, GIS has shifted

from a data-poor and computation-poor to a data-rich and computation-rich envi-

ronment [102, 103]. The immensity of digital spatial data stored in GIS or Spatial

Database Management Systems (SDMS) turns spatial analysis into a complex task

that far exceeds the capability of human analysis. This large volume of spatial data

greatly demands intelligent, efficient and effective automatic or semi-automatic pat-

tern spotters that suggest highly likely plausible hypotheses.
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In such data-rich environments, conventional statistical analysis is neither suitable

nor applicable [81, 102, 103, 125]. In data-poor environments, the hypothesis space

is relatively small and limited. Thus, comprehensive search for possible hypotheses

is computationally feasible. That is, emphasis is on evaluating suggested hypotheses.

Traditionally, generating hypotheses is based on visual analysis and classical statis-

tical analysis guided by the experts’ background knowledge and experience. This

guided analysis generates hypotheses near expected patterns. Therefore, this ap-

proach is unable to suggest totally unexpected patterns since it is not data-driven.

As the volume of digital data grows explosively, the hypothesis space becomes huge,

and thus the number of possible patterns is very large. Some patterns may lie beyond

the experts’ imagination. In data-rich environments, the emphasis must be placed

on generating highly likely plausible hypotheses rather than evaluating them. Data

mining is a suitable technology that summarizes massive volumes of data and sug-

gests a reduced number of valuable patterns. Data mining re-examines the process of

scientific formulation of knowledge [123]. The generic cycle of hypothesis formulation,

experimental design, data collection and hypothesis refutation finds alternative paths,

since much of the data is collected without a preconceived hypothesis [111, 123].

Although data mining is sometimes regarded as a synonym for Knowledge Discovery

in Databases (KDD), we adhere here to well-established definitions:

“KDD is the non-trivial process of identifying valid, novel, potentially
useful, and ultimately understandable patterns in data” [48].

KDD is a series of processes involving several interactive and iterative steps that

may require quantitative inference and suggest unexpected patterns. The discovered

unseen patterns are beneficial, understandable and applicable to new datasets with

some degree of certainty. The KDD process consists of three main steps: pre-mining,

data mining and post-mining. Pre-mining selects a subset of data to mine, cleans

this subset by removing redundancy and incomplete data, and transforms it to a

suitable format for the algorithms at hand. Data mining is the core step in KDD.
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The application of pattern location algorithms is an exploratory technology that

suggests highly likely plausible hypotheses as opposed to a confirmatory technology

that evaluates hypotheses. Post-mining interprets and evaluates discovered patterns,

possibly performing some validation. Thus, data mining enlarges the possibilities and

complements Visual Data Analysis (VDA) and Exploratory Data Analysis (EDA)

while post-mining corresponds to Confirmatory Data Analysis (CDA) in traditional

interactive and iterative data analysis [10].

Geographical Data Mining (GDM) is data mining applied to geo-referenced data-sets.

GDM is also often referred as spatial data mining in the data mining community [82,

125]. Spatial data mining is broader than GDM in the sense that ‘spatial’ is broader

than ‘geographical’. The space in spatial data mining is a metric space, but the space

in GDM is a metric and geographical space. Thus, GDM must consider the peculiar

nature of geoinformation, but this is not always the case in spatial data mining. In

particular, this thesis focuses on GDM that deals with geo-referenced datasets. In

this thesis, unless otherwise noted, ‘spatial’ will correspond with ‘geographical’ and

‘geo-spatial’.

Openshaw [113] defines GDM as follows:

“GDM is a special type of data mining that seeks to perform similar
generic functions as conventional data mining tools, but modified to take
into account the special features of geoinformation, the rather different
styles and needs of analysis and modeling relevant to the world of GIS,
and peculiar nature of geographical explanation.”

This definition emphasizes the importance and uniqueness of geographical space.

GDM must consider the peculiar characteristics of geoinformation that make space

special in order to detect geographically interesting patterns that are either descrip-

tive or predictive [61].

GDM techniques (see [122] for an updated bibliography of temporal, spatial, and

spatio-temporal data mining research) can be classified according to tasks and meth-
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ods as follows [47, 48, 61, 97, 103]:

• Spatial clustering: identifying a set of spatial aggregations with similar charac-

teristics that summarize and describe the data (descriptive pattern);

• Spatial characterization: generalizing the data to find compact descriptions

(descriptive pattern);

• Spatial deviation detection: finding outliers that deviate from spatial aggrega-

tions (descriptive pattern);

• Spatial classification: assigning data to one of a set of predefined classes (pre-

dictive pattern);

• Spatial trend detection: detecting changes and trends along a spatial dimension

(predictive pattern);

• Spatial association: finding interesting dependencies among attributes (predic-

tive pattern).

The first three are descriptive pattern mining tools that summarize and characterize

the data, while the last three are predictive pattern mining tools that draw inferences

from the data for predictions.

GDM, as a quantitative study of geo-referenced phenomena, explicitly focuses on the

spatial extent, including location, distance, interaction and spatial arrangement [7,

10]. Thus, spatial-dominant generalization, where identifying spatial clusters is a

fundamental and core operation, is more important than aspatial-dominant general-

ization [81, 82, 125]. In spatial-dominant generalization, clustering works as a summa-

rization or generalization operation on the spatial component of the data. Later, an

agent (computer or human) can explore associations between layers (themes or cover-

ages) [39, 44, 80, 130, 133, 137]. In fact, other layers are explored to attempt to find

associations that may explain the concentrations found by the clustering algorithm.

This is illustrated in Figure 1-1.
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(a) (b) (c)

Figure 1-1: Generic schema for spatial-dominant generalization; (a) Selecting

a target layer; (b) Clustering the target layer; (c) Searching for high level de-

scription.

Since clustering is used in this approach to extract point patterns in one layer towards

association analysis between layers, clustering results must be of high-quality. Oth-

erwise, spatial associations between layers are undetected. Thus, spatial clustering is

of particular importance in spatial-dominant generalization.

This thesis investigates fast and robust spatial-dominant generalization that is based

on spatial clustering and spatial association analysis. Spatial clusters are spatial con-

centrations or aggregations. We investigate other geographical layers to find possible

causal factors by association mining analysis. In this thesis, spatial clustering focuses

on point data, but spatial association deals with point, line and area data.

1.2 Motivation

There are many indicators of the exponential growth of spatial databases associated

with GIS. GIS represents today one of the more mature solutions in the enterprise

arena. For the most part, customer satisfaction is at an all-time high. The Geo-spatial

Information & Technology Association (GITA) publishes an annual study (the geo-

spatial technology report) that with respect to 1998 seems to confirm this claim. The

report surveys organizations that use geo-spatial technology and tracks its status. The
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evidence is that customers and applications for GIS continue to grow. Moreover, GIS

technology has been strengthening its roles in the private sector. While the original

niche for GIS was in local and federal government, science, and resource management,

now GIS is commercially recognized as a powerful business tool for decision making.

This comes down to all aspects of government and private enterprise having to manage

information that is associated with a geographical location.

Robertson [121] indicates that interactive field-based GIS and Internet mapping ap-

plications will continue to enhance the availability of GIS applications, and they will

continue to expose the technology to common users. According to Robertson’s fig-

ures the global GIS market is expected to expand from $3.2 billion (USD) in 1997 to

more than $5.5 billion in 2002, with an additional $1.5 billion attributed to the high-

resolution remote sensing industry, of which aerial imagery is the largest contributor.

McKee [100] points out how geo-spatial information on the WEB is getting bigger and

easier to obtain and mentions the expansion and need for data mining based analysis.

Even late in 2001, after the so called “slow-down”, reports [146] indicate that GIS and

geo-technologies are still growing, and that they will serve as a strategic advantage to

core markets. These views indicate that many companies that serve specific vertical

markets view GIS as a means to broaden their influence and increase their ability to

add value to their customers.

This can only fuel more data collection, and more pressure for efficient and effective

data analysis. GIS is called to complement traditional roles of data mining in cus-

tomer relationship management like customer satisfaction, targeted marketing, and

customer retention [68]. This relationship to customers and the geographical world

is going to be examined by the emerging Location-Based Service (LBS) market. LBS

technology aims to provide specific, targeted information to users, based on each spe-

cific user’s location at any time. While this technology creates an environment in

which spatial information can be delivered to consumers via digital devices such as

lap-tops, palm-tops, Personal Digital Assistants (PDAs) or cell phones, it can produce

even more geo-referenced data.
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Some infrastructures initiatives reflect the growing availability of geo-referenced data

in electro-magnetic media. Many involve major collective efforts in many of the

traditional areas of GIS, but incorporating even richer data environments. An exam-

ple is the integration of spatial infrastructure initiatives that have been progressing

for a few years at the state or regional level (see for example, the Georgia spatial

data infrastructure [http://www.gis.state.ga.us/] or the Queensland spatial infras-

tructure [http://www.qsiis.qld.gov.au]), at the national level (see for example, the

survey of national and regional spatial data infrastructure activities around the globe

[http://www.spatial.maine.edu/∼onsrud/GSDI.htm] and at the international level

(see for example, projects by European umbrella organizations for geographic infor-

mation [http://www.eurogi.org/]).

This explosive growth in data cannot be matched by the current capabilities for

analysis available in GIS technology. That is, the advances in our technology for

collecting, managing and communicating geo-referenced data far exceed the techno-

logical capability to analyze it. This abundance of data without adequate analysis

tools has already been identified as the constructor of “data-rich but information-poor

environments”. These environments are moving to the spatial databases associated

with GIS. The motivation of this thesis is to alleviate this trend by enhancing the

exploratory analysis capabilities of GIS.

1.3 Contributions

The core objective of this thesis is to develop an effective and efficient paradigm for

GDM, emphasizing the exploratory nature of KDD while incorporating the special

characteristics of spatial data. To this end, we assume a rich environment of point

data layers and line and area layers in which it is important to minimize the need

for user-supplied arguments, but the system is capable of automatically producing

a descriptive and meaningful set of patterns. We describe the patterns as spatial

clusters, but we also provide an approach to obtain indicative descriptions for the
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patterns as hierarchies of clusters and as spatial associations between layers.

Therefore, this thesis provides several advances:

1. An analysis of the modeling alternatives available for representing spatial prox-

imity on point data. We postulate the Delaunay diagram as a concise repre-

sentation of proximity and neighborhood information that encodes all neces-

sary locality information. The Delaunay diagram data structure is manageable

for large datasets because it can be computed efficiently and it requires linear

storage and logarithmic time for updates. The argument-free nature of De-

launay diagrams not only fosters the postulate of “letting the data speak by

themselves” [112], but suits data-rich environments where tuning arguments is

computationally expensive and undesirable.

2. The design of a general clustering criterion based on proximity graphs whose

computational time requirements are linear on the size of the underlying prox-

imity graph. The clustering criterion is argument-free but can be turned into

an exploratory tool with user interaction to explore the fragility and rigidity of

clusters.

3. The design and implementation of a clustering algorithm that uses the cluster-

ing criterion to obtain clusters in complex scenarios that include non-convex

clusters, clusters in the presence of noise, clusters of different sizes, clusters

of arbitrary shapes, clusters of heterogeneous densities, clusters connected by

multiple linear links, sparse clusters near to high-density clusters and closely

located high-density clusters.

4. The incorporation of the peculiar characteristics of spatial data to clustering.

The proposed clustering algorithm uniquely captures spatial dependence and

considers spatial heterogeneity. That is, it treats each point as equally im-

portant and combines relative proximity and absolute proximity to measure

similarity between points. It efficiently combines local interactions and global

interactions to automatically detect globally significant spatial concentrations.
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Thus, this approach is able to report geographically interesting clusters that

traditional algorithms fail to identify.

5. Extensions of the clustering algorithm to Minkowski metrics (the Euclidean, the

Manhattan and the Dominance) in the presence of obstacles for two- or three-

dimensional datasets. The extensions not only allow for the efficient computa-

tion of clustering in various spatial contexts, but facilitate “what-if” analysis.

6. The design of the clustering criterion and the clustering algorithm using the

Template-Method Pattern. This allows extensions of the clustering algorithm

to other contexts.

7. The incorporation of the clustering algorithm as a divisive hierarchical (multi-

level) clustering algorithm for the development of cluster hierarchies and the

introduction of weighted dendrograms to effectively visualize the cluster hierar-

chies.

8. The design and implementation of a cluster polygonization algorithm. It does

not demand costly parameter-tuning but automatically approximates shapes

of clusters. Cluster polygonization enhances the readability and usability of

clusters.

9. The development of algorithms for the derivation of spatial association rules

towards the exploratory description and characterization of spatial clusters.

1.4 Outline of the thesis

The remainder of this thesis is organized as follows.

Chapter 2 presents background material on clustering. This chapter surveys well-

known families of clustering methods and discusses their advantages and disadvan-

tages for GDM. The clustering algorithms reviewed are those common amongst the

data mining community and the GIS community.
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Chapter 3 presents detailed motivation for the development of multi-purpose ex-

ploratory spatial clustering. This chapter discusses special characteristics of geoin-

formation that spatial clustering must consider to identify geographically interesting

patterns of concentrations. Then, it explains the problems caused by ignoring the

special characteristics, with examples, and illustrates the drawbacks in traditional

clustering approaches with those examples. This chapter also presents a framework

for our multi-purpose exploratory boundary-based spatial clustering.

Chapter 4 presents the detailed working principle of our multi-purpose exploratory

boundary-based spatial clustering. It discusses modeling issues of point data and

demonstrates that the Delaunay diagram robustly and unambiguously models spa-

tial adjacency of point data. Then, this chapter presents and explains the detailed

algorithmic procedure of our clustering method on how to quantify the Delaunay di-

agram and how to discriminate inter-cluster edges from intra-cluster edges from the

proximity graph. Experimental results are also presented to confirm the effectiveness

(quality of clustering) and efficiency (time requirements suitable for GDM) of our

clustering.

Chapter 5 extends our clustering to various structural models defining different spatial

proximity information. It first examines our clustering when the structural model is

obstructed by the presence of obstacles. In this chapter, we introduce four generic ap-

proaches to effectively and efficiently process obstacles for clustering. Next, this chap-

ter investigates the extension of our clustering when the structural model is affected

by the metric used. In particular, it examines several instances of the Minkowski

metric. Finally, this chapter investigates the flexibility of our clustering to various

well-known proximity graphs. These extensions make our exploratory clustering suit-

able for “what-if” analysis and allow the user to quickly explore clustering in different

structural models.

Chapter 6 discusses the extension of our approach to three and even higher dimen-

sions based on the discussion made in Chapter 5. The extension is based on the higher

dimensional Delaunay diagram and the undirected k-nearest neighbor graph. This
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chapter demonstrates that our clustering with the higher dimensional Delaunay dia-

gram consistently produces quality clustering in higher dimensions but its efficiency

decreases as dimensions become higher. This chapter also shows that clustering with

the undirected k-nearest neighbor graph produces similar quality of clustering but

CPU requirements remain subquadratic for higher dimensions. The performance is

evaluated analytically and experimentally.

Chapter 7 extends the proposed clustering method to hierarchical clustering that

recursively decomposes and reveals multi-level cluster hierarchies within subquadratic

time. In order to effectively visualize the cluster hierarchy, a new tree diagram is

introduced. The diagram includes weights and thus significantly reduces dendrogram

size and enhances readability and usability.

Chapter 8 describes a post-clustering method that automatically mines multivariate

associations among layers. In this chapter, we introduce a cluster polygonization

algorithm that extracts shapes of clusters and transforms clusters (points) to regions

(areas). Then, we present multivariate association mining algorithms based on the

cluster polygonization that do not require concept hierarchies nor domain-specific

knowledge.

Chapter 9 concludes this thesis with a brief summary, discussions of implementation

issues and future work.
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Chapter 2

Related Work

Clustering is a series of processes grouping a set of point data, P = {p1, p2, . . . , pn} in

some study region R, into smaller homogeneous clusters with similar characteristics

so that inter-cluster similarity is minimized and intra-cluster similarity is maximized.

Numerous clustering approaches have been suggested within the data mining, spatial

databases, image processing, statistics and GIS communities. Different clustering

methods have been shown to offer different capabilities, different domains of appli-

cability and different computational requirements. Clearly, no particular clustering

method has been shown to be superior to all its competitors in all aspects.

This chapter surveys families of clustering techniques and reviews well-known clus-

tering methods proposed to efficiently handle large databases in the data mining

community and the GIS community. This chapter outlines their working principles

and discusses their pros and cons for the purpose of GDM.
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2.1 Local clustering vs. global clustering

Clustering determines to which cluster each point in P belongs. That is, it is a

determination process of the membership of each point in P to a cluster. If the

local neighborhood of a point is the only factor affecting the membership of the

point, the determination process is a local clustering approach. Otherwise, it is a

global clustering approach. That is, the distribution of P affects the membership

of each point in global clustering methods while the distribution of local neighbors

is the primary factor in local clustering methods. In local clustering methods, the

membership of a point is invariable unless changes occur in the neighborhood of the

point. However, in global clustering methods, the membership must be reassessed

when changes occur in R. Thus, for incremental clustering, global clustering methods

typically require at least linear time unless they use a sophisticated indexing (hashing)

method. On the other hand, local clustering methods work well for incremental

clustering since they only need to check the limited local neighborhood of where a

change occurs. Thus, they are fast for incremental clustering, which is attractive in

data-rich environments where total reclustering is extremely expensive. As a result

of this, several incremental clustering approaches [125, 142] are proposed based on

local clustering methods.

However, the use of local information in local clustering approaches brings about

several drawbacks for GDM. The use of only local information contradicts Tobler’s

proposition now recognized as the ‘First Law of Geography’ [93] stating “everything is

related to everything else, but near things are more related than distant things” [135].

Thus, local clustering methods may miss spatial concentrations that convey poten-

tially important spatial meaning. Special care is required when they are used for

spatial data. Second, local clustering methods are not able to automatically report

globally significant concentrations in the context of R since they only consider lo-

cal information. Third, although they are fast for incremental clustering, resulting

clusters may be non-informative after some updates. This is because the updates

can substantially change the distribution of P , thus resulting clusters do not prop-
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erly represent concentrations in the new distribution of P after the updates. When

this happens, local clustering approaches need to tune parameters to find informative

clusters in the new distribution. However, this tuning is also laborious and expensive

in data-rich environments.

Figure 2-1 illustrates the difference between local clustering and global clustering.

Figure 2-1(a) depicts a dataset before updates while Figure 2-1(b) displays it after

adding 8 new points. The shaded area in Figure 2-1(a) indicates the local neighbor-

hood of p1. Note that, there exist many ways of defining local neighborhoods. This

will be further discussed in Section 5.3. In this case, we use 4-nearest neighboring.

In local clustering methods, changes in this neighborhood of p1 only affect the mem-

bership of p1. For instance, addition or deletion of any point in the shaded region

in Figure 2-1(a) will affect the membership of p1. Since the updates occur outside

of the region as shown in Figure 2-1(b), the membership of p1 is invariable. Thus, if

points (p1,p2,p3,p4 and p5) belong to the same cluster before the updates, they will

belong to the same cluster after the updates. However, in the new distribution of P ,

the five points do not seem to have the same membership. There are four new spatial

aggregations represented in different tones of greys in Figure 2-1(b). Local clustering

methods require parameter-tuning to detect these newly aggregated clusters. On the

other hand, global clustering methods do not necessitate parameter-tuning since they

account for the distribution of P after each update.

(a) (b)

Figure 2-1: Local clustering and global clustering: (a) Before updates (‖P‖ =

10); (b) After updates (‖P‖ = 18).
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2.2 Dynamic model clustering vs. static model

clustering

To measure the similarity (equivalently dissimilarity) between two groups is an impor-

tant process for clustering. Based on the similarity, clustering assigns similar groups

to the same cluster and allocates dissimilar groups to distinct clusters. In dynamic

model clustering methods, the similarity measure is based on a dynamic model that

varies with points. The similarity of two points is measured in relation to the neigh-

borhoods of the two. That is, the absolute similarity between the two is normalized

in proportional to the neighborhoods. On the other hand, an absolute model is used

in static model clustering. The absolute model is globally invariable.

One simple example of static model clustering is to remove edges in graph-based

clustering that are greater than a given global threshold. Thus, edges only shorter

than or equal to the global threshold represent intra-cluster interactions. Here, all

intra-cluster edges must be shorter than any inter-cluster edge. If the absolute cut-

off value varies with points, then the clustering approach becomes a dynamic model

clustering method. In this case, intra-cluster edges are not necessarily shorter than

inter-cluster edges. Some intra-cluster edges may be longer than inter-cluster edges.

One major drawback of static model clustering is that it fails to find relatively low

peaks, but seeks only global high peaks. Thus, it is not suitable to applications

where low peaks are also of importance. Other problems will be further discussed in

Section 3.1.

2.3 Fuzzy clustering vs. crisp clustering

Fuzzy clustering [72] (sometimes called non-crisp clustering) [45, 69] allocates each

point to multiple clusters with degrees of membership while crisp clustering [23]

(sometimes called hard clustering [72]) assigns each point in P to a single cluster.
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That is, in fuzzy clustering, clusters are not mutually exclusive, but overlap. Fig-

ure 2-2 explains this. Two crisp clusters H1 (p1,p2 and p3) and H2 (p4,p5 and p6)

denoted by rectangles are mutually exclusive. On the other hand, two fuzzy clusters

F1 and F2 denoted by ellipses overlap.

Figure 2-2: Fuzzy clustering and crisp clustering (‖P‖ = 6).

Fuzzy clustering is especially useful when there is no clear boundary between clusters.

Typically, degrees of membership are real values from zero to one. The main strength

of fuzzy clustering is in its convertibility to crisp clustering. It is easily converted to

crisp clustering by assigning each point to the cluster exhibiting the greatest degree

of membership. The most well-known approach is the fuzzy c-means algorithm [17].

Logically, the algorithmic procedure is the same as k-means clustering except it needs

to compute the n × k membership matrix and uses degrees of membership to com-

pute new centroids (means). The membership matrix plays a great role in clustering

results. Thus, to define the membership matrix is an important issue in fuzzy clus-

tering [72].

2.4 Hierarchical clustering vs. partitioning clus-

tering

A categorization of various clustering methods into hierarchical clustering and par-

titioning clustering is a well-known distinction [33, 71, 72]. Hierarchical cluster-
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ing [36, 58, 59, 76, 141, 142, 151] creates a nested decomposition of P (thus, it is called

multi-level clustering) while partitioning clustering [19, 22, 26, 31, 33, 35, 75, 108, 111]

produces only one partition of P (thus, it is called single-level clustering).

2.4.1 Hierarchical clustering

In hierarchical clustering, the nested decomposition is represented by a tree diagram

(dendrogram) that can either be top-down (divisive) or bottom-up (agglomerative).

The top-down approach starts with P in a single cluster representing the root in

a dendrogram and it is successively partitioned into subclusters until a termination

condition is met. The bottom-up approach is logically the opposite of the top-down

approach. In the bottom-up approach, each point in P constitutes a distinct cluster

at the beginning. The agglomerative approach successively merges points until all

points in P belongs to the same cluster. The merge is based on some similarity

measures. Five widely used similarity measures are single-linkage, complete-linkage,

average-linkage, mean-linkage and Ward’s method. These are defined as follows where

Ci, Cj and Ck are clusters of P , Ck is the union of Ci and Cj, p and p′ are points in

P , ni is the number of points in Ci, and mi is the mean of Ci.

• Single-linkage: Ssing(Ci, Cj) = minp∈Ci,p′∈Cj
{dis(p, p′)}.

• Complete-linkage: Scomp(Ci, Cj) = maxp∈Ci,p′∈Cj
{dis(p, p′)}.

• Average-linkage: Saveg(Ci, Cj) = 1
ninj

∑
p∈Ci

∑
p′∈Cj

{dis(p, p′)}.

• Mean-linkage: Smean(Ci, Cj) = dis(mi,mj).

• Ward’s method: Sward(Ci, Cj) =
∑

p∈Ck=Ci∪Cj
dis(p,mk)

2− (
∑

p∈Ck
dis(p,mk))

2.

The most popular dissimilarity measure for dis is the Euclidean distance. Namely,

the closer the points in space, the more similar the points. The single-linkage ap-

proach [131] merges clusters that contain the closet pair of points. Thus, it is robust
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to non-globular clusters. However, resulting clusters tend to be long and elongated.

That is, clusters connected by narrow linear links are merged into the same cluster.

This is the major drawback of this approach. The complete-linkage approach merges

clusters that have the closet farthest pair of points. Thus, this approach tends to

find relatively compact and globular clusters. Note that, the merge in the single-

linkage and the complete-linkage approaches is solely based on only the two extreme

pairs. The average-linkage approach attempts to incorporate more information to

the merge. This approach computes the average of dissimilarities between clusters.

Here, every point within a cluster is equally important. Thus, this approach is ex-

tremely sensitive to noise points and outliers. The mean-linkage approach is a hybrid

of the extreme value approaches (the single-linkage and the complete-linkage) and the

average-linkage approach. The mean-linkage approach considers all points in a cluster

when it computes the mean, but uses only the mean for the merge. Since means are

the representatives of clusters, resulting clusters tend to be globular, large clusters

tend to be broken into meaningless groups and parts belonging to close neighboring

clusters tend to be merged. The Ward’s method optimizes the within-groups sum of

squares. This method merges the two clusters resulting in the smallest increase in the

within-groups sum of squares. Thus, this approach tends to partition P into globular

clusters with similar sizes.

One advantage of hierarchical clustering is that it does not necessitate the number of

clusters as an input argument. It allows the user to choose the best decomposition

of P from the dendrogram. However, where to stop partitioning or merging must be

specified instead. This termination condition is not easy to determine. Another draw-

back of this approach is that it is rigid in the merge or split process [61]. This rigidity

may cause erroneous clustering when the merge or split process is not optimal. The

computational inefficiency of this clustering is another drawback. Algorithms of this

type may easily require of O(n2) [107] time, since they typically need O(n) merging

or splitting operations where the decision on what to split or merge is proportional to

the current number of parts. In addition, dendograms become very large with large

datasets and their expert interpretation becomes extremely complex and challenging.
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Now, we discuss the details of several clustering methods.

BIRCH

BIRCH [151] is a hierarchical clustering method that uses compact summary statistics

instead of large datasets themselves to improve efficiency. Two underlying compo-

nents are the Clustering Feature (CF) and the Cluster Feature Tree (CF-Tree). A

CF = (n,
−→
LS, SS) is a triplet summarizing the information about a cluster. In this

triplet, n is the number of points in the cluster,
−→
LS is the linear sum of the n points

and SS is the square sum of the n points. BIRCH first scans a dataset and incre-

mentally builds an initial CF-Tree. The CF-Tree is a height-balanced tree requiring

two parameters. These are a branching factor B and a threshold TH. The branching

factor defines the maximum number of entries in non-leaf nodes. Figure 2-3 depicts

a CF-tree structure where b denotes the bottom level in the tree and L denotes the

maximum number of entries in leaf nodes. In this tree structure, each non-leaf node

has exactly B entries and each leaf node has at most L entries. Here, all entries in

leaf nodes must satisfy the threshold TH. That is, the radius of each entry in a leaf

node must be less than TH. These two parameters influence the size of CF-tree and

thus the effectiveness of clustering.

Figure 2-3: BIRCH’s tree structure.

When an entry is inserted into the CF-tree, BIRCH recursively descends from the

root level to the bottom level by selecting the closest child node at each level. When

it reaches to a leaf node at the bottom level, it searches for the closest leaf entry. If the

closest leaf entry can absorb the new entry without violating the threshold condition

then the CF of this entry is updated and those of its parents are subsequently updated.
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If the closet leaf entry can absorb the new entry, then the new entry will be added

to the leaf. If the size of the leaf node after insertion exceeds L, then the node is

split. Once a complete CF-tree is constructed, then BIRCH groups leaf nodes to find

clusters.

In BIRCH, the use of compact summary statistics may degrade the quality of clus-

tering. Also, not every point is treated equally. In addition, BIRCH favors globular

clusters since it uses the radius to measure similarity. It is also dependent on the

probabilistic model used to collect statistics.

CURE

CURE [58] is a bottom-up hierarchical clustering method that improves the merge

process using multiple representative points. Thus, it is seen as a hybrid between the

single-linkage and the mean-linkage. In each level of clustering, CURE first chooses

a constant number of well scattered points for each cluster as representative points.

The representative points approximate the physical shape and geometry of the cluster.

Next, CURE shrinks the representative points toward the mean of the cluster by a

factor α that varies from 0 to 1. The shrinking causes the representative points lying

further away from the mean to move more toward the mean while the representative

points lying closer to the mean to shift less. This makes CURE robust to outliers.

After shrinking, CURE merges two clusters exhibiting the closet pair of representative

points belonging to different clusters. The shrinking factor α controls the compactness

of representative points and shapes of clusters. CURE becomes similar to mean-

linkage clustering when α = 1 while it becomes similar to single-linkage clustering

when α = 0. Thus, the use of larger values of α favors compact clusters while the use

of smaller values favors clusters of arbitrary shapes.

Despite the flexibility and effectiveness of CURE, it suffers from high computational

cost. It requires O(n2 log n) time for higher dimensions and O(n2) time for lower

dimensions where n is the number of points. To handle massive datasets, CURE

exploits a combination of random sampling and partitioning. It first draws a random

sample and then segments the sample into the user-specified number of partitions.
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CURE proceeds to segment each partition into partial clusters and eliminate outliers.

Finally, CURE merges the partial clusters in each partition to find the user-supplied

number of clusters.

CHAMELEON

CHAMELEON [76] is a bottom-up hierarchical clustering method that explores dy-

namic modeling based on a proximity graph. The key feature of this approach is that

it employs a combination of partitioning and merging. It partitions the proximity

graph and merges the pair of most similar clusters (connected components) based on

the relative inter-connectivity and the relative closeness of the two. Thus, it employs

a dynamic model to measure the similarity between clusters.

(a) (b) (c) (d)

Figure 2-4: An overview of CHAMELEON: (a) A dataset (‖P‖ = 34); (b) Undi-

rected 4-nearest neighbor graph; (c) Partition of the graph; (d) Merged parti-

tions.

Figure 2-4 illustrates the working principle of CHAMELEON. It first constructs the

k-nearest neighbor graph as an underlying proximity graph. Figure 2-4(b) illustrates

the 4-nearest neighbor graphs where edges are undirected. Then, it partitions the

graph to find initial subclusters such that the edge-cut, the sum of weights (inversely

proportional to lengths) of edges that straddle subclusters, is minimized. Figure 2-4(c)

depicts initial partitions. Finally, CHAMELEON merges the most similar subclusters

based on the two similarity measures: relative inter-connectivity and relative close-

ness. The relative inter-connectivity between two clusters Ci and Cj (RI(Ci, Cj)) is

the absolute inter-connectivity between the two clusters normalized with respect to

the internal inter-connectivity of the two. That is,

RI(Ci, Cj) =
|EC{Ci,Cj}|
|ECCi

|+|ECCj
|

2

, (2.1)
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where EC{Ci,Cj} denotes the edge-cut between clusters Ci and Cj and the internal

inter-connectivity ECCi
is the weights sum of edges that partition Ci into two roughly

equal parts. The relative closeness (RC(Ci, Cj)) is the absolute closeness between Ci

and Cj normalized with respect to the internal closeness of the two clusters. That is,

RC(Ci, Cj) =
SEC{Ci,Cj}

|Ci|
|Ci|+|Cj |SECCi

+ |Cj |
|Ci|+|Cj |SECCj

, (2.2)

where SEC{Ci,Cj}
is the average weight of EC{Ci,Cj} and SECCi

is the average weight of

the ECCi
. CHAMELEON uses a function that combines RI(Ci, Cj) and RC(Ci, Cj)

to find the best pair to merge. The function is RI(Ci, Cj) ∗ RC(Ci, Cj)
β, where β is

a user-specified parameter. CHAMELEON gives a higher importance to the relative

closeness if β > 1 while it gives a higher importance to the relative inter-connectivity

if β < 1.

The use of a dynamic model makes CHAMELEON detect clusters of different den-

sities. However, it requires laborious parameter-tuning for the best k in k-nearest

neighboring. Once points are assigned to the same cluster after the initial partition-

ing, then they always belong to the same cluster regardless of the merge process.

Thus, careful tuning is required for the best k and the best partitioning of the under-

lying graph.

2.4.2 Partitioning clustering

Partitioning clustering aims at segmenting the n points of P into a set of k clusters.

Typically, k is an input argument, thus it is also called k-clustering [46]. In general,

k-clustering attempts to detect k optimal clusters by an iterative relocation method

based on an optimization criterion function. That is, this algorithm starts with

a partition into k clusters and then iteratively optimizes the criterion function by

reassigning some points to their nearest representatives of clusters. The optimization

function that measures cohesiveness signals the best partition. However, the need to

use approximation algorithms (hill-climbers) arises because optimizing the objective
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function is NP-Hard [54] or even intractable. Thus, k-clustering finds a local optima as

opposed to a global optima. This suboptimality is the major problem of k-clustering.

A well-known optimization function is the squared-error criterion (SE) defined as

follows, where rep[Pi] denotes the representative of cluster Pi and |p−rep[Pi]| denotes

the distance between p and rep[Pi].

SE =
k∑

i=1

∑

p∈Pi

|p− rep[Pi]|2. (2.3)

Thus, the aim of k-clustering is to minimize SE. Depending on the type of represen-

tative, the effectiveness and efficiency of k-clustering differ. The k-means clustering

approach [95] uses the mean (centroid) as the representative of a cluster. It initially

chooses arbitrary k centroids and assigns each point in P to its nearest centroid. Af-

ter that, it computes the mean of each cluster and reassigns each point in P to its

nearest newly computed mean. The k-means clustering approach keeps computing

the means and reassigning until the set of representatives converges. The k-means

clustering approach is relatively efficient since it converges fast. It requires O(nkr)

time, where n is the number of points, k is the number of clusters and r is the number

of iterations. Typically, k and r are much smaller than n in large datasets, thus this

approach is of particular interest in data-rich environments. However, k-means clus-

tering has several drawbacks. First, it is vulnerable to noise points and outliers [62].

Second, the centroids may be geographically non-informative. For instance, the cen-

ter of houses may fall within a lake or the center of suburbs may be within a river.

Third, it is not applicable to categorical datasets where the mean of a cluster is not

defined.

The k-modes clustering approach [70] extends the k-means clustering approach to

categorical datasets. It replaces the means of clusters with the modes and uses dif-

ferent dissimilarity measures to update the modes. It computes the total number of

mismatches in the corresponding attribute categories. Here, the smaller the number

of mismatches is, the more similar the two objects are. Expectation Maximization

(EM) clustering [26] is another generalization of k-means clustering, but in contrast
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to k-means clustering, it allows non-crisp membership with a probability function.

That is, there is no hard boundary between clusters. Thus, each point in P belongs

to k clusters with different probabilities of membership. One widely used represen-

tation of the probability function is the mixture model using Gaussian probability

distributions. Each Gaussian distribution generates a cluster and P is the mixture of

such clusters. The k-harmonic means clustering method [150], that is also a variant

of k-means clustering, attempts to overcome the sensitivity of k-means clustering to

the initialization of centers. It computes the harmonic average of each cluster (that is

the reciprocal of the arithmetic average of the reciprocals of the numbers in a cluster)

and uses it as an optimization function. Logically, the same algorithmic procedure of

k-means clustering can be used to these generalizations. And, they all converge to a

local optima.

The k-medoids clustering method [35, 77, 108] differs from the k-means clustering

method in the sense that the representative of a cluster is the member of the cluster.

More importantly, the Equation 2.3 can be replaced by the absolute error [35]. This

medoid is typically close to the centroid of the cluster. Note that, medians are

a robust estimator of location in the statistical sense, but means are not. Thus,

representatives in k-medoids clustering are more informative than those in k-means

clustering. In addition, k-medoids clustering is less sensitive to noise and outliers

than k-means clustering. Algorithms for k-medoids clustering iteratively exchange

one of the medoids with a non-medoid to improve the optimization function. This

exchange needs an exhaustive search to find the best candidate, which is prohibitive in

data-rich environments. Thus, k-medoids clustering is typically inefficient and some

hill-climbing iterations [77, 108] require quadratic time.

Regardless of the type of representative, k-clustering shares some common drawbacks.

Although several attempts [35, 77, 128] have been made to find the number of clusters,

typically k-clustering requires k as an input argument that usually remains constant

during the course of iterations. These type of approaches implicitly assume the data

comes from a probabilistic mixture model. This not only puts artificial constraint
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(how many clusters are there) on data, but introduces user biases. Second, since the

points are assigned to the nearest representative, clusters are convex-shaped. Han

and Kamber [61] emphasize that the discovery of clusters of arbitrary shapes is of

importance for further analysis. Third, large discrepancies in size or density cause

big clusters to pass undetected since their points are assigned to many meaningless

fragments.

CLARANS

CLARANS [108] is a k-medoids clustering method that is based on a random search

heuristic. It first chooses k arbitrary medoids. And then, it randomly chooses one

medoid from the k medoids and exchanges the medoid with another randomly cho-

sen non-medoid to examine if the exchange improves SE. If SE is improved, then

CLARANS replaces the medoid with the non-medoid and repeats the random search.

If a number of exchanges does not improve SE, then the current k medoids are

assumed to be a local minimum.

CLARANS requires two input parameters to prune the search space. They are num-

local and maxneighbor. The former represents the number of local minima obtained

while the latter represents the number of exchanges between one of the medoids and

one of the non-medoids. The use of higher values in the parameters results in better

quality of clustering but requires more expensive computational cost. Thus, the user

needs to tune values of these parameters to find a satisfactory clustering result within

a given time allowance. However, this tuning is very expensive for CLARANS since

it requires quadratic time for each clustering. Other problems with CLARANS have

been highlighted in the literature [44].

A generalization of CLARANS to discover clusters in the presence of obstacles was

recently proposed [139, 140]. COE (Clustering with Obstacle Entities) attempts to

optimize SE in the presence of obstacles where the distance is measured by the short-

est Euclidean distance avoiding obstacles. It computes micro-clusters that compactly

summarize the original dataset and performs the clustering on these summarized

groups to enhance time efficiency. However, this lowers the quality of clustering and
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still suffers from expensive time requirements. We further contrast this method with

our approach in Section 5.1.6.

2.5 Density-based clustering

Density-based clustering [1, 6, 33, 111, 127, 129, 141, 142] searches for regions of

high density and differentiates them from regions of low density. In general, this

approach first defines a region with an arbitrary shape (typically, circle or grid) and

then computes the density of the region. If the density of the region is greater than

or equal to a user-specified density threshold, then the region belongs to a cluster.

Otherwise, it becomes noise. Thus, density-based clustering is able to detect clusters

of arbitrary shapes. However, it requires to specify the shape of the region, the size

of the region and the density threshold in advance.

The circle (vector-like modeling) and the grid (raster-like modeling) are the most

widely used shapes. Depending on the shape of the region, the effectiveness and effi-

ciency of clustering will differ. In general, circle-based clustering [6, 33, 111] produces

better clustering, but it is more expensive in terms of time efficiency than grid-based

clustering [1, 127, 129, 141, 142]. This is because circles do not tessellate R with mu-

tually exclusive and collectively exhaustive regions, but grids do. Thus, circle-based

clustering needs to explore more regions than grid-based clustering to check if they

satisfy the user-specified density threshold.

On the other hand, the efficiency of grid-based clustering is dependent on the granular-

ity of the grid. This is mainly because grid-based clustering uses statistical summaries

of grids for clustering operations instead of individuals. Since the number of grids

is typically much smaller than the number of points in data-rich environments, this

approach is fast when the grid is coarse. However, the use of statistical summaries

and coarse tessellation lowers both quality and accuracy of clustering results. Also,

points have unequal importance unless the cell size is fine enough to capture individ-
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uals, and in this case, the grid is of no use. Thus, it is difficult to determine the best

resolution in grid-based clustering as it is with raster-like modeling.

Besides its ability to detect clusters of arbitrary shapes, density-based clustering is

robust to linear links (chains) that connect clusters. This is because regions around

the chains are not dense (otherwise, they are not linear chains) even if points on

the chains are closely located. However, it suffers from several drawbacks. Density-

based clustering uses ambiguous models of spatial proximity, thus the effectiveness

of this approach is heavily dependent on the resolution. Another major problem of

this approach is that it focuses on high peaks. That is, it is able to identify high-

density clusters, but unable to detect low peaks forming sparse clusters that are also

of importance in spatial analysis [111]. This problem will be further discussed in

Section 3.2.

DBSCAN

DBSCAN [33] is a density-based clustering method that attempts to locate high-

density areas. The underlying idea of this approach is that the neighborhood of

a point in a cluster contains at least a minimum number of points MinPts. The

neighborhood of a point is defined by a given radius (Eps) and is called the Eps-

neighborhood of the point. If the Eps-neighborhood of a point p1 contains more than

the MinPts, then the point p1 is called a core point. A point pk becomes density-

reachable from the core point p1 if there is a list of points p1, p2, . . . , pk such that pi+1

is within the Eps-neighborhood of pi for 1 ≤ i ≤ k. Since all points within a cluster

are density-reachable from any core point within the cluster, DBSCAN first chooses

a core point and then expands it by searching for all density-reachable points from

the core point to detect a cluster. The set of points that do not belong to any cluster

is noise. DBSCAN keeps searching and expanding until no point is left.

Figure 2-5 explains this. If MinPts = 4 is used, then p1 becomes a core point since

the Eps-neighborhood of p1 contains 5 points (p2,p3,p4,p5 and p6). The point p15 is

density-reachable from p1 since there is a list of points p1, p6, p8, p10, p13, p15 such that

the successor is within the Eps-neighborhood of the predecessor. However, p16 is not
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Figure 2-5: An overview of DBSCAN (‖P‖ = 24).

density-reachable from p1 since none of points within the Eps-neighborhood of p16 is

density-reachable from p1. Thus, p16 belongs to a different cluster. If p19 is selected as

the next core point, then points from p16 to p23 are density-reachable from p19. Thus,

they form another cluster. The point p24 that does not belong to any other cluster

becomes noise.

DBSCAN uses R*-trees [12] to efficiently retrieve density-reachable points and to

prune the search space. It requires subquadratic time if the parameter Eps is small

enough so that balls of radius Eps retrieve a constant number of points on average.

DBSCAN is able to detect clusters of arbitrary shapes, which is an improvement over

k-clustering algorithms. However, it is problematic when clusters exhibit different

densities since it uses a global density threshold. Thus, it inherits the problems of

static model clustering. In addition, it is a local clustering method. Thus, it ignores

the First Law of Geography. DBSCAN requires two parameters Eps and MinPts to

be specified prior to clustering. Clustering results are heavily dependent on the values

of parameters that are difficult to determine.

OPTICS [6] is an extension of DBSCAN. It attempts to overcome the difficulties

of parameter-tuning and single-level partitioning of DBSCAN by producing an aug-

mented ordering of P . OPTICS reveals the hierarchical density structure P that is
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mostly independent from the choice of the two parameters Eps and MinPts. Thus,

it overcomes the sensitivity of DBSCAN to the parameters and assists the user to

explore the complex hierarchical structure of P .

GAM

GAM [111] is one of the most well-known density-based clustering methods in spatial

analysis. It is very similar to DBSCAN in the sense that both measure density based

on the circle and report high-density regions as clusters. The main difference between

the two is that DBSCAN uses only one user-specified circle, but GAM uses a series

of circles with different radii. The use of several circles for density measure makes

GAM less biased but more computationally expensive. The basic algorithm of GAM

is as follows.

1. Define a starting (minimum) circle radius, a maximum circle radius, a radial

size increment and a degree of overlap.

2. Generate an initial grid lattice covering R so that circles of current radius located

on grid intersections overlap by the desired amount.

3. Generate circles of current radius for all grid intersections.

4. Retrieve the number of points for each circle and apply some ‘significance’ test

such as the Poisson test or the Monte Carlo test.

5. Keep the result if significant.

6. Repeat Step 4 and Step 5 until all circles have been processed.

7. Increase the current circle radius by the given radial size increment. If the

increased circle radius is less than the given maximum circle radius, then return

to Step 3.

8. Identify clusters with the significant circles.
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One interesting characteristic of GAM is that it allows circles to be overlapped to

the given degree. The main reason for this is to minimize locations being missed out

from the significance test. However, the possibility to overlap increases the number

of circles to test and some points belonging to multiple circles are tested several

times. This requires computationally intensive search that is unaffordable in data-

rich environments. Figure 2-6 explains the working principle of GAM. Figure 2-6(a)

(a) (b) (c)

Figure 2-6: An overview of GAM: (a) A 4 × 4 grid and 9 circles; (b) Locations

being missed out; (c) An example of locations multiply tested.

illustrates Step 2 and Step 3. The enclosing rectangle is decomposed into a 4 × 4 grid

and 9 circles are located on grid intersections overlapping to a certain degree. GAM

tests the significance of the density for each circle. Although circles overlap, some

points in the shaded area in Figure 2-6(b) are left out from the significant test. On

the other hand, some points in the dark region in Figure 2-6(c) are tested 4 times.

Thus, locations are not regarded equally.

STING

STING [141] is a grid-based clustering method that uses a hierarchical structure to

efficiently detect regions of high-density. The hierarchical structure consists of several

levels of different resolution. Each cell in a certain level is decomposed into 4 regular

grids in the next level similar to the quadtree data structure.

Figure 2-7 illustrates the hierarchical structure consisting of 4 levels. The root level

containing only one cell shown in Figure 2-7(a) corresponds to R. The cell is decom-

posed into 4 subcells in the next level (the first level) shown in Figure 2-7(b). The
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(a) (b) (c) (d)

Figure 2-7: An overview of STING: (a) The first level (root level or top level);

(b) The second level; (c) The third level; (d) The fourth level (bottom level).

subcells in the first level are successively decomposed in the next level as shown in

Figure 2-7(c). Each cell in the hierarchical structure stores summary statistics includ-

ing the number of points, the mean of all values, the standard deviation of all values,

the minimum value, the maximum value and the type of distribution of points in this

cell. These summary statistics represent each cell and they are used to measure if the

density of the cell is significant or not. STING builds the hierarchical structure from

the bottom level to the top level (however, it will search for high-density regions from

the top to the bottom to prune search space). It first goes though P once in order to

calculate the summary statistics associated with each cell at the bottom level. Once

computed, the statistics of parent cells in the next higher level are computed from

those of 4 children cells in the current level. Thus, building the structure requires

O(ng) time where n is the number of points and g is the total number of cells in all

levels in the hierarchical structure (note that, g grows at least quadratically with the

depth of the structure in 2D and it grows cubically in 3D).

Once the hierarchical structure is computed, STING uses a top-down approach to

efficiently find multi-level clusters. If the summary statistics of cells on a higher level

satisfy user-specified conditions, then these cells are marked as relevant otherwise as

not relevant. Instead of looking at all the children of cells in the next lower level,

STING only examines the children of the relevant cells in the previous level to prune

the search space. STING keeps doing this until the bottom level is reached. Figure 2-7

illustrates an example. Here, we assume that the shaded cells are marked as relevant

at each level and we start examining from the top level. STING looks at the 4 children
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of the only cell in the top level in the second level since the cell in the top level is

relevant. In the third level, STING examines only the 4 children of the top-left cell in

the second level. Similarly in the bottom level, only cells whose parent are relevant

are examined. Eventually, shaded regions at each level represent clusters.

Although STING is appealing in terms of efficiency, it suffers from the drawbacks of

grid-based clustering as mentioned earlier in this section. In addition, it inherits the

problems of local and static model clustering. Thus, STING fails to detect clusters

of different densities. The crudeness of the shapes of resulting clusters makes STING

less attractive for further association analysis where effectiveness is of importance.

As depicted in Figure 2-7, clusters only have axis-parallel boundaries. One other

problem of STING is that it does not use information in the neighboring cells.

WaveCluster

WaveCluster [129] is a grid-based hierarchical clustering method based on wavelet

transforms. The main idea of this approach is that the multidimensional spatial

points can be represented in a d-dimensional feature space where a feature vector

represents the d numerical attributes of a point. In the feature space, boundaries of

clusters correspond to the high frequency parts while clusters themselves correspond

to the low frequency parts. WaveCluster applies a wavelet transform (convolving the

low pass filter) to the d-dimensional feature space at least d times to identify the low

frequency parts.

The algorithmic procedure of WaveCluster is given below.

1. Represent a dataset in a feature space.

2. Tessellate the feature space with regular units and assign each point in the

dataset to corresponding units.

3. Apply a wavelet transform to each unit on the feature space.

4. Find connected components in the transformed feature space.
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5. Label units that are included in any connected component in the transformed

feature space.

6. Map points in the original feature space to the labeled units in the transformed

feature space.

WaveCluster is similar to STING in some aspects. First, they are both grid-based

hierarchical clustering. The granularity is an important factor that affects the effec-

tiveness of clustering and impacts computational efficiency. A series of different unit

sizes results in multi-level clustering. They are robust to noise and outliers and are

able to detect clusters of arbitrary shapes. Both require linear time when the number

of units in the finest level is much smaller than the number of points. They ignore the

First Law of Geography and use summary statistics. However, WaveCluster differs

from STING in several points. First, boundaries of clusters detected by WaveCluster

are not necessarily axis-parallel. This is because grids are only used for tessellating

the original data space and clustering is performed in the transformed feature space.

Second, WaveCluster incorporates neighborhood information of a unit when it deter-

mines if the unit is dense enough or not. In particular, the low-pass filters used in

Step 3 are designed to incorporate neighborhood information.

CLIQUE

CLIQUE [1] is a grid-based hierarchical clustering method that is particularly de-

signed for detecting subspace clusters in high-dimensional datasets. This approach is

of particular interest in the fact that densities around clusters are very low in high-

dimensional space. Thus, full-dimensional dense clusters hardly exist. Traditional

density-based clustering methods that focus on full-dimensional dense clusters are

not well-suited to such situations.

CLIQUE searches for subspace clusters with a bottom-up approach that exploits

a monotonicity property with respect to dimensionality to prune search space. The

monotonicity property states that if a collection of points is a cluster in a k-dimensional

space, then the collection of points is also part of a cluster in any (k-1)-dimensional
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projections of this space. CLIQUE first determines 1-dimensional dense units that

satisfy a user-supplied density threshold. And then, it proceeds level by level. Once

(k-1)-dimensional dense units are determined, then CLIQUE generates candidates for

k-dimensional dense units. CLIQUE keeps detecting subspace clusters until it reaches

the highest dimension.

Figure 2-8: An overview of CLIQUE with a 10 × 10 grid (‖P‖ = 15).

Figure 2-8 illustrates the working principle of CLIQUE with a 2-dimensional dataset.

CLIQUE first tessellates the data space with a regular grid and finds 1-dimensional

subspace clusters. In this example, there are 4 1-dimensional subspace clusters. Two

of them are found when the dataset is projected to the x -axis while the other two

are found when the dataset is project to the y-axis. According to the monotonicity

property, CLIQUE examines only 2-dimensional units whose 1-dimensional units are

dense to find 2-dimensional clusters. The candidates for the 2-dimensional search are

the shaded areas in Figure 2-8. The monotonicity property makes CLIQUE efficient
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in high-dimensional spaces. In this example, only 24 2-dimensional cells need to

be examined instead of 100. However, this simplicity may cause the degradation of

effectiveness. Also, it suffers from the problems of density-based clustering in that

clusters with less density than the threshold are not detected. It is also extremely

sensitive to the granularity parameter in the grid.

2.6 Graph-based clustering

Graph-based clustering [31, 36, 75, 76, 149] has gained popularity as an alternative to

density-based clustering methods since it works from an underlying proximity graph

that models spatial interactions between points. The observations (points) are as-

signed to vertices and a discrete relation is encoded, making two related vertices con-

nected with an edge. Thus, edges incident to a point connect the point to its nearby

neighbors. In this abstract structure, a cut-point is a vertex whose removal discon-

nects the graph and a bridge is an edge whose removal disconnects the graph [63].

Connected components are the most elementary clusters. Edges have a weight cor-

responding to the geographical distance with “distance decays effect” between the

associated end-vertices.

Graph-based clustering first constructs a proximity graph. Once the proximity graph

is constructed, all clustering operations are performed on the graph. Naturally, the

aim is to extract the edges whose end-points belong to the same cluster. Typically,

graph-based clustering removes uninteresting edges based on a certain criterion func-

tion and then computes connected components with remaining edges to reveal clus-

ters. One weakness of graph-based clustering is its vulnerability to multiple chains.

Removal of cut-points or bridges will detect clusters linked by a single chain. How-

ever, clusters linked by multiple bridges are undetected by the removal. This will

be further discussed in Section 3.2.2. The second problem is that most graph-based

clustering methods are edge-centric. Since clustering is to group points, edge-centric

clustering may introduce unexpected results. Third, graph-based clustering requires
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extra time to construct an underlying proximity graph. Similar to density-based clus-

tering, graph-based clustering is likely to be peak-inference clustering since it focuses

only on shorter edges. Thus, sparse clusters linked by relatively homogeneous edges

may remain undetected.

However, graph-based clustering has some promising aspects in terms of effectiveness

and efficiency. In terms of effectiveness, it is able to detect non-convex clusters and

is robust to noise points. In terms of efficiency, it is typically linear in the number of

edges in an underlying proximity graph. Thus, if the number of edges is not excessive

but sufficient, then graph-based clustering is computationally efficient.

SMTIN

SMTIN [75] is a graph-theoretic approach that performs local clustering and static

model clustering. It is an intuitive method that uses the Delaunay triangulation as an

underlying proximity graph to capture spatial proximity and to measure the similarity

between points. Practically, the working principle of this approach is the same as

the one dimensional clustering of Delaunay edges [31]. That is, once the Delaunay

triangulation is constructed, then the clustering becomes the matter of classification of

Delaunay edges into two groups: inter-cluster edges and intra-cluster edges. Delaunay

edges whose lengths are greater than a given global threshold are inter-cluster edges.

These longer edges represent uninteresting interactions and indicate that the two

end-points of each edge belong to distinct clusters. Thus, they are removed from

the underlying graph. Eventually, connected components of the remaining graph

represent clusters. This approach is easy to implement and is able to detect clusters

of arbitrary shapes. However, this approach suffers from the use of a static model as a

threshold. Thus, it is difficult to detect clusters of different densities. In addition, this

approach suffers from the edge-centric nature of clustering. Recently, a node-centric

extension [32] of this approach is proposed to improve the quality of clustering.

Zahn’s clustering

Zahn [149] proposes a graph-theoretic clustering method that uses a dynamic model.

This approach first constructs the Minimum Spanning Tree of P , denoted by MST (P ),
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to capture similarity in perceptual groupings of P and removes inconsistent edges from

MST (P ) to detect clusters. If the length of an edge ei,j = (pi, pj) ∈ MST (P ) is sig-

nificantly larger than the average of lengths of nearby edges on both end-points of ei,j,

then the edge becomes an inconsistent edge. That is, the criterion for the determina-

tion if ei,j is consistent or inconsistent is purely depending on relative proximity and

varies over R. Thus, this approach belongs to dynamic model clustering and it may

be able to detect clusters of different densities. However, this notion of inconsistent

edges works well with datasets where separations between clusters are apparent and

densities of clusters varies smoothly.

For complex situations, Zahn introduces several case-specific methods. Here, the

user is required to use a specific heuristic to handle each particular situation. For

instance, in the case of touching clusters, the user is required to compute the path of

the MST (P ) that includes the largest number of edges in the MST (P ) (called the

diameter). This is used to locate a connecting part between the touching clusters.

For clusters of different densities, the heuristic is different. The user is required to

compute a histogram of edge lengths to find a separation between a dense cluster and a

sparse cluster and subsequently required to recompute the MST of the sparse cluster.

Thus, Zahn’s approach demands domain knowledge and apriori knowledge about P to

select a proper heuristic. However, it is a difficult task to choose an adequate heuristic

when the distribution of P is unknown. Thus, although this approach provides some

promising aspects, it is laborious and not well-suited for data-rich environments.

2.7 Model-based clustering

Graph-based clustering is the closest to descriptive and non-parametric statistics.

These approaches are closer to exploratory analysis since no probabilistic model is

imposed in the data. Grid-based clustering is originally non-parametric in that it is

an exploratory analysis based on the histogram. However, most algorithms use some

parametric statistics over hierarchical data structure for computational efficiency.
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When we use parametric statistics, an explicit parametric model is fit to the data to

find clusters.

Model-based clustering algorithms [11, 22, 26, 49, 50, 66, 118] are widely adopted

within the statistics community. Here, the strong assumption is that a mixture of

underlying probability distributions generates the dataset and each component repre-

sents a different cluster. This assumption makes model-based clustering confirmatory

rather than exploratory. Typically, a hierarchical technique or a partitioning tech-

nique is used to obtain clusters from these models. In the former [11, 49, 118], a

criterion function (like the Maximum Likelihood or Minimum Message Length) is

used to compare models to merge at each stage in the construction of hierarchies. In

the latter, points are grouped to maximize the likelihood of the mixture model. Here,

deriving optimal partitions from these models is usually an elusive task [118]. The

EM clustering method [22, 26] is a good example for the latter. Since the algorithmic

procedure of model-based clustering typically follows either hierarchical clustering or

partitioning clustering, model-based clustering algorithms inherit drawbacks of hier-

archical clustering or partitioning clustering discussed earlier in this chapter.

2.8 Remarks

This chapter reviews families of clustering approaches and surveys well-known clus-

tering methods that are able to deal with large spatial databases. In addition, this

chapter discusses their strengths and weaknesses for the purpose of GDM. A summary

of properties for well-known clustering methods is given in Table 2.1.



Chapter 2. Related Work 39

Table 2.1: Comparison of well-known clustering methods.

global dynamic model hierarchical explicit density
vs. vs. vs. vs.

local static model partitioning implicit density
BIRCH local static hierarchical implicit
CURE global static hierarchical implicit

CHAMELEON local dynamic hierarchical implicit
CLARANS global static partitioning implicit
DBSCAN local static partitioning explicit

GAM local static partitioning explicit
STING local static hierarchical explicit

WaveCluster local static hierarchical explicit
CLIQUE local static partitioning explicit
SMTIN local static partitioning implicit
Zahn local dynamic partitioning implicit
EM global dynamic partitioning explicit
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Chapter 3

Multi-Purpose Exploratory Spatial

Clustering

In this chapter, we present detailed motivation for multi-purpose exploratory spatial

clustering. First, in Section 3.1, we discuss special characteristics of geoinformation.

These are characteristics brought over by the domain and the nature of the data and

spatial clustering must account for them. Then, Section 3.2 discusses the drawbacks

of traditional peak-inference clustering approaches. Ignoring the special characteris-

tics of geoinformation causes problems. Such drawbacks are illustrated with several

examples where peak-inference clustering approaches fail to detect some interesting

patterns and spatial concentrations. In Section 3.3, we propose a framework for our

multi-purpose exploratory boundary-based spatial clustering.

3.1 Requirements for spatial clustering

Spatial clustering partitions geo-referenced point data into smaller homogeneous sub-

groups with similar characteristics due to contiguity (spatial proximity). These geo-

referenced datasets encapsulate the inherent and peculiar characteristics of spatial
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data what makes them special [7, 8]. These special characteristics of geoinformation

require specialized clustering methods that incorporate the geo-referenced nature in

order to identify high-quality patterns of spatial concentrations (and not only the

spatial nature). Special geo-characteristics are:

• Consideration of spatial dependence.

• Unambiguous modeling of spatial adjacency.

• Consideration of local interactions and global interactions.

• Relative proximity rather than absolute proximity.

• Non-stationary analysis.

• Exploratory rather than confirmatory (data-driven rather than argument driven).

• Versatility (multi-purpose).

• Consideration of background information.

Now, we explain these issues in details.

• Consideration of spatial dependence:

Spatial dependence is a well-known special characteristic of geo-referenced data

expressed in the First of Law of Geography [93]. Anselin discussed spatial

dependence along with spatial heterogeneity [8]. His proposition saying “the

phenomenon where locational similarity is matched by value similarity”[9] em-

phasizes the importance of spatial dependence among nearby neighbors. This

spatial dependence is in opposition to the principle (or assumption) of inde-

pendence underlying traditional statistics. For spatially correlated datasets,

spatial clustering must consider spatial dependence. This is required to identify

geographically aggregated clusters.
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• Unambiguous modeling of spatial adjacency:

We indicated before that spatial clustering is strongly related to the discrete

relation is nearby neighbor ⊂ P×P since nearby neighbors tend to form spatial

clusters. Thus, spatial clustering becomes the matter of modeling and captur-

ing spatial adjacency and proximity. In order to capture spatial dependence

between nearby neighbors, we need to concisely define who the neighbors are

and how far they are. Traditional raster-like modeling and vector-like modeling

do not adequately handle the spatial adjacency of discrete point data [4, 36, 55].

More seriously, they constitute argument-dependent neighboring approaches

that produce different neighboring information depending on argument values.

These arguments are the cell size for raster-like modeling, and the number of

neighbors and the radius for vector-like modeling (for instance, k -nearest neigh-

boring and d -distance neighboring) [43]. Spatial clustering should avoid ambi-

guity and inconsistency in modeling spatial adjacency of point data as much as

possible. Clustering results should not be brittle to those ambiguities. First,

because user-supplied arguments inhibit the possibility of exploratory deriva-

tion of arguments from the data. Second, for data-rich environments, finding

best values for arguments in argument-dependent modeling is time consuming.

(a) (b)

Figure 3-1: Neighbor modeling of point data with raster and vector

approaches (‖P‖ = 5): (a) The raster approach; (b) The vector

approach.
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Figure 3-1 illustrates the ambiguity caused by raster and vector modeling. The

first source of ambiguity in the raster model is the shape of pixels and the pat-

tern of neighbors. Each point shown in Figure 3-1(a) could have 4-connectivity

neighbors (considering N, S, E and W cells) or 8-connectivity neighbors (consid-

ering N, S, E, W, NE, NW, SE and SW cells). If we consider 4-connectivity, the

points p1 and p2 are considered as neighbors, but the points p4 and p5 are not.

However, the adjacency relationship also heavily depends on the size of cell.

In Figure 3-1(a), if the cell size (volume) becomes 16 times bigger (considering

now solid lines, rather than dotted lines), then the points p4 and p5 become

neighbors in the bigger cell size.

Similarly, it is a difficult task to define topological relationships of point data

with vector models. This is because points do not have extent, but only have

location. Thus, points do not exhibit topological relationships such as “adja-

cent”, “touch” or “intersect” unless they coincide. Often, metric relationships

such as d-distance concepts are used to overcome this problem. Points lying

within a certain distance are regarded as neighbors. This works in some sense.

However, this adjacency relationship still presents inconsistencies similar to the

problems mentioned about the raster model. For instance, two points p1 and

p3 are not neighbors when a shorter distance (smaller circle in Figure 3-1(b))

is applied, but they become adjacent when a longer distance (larger circle) is

used.

• Consideration of local interactions and global interactions:

When there is no interaction or no correlation among the phenomena registered

at data points, the points do not form clusters. However, interactions result

in data points that may either attract or repulse one another. Both attraction

and repulsion will likely produce either clustered or regular distributions (note

that physical models of attraction and/or repulsion are used for producing nice

graph drawings [29]). If two points represent phenomena that attract each

other, then locations for events of the phenomena become closer. The two

data points belong to the same cluster. In graph drawings, if all end-points of
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interactions repel one another equally, then the resulting distribution is regular.

Inversely, strong attraction among a certain number of points may bring about

isolated points, those too far become unattracted. Also, powerful repulsion

causes clusters [36]. All this implies that isolated points (noise and other data

points not belonging to a cluster) are not only generated by repulsion with

cluster members, but also by attraction among other points in the dataset.

It is now obvious that both clusters and noise points are generated not only by

interactions between their neighbors, but also other members in the dataset. A

combination of local influence and global influence is the effect that shapes clus-

ters. The behavior of spatial phenomena is the result of a combination of both

local interactions (interactions confined to nearby neighbors) and global inter-

actions (all the interactions within R) [10, 135]. Spatial clustering must take

these both interactions into account. Thus, geo-referenced clustering should not

be as crisp as local clustering approaches.

• Relative proximity rather than absolute proximity:

Spatial heterogeneity implies that each location in R has intrinsic unique-

ness [10]. That is, conditions vary from place to place. Statistical properties

including mean, variance and covariance are dependent on absolute location and

have different interpretations over R. Although relative locations (distances) are

the same, their relative interpretations may differ.

Figure 3-2 depicts a MST with 9 points. The two points, p1 and p6, are both

equidistant from p5. Clustering based on absolute distance will have the same

grounds to place p1 and p6 in a cluster with p5. However, the length of edge

e1,5 = (p1, p5) seems to be relatively long with respect to the length of edge

e5,6 = (p5, p6) because of other points that create an heterogeneous perspective

of the study region. Thus, p5 is likely to belong to the same cluster as p6, but

not to the cluster of p1. Although the lengths of the edges e1,5 and e5,6 are equal,

they have different relative interpretations (relative to other points in R). Now,

it is clear that relative proximity is more important than absolute proximity in
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Figure 3-2: Data that illustrates the importance of relative proximity

in spatial clustering (‖P‖ = 9).

geo-referenced settings and thus in spatial clustering. Thus, spatial clustering

must incorporate both relative locations and absolute locations to satisfy spatial

heterogeneity.

• Non-stationary analysis:

The geographical property of non-stationarity also implies that local variations

at one place are not the same as variations elsewhere. When analyzing a point

pi and the region surrounding it, considering local interactions and global inter-

actions deals with how much to take into account those points close to pi and

how much to take into account those points far from pi. Relative proximity is

about considering distances in relation to other points. Non-stationarity means

that these decisions can not remain static across the study region and that is

someway the dataset has to dictate how to account for them dynamically as the

focus of analysis varies in the study region.

An example of stationary analysis is the use of global values as thresholds for

spatial clustering. This not only ignores local variations, but disregards spatial

heterogeneity. As a consequence, static model clustering approaches fail to

identify locally aggregated sparse concentrations that are also of importance as
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well as high-density concentrations. For instance, let us consider the dataset

in Figure 3-2. Static model clustering approaches will report either one cluster

(p1,p2,p3 and p4) while declaring all other points noise if global thresholds are

set to a smaller value than 10, or alternatively one big cluster grouping all the

points into a single cluster when thresholds are set to a greater value than 10.

Static model clustering ignoring spatial heterogeneity is unable to report two

distinct groups (dense and sparse (p5,p6,p7,p8 and p9)) simultaneously. Thus,

spatial clustering must have the properties of dynamic model clustering in order

to belong to non-stationary analysis incorporating relative proximity and spatial

heterogeneity.

• Exploratory rather than confirmatory (data-driven rather than argument driven):

Since clustering is to identify spatial clusters without apriori knowledge, we

do not know how many clusters exist, where they are, how close they are and

how big they are prior to clustering. These information should be derived

from data, which underpins EDA and the principle to “let the data speak for

themselves” [56, 112]. Openshaw [112] stresses that constraints and precondi-

tions should be minimized in EDA and GDM. Hypotheses should be uncovered

from the data, not from the user’s prior knowledge and/or assumptions. Min-

imizing the need to adjust arguments reduces the risk of tampering with the

analysis tools. It also promises higher user friendliness. Traditional clustering

methods share a need for user-specified arguments and prior knowledge to pro-

duce their best results. Such information needs are supplied as density thresh-

old values in density-based clustering, merge or split conditions in hierarchical

clustering, number of parts in partitioning clustering, prior probabilities and

assumptions about the distribution of continuous attributes within classes in

model-based clustering, or edge-cut thresholds in graph-based clustering. This

parameter-tuning is extremely expensive and inefficient for huge datasets be-

cause it demands pre-processing and/or several trial and error steps. The need

to find best-fit arguments in wide-spread semi-automatic clustering is not the

only concern, slight changes of values of arguments produce totally different
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clustering results. This sensitivity to user-supplied arguments raises serious

questions regarding the validity of results.

• Versatility (multi-purpose):

The popular way of modeling real-world spatial data is McHarg’s multi-layer

view of the world [99]. In this view, each geographical layer captures something

unique to it. Thus, many heterogeneous types of features are stored in GIS

including 2-dimensional point data, 3-dimensional point data, obstacle data

(rivers, mountains or political boundaries). There is also a diversity in scales

or contexts, such as data from urban areas where the Manhattan metric is

more applicable and data on a large scale where the Euclidean metric is more

suitable. In data-rich environments, GIS consists of hundreds of layers that

may contain thousands or millions of points. A sophisticated versatile spatial

clustering that is generic to much of this diversity is in demand for such data-

rich environments to handle many heterogeneous clustering settings such as

clustering 2-dimensional point data in the presence of river obstacles in the

Manhattan metric and grouping 3-dimensional point data in the absence of

obstacles in the Euclidean metric.

• Consideration of background information:

Since there is high spatial and temporal correlation between geographical lay-

ers [93], incorporating background information to clustering may produce un-

expected interesting patterns. A classical approach is the consideration of a

layer of population-at-risk but an obstacle layer is also a possible candidate

for background information. The former is well-known in CDA and suited for

data-poor environments [16, 96, 111]. In CDA, a high concentration of disease

is not considered as a cluster when it overlays on a densely populated city. A

high concentration of disease cases where there is low population-at-risk, but a

source of pollution, is seen as a genuine cluster. Thus, clusters are explained

even before they are formed. Users generate hypotheses for confirmation, and

as such, this approach requires thorough domain knowledge to select all possi-
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ble background information that describes the population-at-risk to detect and

confirm genuine clusters. Thus, this approach may fail to explore some pos-

sible associations and may not discover unexpected patterns. Note that, the

use of improper population-at-risk layers produces invalid and false clusters.

More seriously, it is an expensive and rather difficult task to select a proper

population-at-risk layer in data-rich environments where there are many other

layers to be explored as the possible population-at-risk. EDA and GDM regard

the high concentration of disease as a cluster and look for possible causal fac-

tors. Then, the clusters are explained by automatic or semi-automatic means.

In our illustration, some concentrations of disease will be explained by the con-

centration of population in a large city and others by the presence of pollutants.

To the user, one may appear as an interesting association while the other seems

not interesting (depending on the amount of background knowledge from the

user).

Incorporating obstacles as background information has recently attracted at-

tention in GDM [37, 40, 139, 140]. In many spatial settings, obstacles (rivers,

mountains, lakes and political boundaries) prevent traversing the straight path

between two points, and thus influence interactions among objects.

3.2 Traditional peak-inference clustering fails

One reason for the richness of clustering is that, clusters are at least in part in the

eye of the beholder as much as there are inductive principles [23]. Any result of

a clustering algorithm is a hypothesis that explains the data in some way. It is a

selection among a family of models for the best fit of the model to the data. All

clustering algorithms optimize an induction principle [147] that defines the family of

models and the criteria by which a model is to be regarded as the one that best fits

the data.

For GDM as an exploratory tool in data-rich environments, it is important to detect
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and suggest as many as possible concentrations exhibiting similar characteristics in

order not to miss patterns. Also, spatial clustering is a starting point to the analysis

for further association explorations, and as such it must deliver high-quality clusters.

Although there exist many different clustering methods, none of the approaches sat-

isfies the combination of the requirements discussed in the previous section. Since

each method ignores some of the special characteristics of spatial data, they may be

inapplicable to geographical space and may fail to detect geographically interesting

groups. We illustrate this with several examples.

3.2.1 Sparse clusters adjacent to high-density clusters

Clustering approaches focus on finding relatively high-density areas (density-based),

merging closer groups (hierarchical and model-based), assigning to closer prototypical

representatives (partitioning and model-based) or detecting shorter or stronger inter-

actions (graph-based). All typically focus on global peaks, thus they miss relatively

sparse clusters adjacent to high-density clusters. This is because they are stationary

clustering approaches ignoring spatial heterogeneity and relative proximity.

Consider the dataset shown in Figure 3-3(a). Most global peak-inference clustering

algorithms report either

• three very dense clusters (C1, C2 and C3 in Figure 3-3(b)) when user-supplied

arguments combine to produce very high-density clusters, or

• one big cluster (C23 in Figure 3-3(c)) and one dense cluster (C1), when user-

supplied arguments are tuned to relax the criterion function in order to detect

the sparse cluster (C4 in Figure 3-3(d)).

These algorithms are not able to detect the three high-density clusters and the sparse

cluster (Figure 3-3(e)) simultaneously. Among the well-known clustering approaches
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reviewed in Table 2.1, static model clustering approaches (BIRCH, CURE, DBSCAN,

GAM, STING, WaveCluster, CLIQUE and SMTIN) belong to this case.

They are inclined to report the big cluster (C23 in Figure 3-3(c)) as one cluster

because the intra-cluster distance of cluster C4 (sparse cluster) is greater than the

inter-cluster distance between the high-density clusters (C2 or C3) and the sparse

cluster (C4). We explain this with DBSCAN. Fixing the value of MinPts to 4 and

then tuning the other threshold Eps as originally suggested for the method, we see

that DBSCAN detects three high-density clusters with Eps = 50, but leaves the

sparse C4 region undetected as shown in Figure 3-3(b). As we increase the value

of Eps, some points within the sparse cluster C4 are merged with the high-density

clusters (C2 and C3), breaking the sparse cluster into many meaningless subclusters.

Finally, when the value of Eps is large enough (Eps = 150) so all the points within

the sparse cluster are in the same cluster, then the sparse cluster and the high-density

clusters are all merged into a single cluster as shown in Figure 3-3(c).

Apart from the three high-density clusters, the sparse cluster is also important for

further correlation investigation between themes. If we assume that points represent

crime incidents around cities and surrounding suburbs, then these mere density peak-

inference clustering is unable to find correlation between crime incidents and suburbs

by missing the distinction between the sparse cluster and the high-density clusters.

Often, this phenomenon is found in real data, such as big cities having more crime

incidents surrounded by suburbs recording relatively less.

Another static model clustering approach, CLARANS, produces even worse results.

Figure 3-3(f) depicts the clustering results from k-medoids clustering. Not only is

the sparse cluster missed out, but clusters of arbitrary shapes are partitioned into

meaningless subgroups.
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(a) (b) (c)

(d) (e) (f)

Figure 3-3: A sparse cluster adjacent to high-density clusters: (a) A dataset

(‖P‖ = 600); (b) Three high-density clusters; (c) One big cluster and one

high-density cluster; (d) One sparse cluster; (e) Four clusters; (f) k-medoids

clustering (4 clusters).
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3.2.2 Multiple chains between clusters

As discussed in Section 2.4.1, hierarchical clustering with single-linkage works well

for non-globular clusters but suffers from chains (small number of points that linearly

link clusters). Chains may be of interest for some studies, but hinder cluster detection

in data-rich environments [58]. Problems also arise for other strategies when clusters

are connected only at chains. Well-known approaches for this attempt is to find all

bridges and cut-points [149]. This works when only one chain connects two clusters.

(a) (b)

(c) (d)

Figure 3-4: Multiple chains between clusters: (a) A dataset (‖P‖ = 555);

(b) Three clusters and chains; (c) One big cluster and one small cluster;

(d) Three clusters.

Consider the data in Figure 3-4(a). Figure 3-4(d) shows three clusters (C1, C2 and
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C3). Figure 3-4(b) shows that there are three path-like chains connecting two clusters

(C1 and C2) while one connecting two clusters (C2 and C3). There are no bridges

or cut-points between clusters C1 and C2 while there are between clusters C2 and

C3. Therefore, the approach using bridges and cut-points fails to detect two clusters

linked by multiple chains, and thus it generates two clusters C12 and C3 as shown

in Figure 3-4(c).

In this example, points on chains are closely located. That is, distances to nearby

neighbors from points on chains are as close as intra-cluster distances or even closer.

Thus, using a global cut-off threshold to detect chains used in SMTIN, removing

bridges or cut-points used in Zahn’s clustering and partitioning nearest neighboring

used in CHAMELEON are unable to detect these three clusters shown in Figure 3-

4(d) simultaneously.

3.2.3 Closely located high-density clusters

Figure 3-5 illustrates another example of problems caused by static model clustering.

Four high-density clusters and one sparse cluster seem to be obvious in Figure 3-5(a).

Figure 3-5(d) highlights four high-density clusters with labels C1 to C4 and one sparse

cluster with label C5. However, ignoring the importance of relative proximity and

using only global arguments, it is very difficult to obtain a reply from a clustering

system that suggests these five clusters simultaneously. Settings of user-supplied

arguments alternate between replies that

• detect four high-density clusters (C1, C2, C3 and C4) leaving the sparse cluster

(C5) out, perhaps as noise (refer to Figure 3-5(b)), and

• detect three high-density clusters (C1, C2 and C34) and one sparse cluster (C5)

as illustrated in Figure 3-5(c).



Chapter 3. Multi-Purpose Exploratory Spatial Clustering 54

(a) (b)

(c) (d)

Figure 3-5: Closely located high-density clusters: (a) A data set (‖P‖ = 570);

(b) Four high-density clusters; (c) Three high-density clusters and one sparse

cluster; (d) Five clusters.

The former is the result of arguments slightly of tune. For example, closer merge

condition (BIRCH and CURE), shorter cut-off criterion function (SMTIN), higher

density parameter or smaller size of kernel (DBSCAN, GAM, STING, WaveCluster

and CLIQUE). For instance, DBSCAN with parameters MinPts = 4 and Eps = 4

has the output shown in Figure 3-5(b). By relaxing the global arguments, the sparse

cluster now can be identified. But typically, because the separation between C3 and

C4 is smaller than the intra-cluster distance in cluster C5, the two are combined into

one high-density cluster C34 (refer to Figure 3-5(c)). This is the output of DBSCAN

with parameters MinPts = 4 and Eps = 7. Other grid-based algorithms are also

very sensitive to the size of the grid used to define the threshold for density and will

suffer from the same problem.
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3.3 Multi-purpose exploratory boundary-based spa-

tial clustering (a framework)

Figure 3-6 depicts the UML 1 framework of our multi-purpose exploratory boundary-

based spatial clustering using the Template-Method Pattern [52, Section 5]. In fact,

Figure 3-6: Framework of exploratory boundary-based spatial clustering using

Template-Method Pattern.

software for our approach here can be developed in an object-oriented way. This is

because we use abstraction for the generic neighboring modeling aspect and for the

generic analysis aspect. The neighboring aspect is represented in an abstract struc-

ture, the proximity graph of the point data, while the analysis aspect is abstracted

into a procedure that analyzes edges of the proximity graph to detect boundaries

1UML stands for Unified Modelling Language and is a notation to present object-oriented struc-
tures, designs and artifacts.
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between clusters. The procedure is a template method that can be instantiated to fit

several purposes according to the concrete situation of the data, like 2D or 3D.

Because this is a framework (in the sense of Object Orientation), it admits exten-

sions by user-supplied application-specific components. For example, our implemen-

tation of methods discussed in this thesis does not include the incorporation of the

population-at-risk as background information to clustering because of the reasons we

discussed in the previous section, but the interested user could plug in the necessary

code and the entire scheme would then work with this variant.

Our exploratory spatial clustering allows the user to select a Minkowski metric that

best describes P . Users can explore different proximity graphs and can incorporate

sets of obstacles that block interactions between points in different ways. The spa-

tial clustering method considers the characteristics of geoinformation and satisfies

the requirements of spatial clustering discussed in this chapter. Thus, it is able to

detect quality spatial aggregations including clusters of various densities, clusters of

arbitrary shapes, clusters of different sizes, non-convex clusters, clusters with noise

points, sparse clusters near high-density clusters, clusters linked by multiple chains

and closely located high-density clusters. Figure 3-3(e), Figure 3-4(d) and Figure 3-

5(d) illustrate clusters detected by the multi-purpose exploratory boundary-based

spatial clustering method. These results exhibit more homogeneous distributions

(characteristics) within clusters and thus our approach is more informative and pre-

cise. In addition, the versatile clustering approach can handle various spatial cluster-

ing settings such as 2-dimensional or 3-dimensional point data in different Minkowski

metrics, both in the absence and presence of obstacles.

Further ahead, we will detail and illustrate examples of proximity graphs and the

algorithm that carries out the analysis. However, it is important to emphasize that

we have managed to separate the modeling issues from the algorithmic analysis issues.

As a result, the algorithm is versatile, working in many different contexts essentially

without modification. The algorithm can be coded in a template independently of

the application and domain where the spatial clustering approach is to be performed.
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3.4 Remarks

Bailey and Gatrell [10] remark “space can make a difference”. Data mining promises

more precise and meaningful output with the incorporation of spatial dimensions.

For instance, ‘crime incidents of urban areas are increasing and those of rural areas

are decreasing’ is more precise and meaningful than ‘crime incidents are increasing or

decreasing’. GIS organizes spatial data along with many layers that contain massive

volume of heterogeneous data. In such data-rich environments, versatile exploratory

spatial clustering is essential for GDM in order to explore various spatial settings

and in order to discover valuable patterns. In this chapter, we discussed the special

characteristics of geoinformation that spatial clustering must consider and provided a

generic framework for versatile spatial clustering. Details of our clustering approach

will be provided in subsequent chapters.
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Chapter 4

Short-Long Clustering Criteria

This chapter describes our multi-purpose exploratory boundary-based clustering ap-

proach. We also refer to it as Short-Long clustering in this thesis for reasons that will

be apparent soon. Section 4.1 discusses modeling issues of point data. Here, we show

that the Delaunay diagram robustly and unambiguously defines spatial adjacency of

point data. It also determines a succinct proximity graph in 2D, the Delaunay tri-

angulation. Proximity graphs encode the modeling aspects required for Short-Long

clustering. Then, in Section 4.2, we provide intuition and definitions before we discuss

algorithms for our clustering method. Our method is essentially autonomous, how-

ever, it is possible to adjust a control parameter. Following this, in Section 4.3, we

discuss the exploratory nature of our clustering and introduce methods that facilitate

exploratory analysis using the control parameter. Finally, Section 4.4 presents time

complexity analysis while Section 4.5 reports on performance evaluations.

4.1 Delaunay diagrams for spatial clustering

The modeling and structuring of the geo-referenced data is strongly related to the

analysis functionality of GIS [116]. Thus, modeling, structuring and spatial analysis
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are inter-related and play major roles for the success of informative mining of spatial

data.

4.1.1 Modeling points with Delaunay triangulations

Besides geographical location, topological information is important to GIS, especially

to spatial data analysis. Topology describes the relationship between neighboring

spatial objects, for example near to, contain, touch or adjacent to. In practice, topo-

logical relationships reduce redundancy and enhance the integrity of spatial databases.

Proper modeling of spatial proximity provides useful topological information for spa-

tial data analysis. Neighbors and adjacency can be defined in obvious ways by topo-

logical relationships such as intersect or meet (detecting intersections or common

boundaries between objects). Unfortunately, points neither intersect nor meet, un-

less they overlap. One possible way of capturing spatial proximity of point data is to

perform point-to-area transformations. Now, the topological relationship meet can

be applied. Thus, two points are considered as neighbors if their corresponding ar-

eas share a common boundary. A widely adopted point-to-area transformation is to

assign every location in R to the nearest pi in P . This creates regions in R. The

regions are mutually exclusive regions except for their boundaries and collectively

such regions are exhaustive [110]. Under the Euclidean metric, the resulting tessella-

tion is the well-known Voronoi diagram denoted by V D(P ). As a consequence, two

points are neighbors if and only if their territories (Voronoi regions) share a common

Voronoi boundary. In 2D, the explicit representation of this is nearby neighbor re-

lation is another tessellation (the Delaunay triangulation denoted by DT (P )). It is

the graph dual of V D(P ) and can be obtained by connecting two neighboring points

in V D(P ). Under the assumption that no more than 3 cocircular points occur in P ,

the proximity graph DT (P ) unambiguously defines spatial adjacency.

Figure 4-1 demonstrates the unambiguous modeling by the Voronoi diagram in the

Euclidean metric. The Voronoi diagram approach has a number of merits over con-



Chapter 4. Short-Long Clustering Criteria 60

(a) (b)

Figure 4-1: The modeling and structuring of point data with the Voronoi dia-

gram and Delaunay triangulation (‖P‖ = 5, the configuration of points is the

same as in Figure 3-1): (a) The Voronoi diagram; (b) The Delaunay triangula-

tion.

ventional data models. First, the dual Delaunay triangulation represents adjacency

information explicitly. In 2D, the Delaunay triangulation can be constructed in only

O(n log n) time. The structure is succinct; the number of edges is linear in the num-

ber of points and the expected number of edges incident to a certain point is limited

to a constant value. In addition, the triangulation is as equilateral as possible, so

that the unexpected effect of long elongated edges can be minimized. Given these

reasons, the Delaunay triangulation is a very solid candidate for extracting clustering

information among points. In addition, the Delaunay triangulation is a spanner [78].

A graph G is a spanner if it encodes all proximity information approximately. That

is, for any pair of points pi and pj ∈ P , the shortest path along G from pi to pj has a

length competitive to (approximates within a bounding constant) the path between

pi and pj. For instance, the sum of the length of Delaunay edge e2,3 and the length

of Delaunay edge e3,4 in Figure 4-1(b) approximates the Euclidean distance between

p2 and p4.

The complete graph on P models and captures all the interactions within P . However,

it has Θ(n2) size. This is excessive for data mining. DT (P ) approximates the com-

plete graph on P with linear size. This is not excessive and remains informative. Thus,
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Delaunay triangulations robustly capture and quantify spatial dependence between

points in P , which underpins the First Law of Geography discussed in Section 2.1.

Argument-dependent modeling methods such as k-nearest neighbors and d-distance

neighbors are generally not spanners since they can be disconnected. With k much

smaller than n, the k-nearest neighbor is a linear size proximity graph. But for more

precise proximity information, a larger value of k is necessary. Similarly with prox-

imity graphs like d-distance neighbors. The trade-off is precise modeling of proximity

information versus space requirements. As k and d increase, these proximity graphs

become closer to the complete graph on P . Thus, the use of larger values of k and d

causes a computational burden while the use of smaller values may ignore informative

interactions between points.

4.1.2 Avoiding ambiguities in Delaunay triangulations

In a proximity graph, points are connected by edges if and only if they seem to be

close by some proximity measure [92]. If this simple rule is applied to clustering, two

points belong to the same cluster if they are connected by a small enough edge in the

proximity graph. Analysis of Delaunay edges is very promising for clustering because

a Delaunay edge not only indicates that its end-points are close to each other, but

also that there are no other points in the vicinity of the end-points. This is referred

as the empty circumcircle criterion [110]. Two Voronoi neighbors define an edge of

a triangle of the Delaunay triangulation, the circumcircle of which is empty of any

other points in the dataset. Thus, this accounts for spatial heterogeneity and relative

measurement of separation. These triangles are not affected by insertions/deletion of

points far away but get affected by nearby updates, thus this modeling is dynamic in

the extent of the study region.

However, use of the Delaunay triangulation requires removing some ambiguities. In

the Delaunay triangulation, three points determine a Delaunay triangle if its circum-

circle does not contain any other points in its interior. However, when more than
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three points lie on a circumcircle (where all other points in the dataset are outside

the circle), a unique triangulation can not be defined. Whilst several possible alter-

natives of selecting Delaunay edges result in a valid dual of the Voronoi diagram, a

problem arises for the purposes of analyzing edges and proximity.

(a) (b) (c) (d)

Figure 4-2: Two possible triangulations when four points are cocircular (‖P‖
= 4): (a) Triangulation with longer edge; (b) Triangulation with shorter edge;

(c) Delaunay graph with all possible edges; (d) Delaunay diagram with no

ambiguous edges.

Consider Figure 4-2. There exist two possible triangulations when four points are co-

circular. Proximity information and summary statistics are not the same in the two

different cases. Two points p2 and p4 are not considered as neighbors in Figure 4-2(a),

but they are in Figure 4-2(b). On the other hand, two adjacent points p1 and p3 in

Figure 4-2(a) become unrelated in Figure 4-2(b). Furthermore, the sum (and thus,

the average) of the lengths of Delaunay edges, the degrees (the number of edges inci-

dent to a point) and the standard deviation vary between the two cases. Accepting

any of the valid triangulations over the other alternatives would artificially introduce

structure not really existing in the data. There are two remedies to overcome this

problem. First, all possible edges are taken into account as depicted in Figure 4-2(c).

In this case, the number of edges is no longer linear to the number of points. More-

over, it causes intersection between edges (removing the property that the Delaunay

triangulation is a planar map) resulting in a complex structure to implement. The

second alternative removes diagonals from the Delaunay triangulation as illustrated

in Figure 4-2(d). This is the Delaunay diagram [101], denoted by DD(P ), and makes

the embedded planar map simple. If a face is not a triangle, it is because its points

are cocircular. Thus, it eliminates the statistical side effects caused by triangles when
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cocircularity happens. This Delaunay diagram, constructed by removing all ambigu-

ous diagonals in the Delaunay triangulation, is the source of edge proximity analysis

in this thesis.

4.1.3 Qualities of Delaunay diagrams for spatial clustering

The Delaunay diagram has a number of unique characteristics and offers at least three

direct avenues towards spatial features for clustering. These are perimeter (the sum of

length of edges in a face), angle and Delaunay edge with length. Researchers [35] have

successfully derived the number of clusters using the perimeter. Analyzing perimeters

of Delaunay triangles is particularly intuitive because points determine a Delaunay

face (interior) if and only if its circumcircle does not include any other points in

the dataset. Thus, when a perimeter is small, the points in the face must be close

together and belong to the same cluster. Because Delaunay triangles maximize the

smallest angle, if the perimeter is large, it is because some points in the face is not

in a common cluster. Unfortunately, analyzing angles or analyzing edges is not as

intuitive because neither angles nor edges directly determine the Delaunay diagram.

However, as features of a triangulation, they encode significant proximity information.

The angle is widely used in point pattern analysis to decide whether a set of points

is randomly distributed, regularly distributed or exhibiting clusters [18].

The edge (and its length) is used to detect arbitrary shapes of clusters without requir-

ing the number of clusters [31, 36, 75]. Using edge analysis has a couple of advantages

over the analysis of perimeter and angle measurements for clustering. It is simpler

than the perimeter and the angle. Each edge represents an interaction between a

pair of points while three points are required to determine each perimeter and angle

(and which point to add to the pair for the analysis is not immediate). Thus, the

perimeter and angle are closer to the analysis of triangles in the Delaunay triangu-

lation. This complicates the definition of a discrete relation of proximity between a

pair of points. Secondly, the length of an edge inversely represents the strength of
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interaction between points (recall the distance decays effect [10]). For instance, in

Figure 4-2(a) the pair of points (p2 and p3) is a stronger association (relation) than

the pair of points (p1 and p2). Thus, edges encode proximity and density. Table 4.1

depicts the characteristics of these three properties.

Table 4.1: Comparison of properties of the Delaunay diagram for clustering.

perimeter angle edge with length
considers empty for intuitive no explicit no explicit

circumcircle property justification consideration consideration
previously finding the number point pattern finding clusters
used for of clusters analysis of arbitrary shapes

structure of a more complex more complex simple and explicit
discrete relation (3 points) (3 points) (2 points)
the strength of not able to not able to able to represent

proximity represent represent (inversely)

In fact, Delaunay edges consider implicitly the empty circumcircle property as well as

many other relative proximity properties because the Delaunay triangulation includes

many other proximity graphs (like the Gabriel graph, the relative neighbor graph and

the MST). Thus, we argue that Delaunay edges with their lengths are suitable features

for edge-removal analysis to obtain clusters.

This approach has gained popularity. The simplest example is again the MST or

single-linkage hierarchical clustering. The intuition of edge-removal approaches is

similar. One-dimensional classification of edges results in clusters. However, the pro-

jection of high-dimensional data (2- or 3-dimensional) to 1-dimensional data looses

relative and absolute locational information and thus ignores spatial heterogeneity.

More seriously, the edge-removal approaches are edge-centric. Note that, clustering

is a point-centric (node-centric) process. Edges alone contain less information than

geo-referenced points. An edge only has information about two end-nodes and their

absolute closeness while a point regarded as a node of the planar map has information

about its nearby neighbors and their closeness to the node. Thus, the edge-centric

approaches are clustering methods with less information. Another drawback of these
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previous ideas is that they use directly Delaunay triangulations and return inconsis-

tent results in the presence of cocircularity. This kind of static approach is not able

to detect local variations, and again, fails to identify clusters in situations like those

illustrated in Section 3.2.

4.2 Short-Long clustering criteria

Boundaries are informative to identify clusters since the two sides of a boundary have

different characteristics. The Short-Long clustering method is a boundary-based clus-

tering method. The main principle behind boundary-based clustering is to extract

cluster boundaries from proximity graphs that model discrete point data. The Short-

Long clustering approach based on the Delaunay diagram attempts to locate globally

significant cluster boundaries in the Delaunay diagram. Local neighboring infor-

mation suggests candidates for cluster boundaries and global variation information

determines if suggested candidates are globally significant or not. The local neighbor-

ing information includes local adjacency and density information around each point

that vary over R. Thus, Short-Long clustering is a node-centric dynamic method.

4.2.1 Working principle

Sharp changes in point density are informative of cluster boundaries since the two

sides of a cluster boundary have different densities (one is dense while the other is

sparse). These sudden alternations separate points into similar subgroups and thus

they form cluster boundaries. These cluster boundaries occur where there is high

discrepancy (great variability) among the lengths of incident edges on a vertex p in the

Delaunay diagram. We call border points those points in the proximity graph that are

on cluster boundaries. These border points have two different types of incident edges:

short edges and long edges. Short edges typically connect points within a cluster.

Edges between points in the same cluster are called intra-cluster edges. Long edges
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straddle between clusters or between a cluster and noise (or outliers). Edges between

points in different clusters are inter-cluster edges. These relatively close and remote

neighbors to border points contribute to the characterization of cluster boundaries.

Interestingly, border points share some of these characteristics with points on chains.

These are called chain points. They also have both short edges linking to other

neighboring chain points or border points and long edges connecting to noise points.

We will later characterize chain points.

(a) (b) (c)

Figure 4-3: Illustration of the characteristics of border and chain points: (a) A

dataset (‖P‖ = 26); (b) DD(P ); (c) Incident edges to a border point and a

chain point.

As an example, the dataset shown in Figure 4-3(a) seems to have two clusters linked

by two chain points. Figure 4-3(c) highlights a border point (rounded rectangle) and a

chain point (rhombus) with incident edges in solid lines. Both have exceptionally long

edges in thick solid lines and exceptionally short edges in thin solid lines. As discussed

in Section 3.2.2, chains connect two different spatial aggregations and obstruct cluster

detection. In order to differentiate these chain points from border points, Short-Long

clustering permanently removes exceptionally long edges and temporarily removes

exceptionally short edges. This removal makes some border points and chain points

having only exceptionally long and short edges isolated. Thus, clusters linked by

multiple chains are identified. Later, Short-Long clustering performs connected com-

ponent analysis to recuperate all short edges that are intra-cluster edges (typically

incident to border points) and to permanently remove chains.



Chapter 4. Short-Long Clustering Criteria 67

4.2.2 Intuition and definitions for point-centric statistics

There are several measures for describing dispersion. Undoubtedly, the standard

deviation and its square, the variance, are the most valuable and popular [144]. Thus,

Short-Long clustering detects points whose lengths of incident edges exhibit unusually

large standard deviation. In order to precisely define this notion, we introduce the

following definitions. The graph DD(P ) is a planar map that contains vertices (nodes)

and edges. Here, nodes represent data points and edges connect pairs of nearby

neighbors. For a point pi ∈ P (a vertex of DD(P )), the neighborhood N(pi) is the

set of Delaunay edges incident to point pi.

Definition 4.2.2.1 (Point-centric statistic 1) We denote by Local Mean(pi) the

mean length of edges in N(pi) = {ej|pi is incident in ej}. That is,

Local Mean(pi) =
∑

e∈N(pi)

|e|/‖N(pi)‖ =
d(pi)∑

j=1

|ej|/d(pi), (4.1)

where d(pi) denotes the number of Delaunay edges incident to pi (the degree of pi in

the graph theory sense), and |e| denotes the length of Delaunay edge e.

Definition 4.2.2.2 c We denote by Local St Dev(pi) the standard deviation of the

lengths of edges in N(pi). That is,

Local St Dev(pi) =

√√√√√
d(pi)∑

j=1

(Local Mean(pi)− |ej|)2 /d(pi). (4.2)

Firstly, Short-Long clustering needs to quantify relative proximity of incident edges

to each pi ∈ P . Edges ej incident to a certain point pi could be potentially classified

into inter-cluster edges if

|ej| > Local Mean(pi) + l × Local St Dev(pi), (4.3)

where l is a scaling factor. If the factor l scales globally, it will not apply local

and non-stationary information but global information to all points. This is because
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Local St Dev(pi) increases as Local Mean(pi) increases. However, a point pi with a

smaller value of Local Mean(pi) is likely to be a point lying within a cluster (an inner

point) — while if a point pj exhibits a larger value, it is more likely to be noise. Thus,

we need to vary the value l in order to incorporate the relative tendency. Namely,

a smaller value of Local Mean(pi) requires a larger value of l while a larger value of

Local Mean(pi) requires a smaller value of l.

More seriously, Local Mean(pi) and Local St Dev(pi) are statistical indicators based

on only d(pi) length values. This is a very small sample, because E[d(pi)] = 6 in

Delaunay diagrams [110]. Thus, we now introduce measures that incorporate global

and local interactions, and in fact, this measure will result in tests that make a

decision on each edge using the data of all Θ(n) edges in DD(P ).

Definition 4.2.2.3 (Point-centric statistic 3) We denote by Mean St Dev(P ) the

average of the Local St Dev(pi) values as we let pi be each point in P . That is,

Mean St Dev(P ) =
n∑

i=1

Local St Dev(pi)/n. (4.4)

Here, n is the number of points in P . Note that, a value of edge length spread

like Local St Dev(pi) is large or small only in relation to the global value reflected

in Mean St Dev(P ). Thus, we introduce an indicator of the relative size of Lo-

cal St Dev(pi) with respect to Mean St Dev(P ).

Definition 4.2.2.4 We let Relative St Dev(pi) denote the ratio of Local St Dev(pi)

and Mean St Dev(P ). That is,

Relative St Dev(pi) = Local St Dev(pi)/Mean St Dev(P ). (4.5)

Relative St Dev(pi) represents the required relative deviation. The value of Rela-

tive St Dev(pi) is less than 1 for a point pi that locally exhibits less spread of lengths

of its incident edges than the generality of P , while it is greater than 1 for a point pi
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that locally exhibits more variability. The inverse of Relative St Dev(pi) fulfills the

role required for the scaling factor l, thus it is replaced as follows.

l = m× Relative St Dev(pi)
−1 = m×Mean St Dev(P ) / Local St Dev(pi), (4.6)

where m is a control value.

If we replace Equation 4.6 in Equation 4.3, then we get the following derivation.

|ej| > Local Mean(pi) + m× Relative St Dev(pi)
−1 × Local St Dev(pi)

= Local Mean(pi) + m× Mean St Dev(P )

Local St Dev(pi)
× Local St Dev(pi)

= Local Mean(pi) + m×Mean St Dev(P ). (4.7)

Thus, edges that satisfy Equation 4.7 are defined as globally long edges. That is,

edges incident to pi are globally long edges if their lengths exceed the tolerance of

m×Mean St Dev(P ). Thus, m×Mean St Dev(P ) is referred as a tolerance value.

With this tool, we propose to discriminate edges into those unusually short, those

unusually long and those that seem to be proper intra-cluster edges.

Definition 4.2.2.5 An edge ej ∈ N(pi) belongs to Short Edges(pi) if and only if the

length of ej is less than Local Mean(pi) − m × Mean St Dev(P ). That is,

Short Edges(pi) =

{ej ∈ N(pi) | |ej| < Local Mean(pi)−m×Mean St Dev(P )}. (4.8)

Definition 4.2.2.6 An edge ej ∈ N(pi) belongs to Long Edges(pi) if and only if the

length of ej is greater than Local Mean(pi) + m × Mean St Dev(P ). That is,

Long Edges(pi) =

{ej ∈ N(pi) | |ej| > Local Mean(pi) + m×Mean St Dev(P )}. (4.9)
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Definition 4.2.2.7 Other Edges(pi) denotes the subset of N(pi) whose edges are

greater than or equal to Local Mean(pi) − m × Mean St Dev(P ), and less than or

equal to Local Mean(pi) + m × Mean St Dev(P ). That is,

Other Edges(pi) = N(pi)− (Short Edges(pi) ∪ Long Edges(pi)) . (4.10)

Note that, for each pi, the edges in N(pi) are partitioned into exactly 3 subsets:

Short Edges(pi), Long Edges(pi) and Other Edges(pi). However, an edge linking pi

with pj may belong, for example, to both Short Edges(pi) and Other Edges(pj).

The Short-Long clustering criteria are formalized by Equation 4.8, Equation 4.9 and

Equation 4.10. These criteria utilize both local trend and global trend. In particular,

Local Mean(pi) represents inverse local strength and Mean St Dev(P ) denotes the

global degree of variation in R. Note that, Local Mean(pi), Local St Dev(pi) and

Mean St Dev(P ) are point-centric statistics and two of which vary with pi. Thus, all

the Short-Long clustering criteria are not static, but dynamic over R.

4.2.3 A three-phase Short-Long clustering algorithm

The Short-Long clustering method consists of three phases. Phase I classifies incident

edges into Short Edges(pi), Long Edges(pi) and Other Edges(pi) for each pi. Phase I
also removes all edges in Short Edges(pi) and Long Edges(pi) for each point pi in P .

This produces rough boundaries for clusters, perhaps with some chains and perhaps

isolating some points. For each point pi, Phase II recovers edges in Short Edges(pi)

as long as they do not merge connected components having more than one element,

if this happens, it may re-establish the connected components by removing some

Other Edges(pi). Finally, Phase III looks for inter-cluster edges in a local region of

each pi. Figure 4-4 shows the operation of these phases in a dataset with 3 spatial

aggregations. The Delaunay diagram is presented in Figure 4-4(a), while Figure 4-

4(b) shows the conclusion of Phase I. Application of the second phase results in
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Figure 4-4(c). Data points isolated are attached back. Phase III breaks the links

between the two left clusters. Figure 4-4(d) depicts the final result.

(a) (b)

(c) (d)

Figure 4-4: The three-phase Short-Long clustering procedure (m = 1): (a)

Delaunay diagram(‖P‖ = 391); (b) After Phase I (initial 2 clusters); (c) After

Phase II (2 clusters with refinement); (d) After Phase III (3 clusters).

Phase I: Finding rough cluster boundaries

The two tasks of Phase I are:

1. Permanently remove Long Edges(pi) for each pi ∈ P .

2. Temporary remove Short Edges(pi) for each pi ∈ P .

The main objective of this phase is to extract initial rough boundaries by eliminating

inter-cluster edges. Our earlier discussion justifies in detail the removal of all edges in

Long Edges(pi) from the Delaunay diagram. They simply are too long and are merging

two distinct clusters. We stress that some edges ei,j = (pi, pj) in Short Edges(pi)
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where pj is in the same cluster is temporary removed and to be recuperated in the

next phase to distinguish border points from chain points.

Phase II: Refining clusters by restoring and re-attaching

The goal of this phase is to restore the edges ei,j = (pi, pj) in Short Edges(pi) where pi

and pj are in the same cluster. Also, the goal is to remove some Other Edges(pi) that

are creating paths that may result in chains or links between border points and noise

points. Thus, the first step of Phase II is to compute connected components and label

each point pi with its connected component CC[pi]. If a connected component has

more than one element, it is called non-trivial. If pi is the only point in a connected

component, then the point pi is isolated and called singleton. In this case, CC[pi] is

not a cluster.

To introduce the processing of Phase II, we bring attention to the following obser-

vation.

Observation 4.2.3.1 Let pi ∈ P be such that Other Edges(pi) 6= ∅. Then, all edges

e ∈ Other Edges(pi) connect pi to the same non-trivial connected component.

Using our notation, this means that if two edges ei,j = (pi, pj) and ei,k = (pi, pk) are

in Other Edges(pi), then CC[pj] = CC[pk]. The observation follows trivially from

the fact that pj and pk are connected by the path ei,j and ei,k. Now, we recuperate

Short Edges(pi), and in some cases, revise the connected component for pi. If all

edges in Short Edges(pi) suggest unanimously a connected component, pi is integrated

to that suggestion. If there are two edges in Short Edges(pi) suggesting different

connected components, the largest is adopted. While Other Edges(pi) participate

in the creation of the connected components, now they delegate precedence to the

suggestion by Short Edges(pi) (which in the large majority of the cases is the same

suggestion). The component swap typically occurs on isolated border points that have



Chapter 4. Short-Long Clustering Criteria 73

no Other Edges (for example, the isolated points on the left of the bottom cluster in

Figure 4-4(b)). Details of this process are as follows.

1. For each point pi, we perform the following steps if Short Edges(pi) 6= ∅ and

∃ ei,j = (pi, pj) ∈ Short Edges(pi) satisfying that CC[pj] is a non-trivial con-

nected component.

(a) Determine a candidate connected component C for pi.

i. If there are two edges ei,j = (pi, pj) and ei,k = (pi, pk) in Short Edges(pi)

with CC[pj] 6= CC[pk], then

A. Compute, for each edge ei,j = (pi, pj) ∈ Short Edges(pi), the size

‖CC[pj]‖ and let MX = maxei,j=(pi,pj)∈Short Edges(pi) ‖CC[pj]‖.
B. Let C be the class label of the largest connected component (if

there are two different connected components with cardinality

MX, we let C be the one with the shortest edge to pi).

ii. Otherwise, let C be the label of the connected component to which all

edges e ∈ Short Edges(pi) connect pi.

(b) If the edges in Other Edges(pi) connect pi to a connected component dif-

ferent from C, remove them. Note that,

• because of Observation 4.2.3.1 above, when this case applies, all edges

in Other Edges(pi) are removed, and

• only in this case, will pi swap non-trivial connected components.

(c) Restore all edges e ∈ Short Edges(pi) that connect pi to C.

2. Re-compute connected components.

3. For each singleton pi (CC[pi] = 1), we restore all Short Edges(pi) if ∀ (ei,j =

(pi, pj)) ∈ Short Edges(pi), CC[pj] is the same connected component C.

Thus, Phase II incorporates points that are isolated in singleton connected compo-

nents to non-trivial connected components if and only if they are very close (they have
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at least one Short Edges connected to a non-trivial connected component) in Step 1.

Singletons whose incident edges connected to another singletons are re-attached in

Step 3. Phase II also re-assigns a point pi to C ′ although it is linked to a cluster C

by Other Edges(pi) if there are Short Edges(pi) that indicate membership to C ′ 6= C.

Thus, Phase II refines cluster boundaries.

Phase III: Detecting second-order inconsistency

After the first two phases, the current subgraph of DD(P ) is the result of local analysis

with regard to global trend. To complete the analysis, the immediate neighborhood

is extended slightly. We extend the notion of neighborhood of a vertex pi in a graph

G as follows.

Definition 4.2.3.2 The k-neighborhood Nk,G(pi) of a vertex pi in graph G is the set

of edges of G that belong to a path of k or less edges starting at pi.

The third phase now computes Local Mean(pi) for each pi in P for the 2-neighborhood.

This is defined as follows.

Definition 4.2.3.3 (Point-centric statistic 4) We denote by Local Meank,G(pi)

the mean length of edges in Nk,G(pi). That is,

Local Meank,G(pi) =
∑

e∈Nk,G(pi)

|e|/‖Nk,G(pi)‖.

For each point pi, this phase simply removes all edges in N2,G(pi) that are long edges.

That is, all e ∈ N2,G(pi) such that |e| > Local Mean2,G(pi) + m ×Mean St Dev(P ).

Thus, Phase III removes unusually long edges in the 2-neighborhood, which reduces

inter-cluster dissimilarity and elevates intra-cluster similarity.
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4.3 Control value m

As indicated in Definition 4.2.2.5 and Definition 4.2.2.6, the tolerance value, m ×
Mean St Dev(P ), determines a range of acceptable heterogeneity. If the tolerance

value grows, then most edges are considered as homogeneous. That is, less number of

edges will likely belong to Short Edges and Long Edges. Thus, less number of edges

will be removed in Phase I and Phase III. Namely, relatively heterogeneous lengths

of edges around pi are preserved. Points tend to be linked to their neighbors and thus

close clusters likely merge into the same cluster. If the tolerance value drops, then

exactly the opposite occurs. The tolerance value does not affect Mean St Dev(P ).

This is a value dependent only on the dataset P . Thus, the control value m becomes

an exploratory tool. This section investigates and provides a good initial suggestion

for the value of m.

4.3.1 One standard deviation of the mean

Slightly more than two-thirds of the values in the normal distribution lie within

one standard deviation of the mean [144]. That is, relatively homogeneous values

concentrate around the mean and spread within one standard deviation of the mean.

The values within this range are relatively close to the mean and thus exhibit a certain

level of consistency (homogeneity). On the other hand, the values outside this range

are relatively away from the mean and suggest inconsistency (heterogeneity). Thus,

one standard deviation of the mean is a solid classifier in the normal distribution.

Short-Long clustering analyzes the lengths of edges in DD(P ) with a judging range

(in the form of a statistical test) that combines Local Mean(pi) and Mean St Dev(P ).

We investigate the distribution of Local Mean(pi), and compare and contrast what

proportion lies around a ball of radius Mean St Dev(P ) centered on the mean of

Local Mean(pi). We show that, across different settings, qualitatively the distribution

has the same structure. We instantiate two datasets, one of which is CSR (Complete
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Spatial Randomness) [28] and the other exhibiting well-identifiable concentrations.

These validation sets have the same number of points and scale (the same study

region). These are shown in Figure 4-5.

Delaunay diagrams minimize skinny elongated triangles and maximize equilateral

triangles. In CSR, the proximity to equilateral triangles is better since no point is

particularly far away from others. Thus, the distribution of Local St Dev(pi) val-

ues exhibits a concentration around Mean St Dev(P ) as depicted in Figure 4-5(c).

Most Local St Dev(pi) values vary within a range of radius Mean St Dev(P). In addi-

tion, Figure 4-5(d) shows the tendency of Local Mean(pi) values as a histogram that

displays a concentration around their observed mean. More than four-fifths of the

Local Mean(pi) values lie within Mean St Dev(P ) of their mean. Thus, most points in

R exhibit similar local strengths that concentrate around the mean. The distributions

are close to a bell-shaped distribution (only one mode). Frequency tends to decrease

rapidly as Local Mean(pi) goes away from the mean.

Border points exhibit great variability in datasets that exhibit clusters (for example,

see Figure 4-5(e)). These border points boost Mean St Dev(P ). Thus, the concen-

tration of small Local St Dev(pi) values of inner points is moved and skewed to the

left. This is also the case in the distribution of Local Mean(pi) values as depicted in

Figure 4-5(h). Note that, the presence of noise points will not dramatically change

the distribution, but will remain similar. Although the distribution of Local Mean(pi)

values is skewed, we have a similar number of Local Mean(pi) values within a ball of

radius Mean St Dev(P ) of their mean. This is illustrated for a dataset exhibiting

clusters in Figure 4-5(h). Thus, considering a radius equal to Mean St Dev(P ) of the

mean of Local Mean(pi) includes most homogeneous Local Mean(pi) values regard-

less of shapes of distributions in Delaunay diagrams. Due to the maximization of

proximity to equilateral triangles of Delaunay diagrams, it is expected that a radius

equal to Mean St Dev(P ) centered at the mean of Local Mean(pi) also includes most

homogeneous lengths of N(pi). Thus, the use of 1 as the control value (m) in the

tolerance value (m × Mean St Dev(P )) is desirable to preserve globally homogeneous
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure 4-5: Distributions (as histograms) of lengths of Delaunay edges for CSR

and for datasets exhibiting clusters: (a) CSR dataset (‖P‖ = 453); (b) DD(P );

(c) The distribution of Local St Dev(pi) values in DD(P ); (d) The distribution

of Local Mean(pi) values in DD(P ); (e) Dataset with clusters (‖P ′‖ = 453); (f)

DD(P ′); (g) The distribution of Local St Dev(pj) values in DD(P ′); (h) The

distribution of Local Mean(pj) values in DD(P ′).
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lengths of edges and remove heterogeneous lengths of edges.

4.3.2 Determination of the control value m

Our argumentation above should convince that a control value of m = 1 is sufficient

to obtain robustly clusters using the Short-Long analysis of edges. But, some users

may wish to explore profiles of Local Mean(pi) values and Local St Dev(pi) values,

and their relative spread to the value of Mean St Dev(P ). Comparing these values

also provides some ground for the setting an initial value for m. The tolerance value

defines an acceptable range for homogeneous edges. Thus, if there exists a clear

distinction between inner points and border points, then the distinction will provide

a robust indicator for the acceptable range.

Consider for a moment the premise of partition-based clustering on proximity graphs

that there are two classes of edges, namely, intra-cluster edges that are short and inter-

cluster edges that are long. Under this premise, sorting the edges by their lengths

and plotting the lengths in increasing order would result in a profile like Figure 4-6.

Figure 4-6: Expected profile of edge lengths in proximity graphs.

Namely, there would be a point at which the lengths of edges jump because the intra-
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cluster edges are finished and now lengths of inter-cluster edges show up. This global

static model clustering approach would require only to identify this profile jump to

achieve its goal. It then would find the dotted horizontal line in Figure 4-6 and would

remove all edges longer than this threshold. However, we have argued in Chapter 2

and Chapter 3 that a dynamic model and global clustering approach is needed. We

have also argued in Section 4.1.3 that an approach based on the regional dispersion

around a point pi is more informative than the mere lengths of edges that ignore

such spatial dispersion. Thus, we visualize our point-centric statistics in a similar

plot to Figure 4-6. The control value m regulates the position of the dotted line as a

factor that scales Mean St Dev(P ). However, the values that are displayed in sorted

order are Local Mean(pi) values and their corresponding Local St Dev(pi) values for

confirmation. Again, a jump in the profile (a sudden increase on the values) is what

indicates the classification between unusually short edges and long edges.

We illustrate this with Figure 4-7(a) and Figure 4-7(b). Figure 4-7(a) illustrates typ-

(a) (b)

Figure 4-7: Expected profiles of point-centric statistics with CSR datasets and

datasets exhibiting clusters: (a) Expected profiles of point-centric statistics with

CSR datasets; (b) Expected profiles of point-centric statistics with datasets

exhibiting clusters without noise.

ical profiles of point-centric statistics with CSR datasets while Figure 4-7(b) displays

typical profiles of point-centric statistics with datasets exhibiting clusters without

noise points. Figure 4-7(a) and Figure 4-7(b) plot all of Local Mean(pi) values and

Local St Dev(pi) values and compare these values to the value of Mean St Dev(P ).

Here, the values of Local Mean(pi) are sorted in increasing order. The value of
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Mean St Dev(P ) appears as a horizontal line, since this is a global statistic. Fig-

ure 4-7(a) and Figure 4-7(b) depict that Local St Dev(pi) fluctuates but grows as

Local Mean(pi) increases. This is natural, because the same neighborhood of points

at smaller or larger scale will scale Local St Dev(pi) and Local Mean(pi). Thus, greater

Local Mean(pi) is more likely to have greater Local St Dev(pi).

For CSR datasets, typical profiles of Local Mean(pi) values and Local St Dev(pi) val-

ues are likely to display constant slope (no sudden jump in the profile) as shown in

Figure 4-7(a). This is because no particular sets of points are far away from others,

thus most points exhibit similar point-centric statistics. In particular, it is expected

that most points exhibit small values of Local St Dev(pi) due to this homogeneity. It

is also expected that several border points 1 exhibit relatively large Local Mean(pi)

values and Local St Dev(pi) values. This is because a border point pi may have both

relatively short Delaunay edges (connecting pi to inner points) and relatively long

edges (connecting pi to another border points) incident to them. However, a distinc-

tion between inner points and border points in CSR datasets is not expected to exist

in the same sense as it will be in datasets exhibiting clusters. There is no distinction

between inner points and border points in CSR datasets. Because Mean St Dev(P )

is the observed mean of Local St Dev(pi), it should be central with respect to the

Local St Dev(pi). The observed mean is an estimator of location or central tendency.

This is what we observe in Figure 4-7(a). We also observe no sudden jump in the

profile.

For datasets exhibiting clusters without noise, both Local Mean(pi) values and Lo-

cal St Dev(pi) values are expected to raise rapidly after being essentially flat (refer

to Figure 4-7(b)). This reflects the discrepancy in inner points and border points.

Here, the value of Mean St Dev(P ) is expected to cut through where the values

of Local St Dev(pi) sharply rise and is expected to provide a distinction between

inner points and border points. Thus, the value of Mean St Dev(P ) robustly be-

haves as the tolerance value. It is also expected to be the case in datasets exhibit-

1For a CSR dataset P encapsulated in R, border points are likely to be points lying on the convex
hull of P since all points in P tend to belong to a single cluster.
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ing intermediate distributions (datasets exhibiting clusters with noise) between CSR

datasets and datasets exhibiting clusters without noise. This is because the value of

Mean St Dev(P ) averages Local St Dev(pi) values and thus it is expected to be smaller

than Local St Dev(pi) values of inner points and larger than Local St Dev(pi) values

of border points. Thus, in intermediate distributions, the value of Mean St Dev(P ) is

expected to robustly scale Equation 4.3 and expected to provide a solid initial value

for the tolerance value. Consequently, m = 1 is used as a default value in Short-Long

clustering in the Euclidean distance, unless otherwise noted.

Now, we examine this discussion with datasets shown in Figure 4-5. Figure 4-8(a)

(a) (b)

(c) (d)

Figure 4-8: Profiles of point-centric statistics for Delaunay diagrams in the

Euclidean metric with the CSR dataset and the dataset exhibiting clusters

shown in Figure 4-5: (a) Profiles of point-centric statistics with the CSR dataset

shown in Figure 4-5(a); (b) Clustering result of the CSR dataset (1 cluster); (c)

Profiles of point-centric statistics with the dataset exhibiting clusters shown in

Figure 4-5(e); (d) Clustering result of the dataset exhibiting clusters.

and Figure 4-8(c) plot profiles of point-centric statistics for the CSR dataset shown in
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Figure 4-5(a) and for the dataset with clusters shown in Figure 4-5(e), respectively. In

both Figure 4-8(a) and Figure 4-8(c), the value of Mean St Dev(P ) is almost greater

than the smallest value of Local St Dev(pi) for inner points and is less than the largest

value of Local St Dev(pi) for border points. Thus, Mean St Dev(P ) robustly behaves

as the tolerance value in these examples. Short-Long clustering puts all the points

into the same cluster and suggests no particular aggregation for the CSR dataset

with m = 1 as shown in Figure 4-8(b). On the other hand, with m = 1, Short-Long

clustering reports 9 clusters for the dataset exhibiting clusters (see Figure 4-8(d)).

These clustering results demonstrate the robustness of the default control value.

4.3.3 The control value m as an exploratory tool

The control value m serves as an exploratory tool. Larger values of m widen the

acceptable range of Other Edges, thus they reduce the number of Short Edges and

Long Edges. This decreases the number of edges removed in Phase I and Phase III.

This eventually causes relatively close clusters to merge into the same cluster. The

user may increase the value of m to explore which clusters are growing fast in terms

of their sizes or which clusters are going to merge. Conversely, smaller values of m

result in clusters with more homogeneous lengths of edges. Clusters tend to be broken

into smaller subclusters unless edge lengths are homogeneous enough. Eventually, the

use of smaller values m identifies relatively high-density clusters and homogeneous

clusters, but declares relatively sparse clusters as noise and heterogeneous clusters as

potential outliers. The user may reduce the value of m to find breakable or vulnerable

regions in clusters where they are about to split.

Recall that Chapter 3 offered 3 challenging datasets in Figure 3-3, Figure 3-4 and

Figure 3-5. With the control value m = 1, we obtain the best results. Namely,

Short-Long clustering reports 4 clusters for the dataset in Figure 3-3(a), identifies

3 clusters for the dataset in Figure 3-4(a) and detects 5 clusters for the dataset in

Figure 3-5(a). These clustering results are shown in Figure 3-3(e), Figure 3-4(d) and
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Figure 3-5(d), respectively. Short-Long clustering leaves sparse clusters undetected

with the use of smaller values of m than 1. It suggests 3 high-density aggregations

for the dataset in Figure 3-3(a) and 4 concentrations for the dataset in Figure 3-5(a).

These clustering results are shown in Figure 3-3(b) and Figure 3-5(b), respectively.

Similarly, Figure 3-3(c) and Figure 3-5(c) depict clustering results with the use of

larger values of m than 1. Thus, Short-Long clustering not only can reproduce the

same groupings suggested by traditional peak-inference clustering approaches, but

promises more exploratory capability for identifying cluster merging and discovering

potential splitting risk.

4.4 Time complexity analysis

Along with effectiveness, efficiency is an important factor for clustering in data-rich

environments. Subquadratic time complexity is essential for clustering algorithms in

GDM. The Short-Long criterion is applicable to clustering of very large geo-referenced

data since it requires O(n log n) time.

4.4.1 Short-Long clustering only requires O(n log n) time

Short-Long clustering requires O(n log n) time to construct the Delaunay diagram.

Once this model of proximity is available, Short-Long clustering performs the remain-

ing work in linear time. The computation of Local Mean(pi) and Local St Dev(pi)

takes constant time, since retrieving incident edges for pi requires O(1) time (a con-

stant number of operations). Recall that in 2D, the Delaunay diagram has Θ(n)

edges. Now, the calculation of Mean St Dev(P ) is bounded by twice the number of

edges and, therefore, the edge elimination in Phase I requires O(n) time. To com-

pute connected components only requires O(n) time, since this is linear in the sum of

both number of edges and number of points. Each test to restore Short Edges(pi) in

Phase II is bounded by d(pi) and thus, the total time for Phase II is again bounded
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by a constant time; the number of edges (also linear). Similarly, the local subgraph

around pi in Phase III has size O(d(pi)
2). Because in the Delaunay diagram we

have E[d(pi)] = 6, the total execution in this phase requires time proportional to the

sum of the degrees of all vertices, which is O(n). Consequently, the time complexity

of Short-Long clustering is dominated by computing the Delaunay diagram.

4.4.2 CPU time comparison

While Short-Long clustering requires O(n log n) time, we are interested in verifying

experimentally that the constants under the O notation are small. This is to be

expected, since the dominating O(n log n) time in Short-Long clustering is the com-

putation of the Delaunay diagram. Everything else requires O(n) time.

We compare Short-Long clustering with AMOEBA [36] and DBSCAN [33]. Both

AMOEBA and DBSCAN also require O(n log n) time and have been shown to be very

efficient, (small constant under the O notation). We generated 7 types of datasets

based on a simple mixture model. The number of points varies from 1,000 to 100,000.

Each dataset has 10 randomly distributed cluster centers within the unit square [0,

1] × [0, 1] and 10 percent of the total number of points are just noise points (selected

at random within the unit square). Since Short-Long clustering, AMOEBA and

DBSCAN require spatial proximity modeling (Delaunay diagram for the first two

and R*-tree for DBSCAN), the run time comparison shown in Figure 4-9 includes

the time for constructing their respective data structures. All the experiments were

performed on a 550MHz Pentium III workstation with 128MB memory.

Figure 4-9 demonstrates that Short-Long clustering outperforms AMOEBA with re-

spect to CPU-time by a small margin. Not surprisingly, slight changes of the parame-

ter value (Eps) in DBSCAN results in totally different clustering results and different

CPU-time consumption. DBSCAN outperforms Short-Long clustering with particu-

lar parameter values (Eps = 0.01 and MinPts = 4). However, these values are set to

maximize efficiency and do not guarantee reasonable clustering. DBSCAN requires



Chapter 4. Short-Long Clustering Criteria 85

Figure 4-9: Comparison of CPU times (measurements in seconds).

costly parameter-tuning to produce its best clustering (it still fails to find clusters in

situations like those in Section 3.2). Note that, with parameter values Eps = 0.05

and MinPts = 4 (as suggested by authors, MinPts is fixed to 4) DBSCAN’s time

consumption increases rapidly as the size of data grows. Also, incorrect parameters

for DBSCAN (to large Eps) can make the time requirements quadratic. Short-Long

clustering is argument free. Thus, Short-Long clustering will easily outperform the

use of AMOEBA, DBSCAN or other clustering methods that need parameter-tuning.

The experimental results shown in Figure 4-9 include the time requirements for I/O

and the clustering process. These experimental results illustrate that Short-Long

clustering is efficient in terms of time complexity and scalable to large datasets.

4.5 Performance evaluation

This section presents results of experiments with synthetic datasets and real datasets

that illustrate remarkably the robustness of Short-Long clustering. For the datasets

used in this thesis, we report only clusters with size greater than 1% of the total

number of points, unless otherwise indicated.



Chapter 4. Short-Long Clustering Criteria 86

4.5.1 Clustering quality with stochastic datasets

Three datasets shown in Figure 4-10 are generated within a rectangle [0, 15] × [0,

10] under CSR. Since the data is filling the space with random points, we expect one

single cluster. The intended (generation) intensity (λ) for dataset I, II and III is

1.0, 5.0 and 10.0 while the estimated (sample) λ is 1.07, 5.02 and 9.65, respectively.

(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 4-10: Clustering results of stochastic datasets: (a) CSR dataset I (‖P‖=

160); (b) Delaunay diagram of CSR dataset I; (c) Clustering of CSR dataset I;

(d) CSR dataset II (‖P‖ = 753); (e) Delaunay diagram of CSR dataset II;

(f) Clustering of CSR dataset II; (g) CSR dataset III (‖P‖ = 1447); (h)

Delaunay diagram of CSR dataset III; (i) Clustering of CSR dataset III.

The results of applying our clustering method to these datasets are as follows. All the

points in CSR dataset I are placed in the same cluster as illustrated in Figure 4-10(c).

A big cluster constitutes more than 98% of points in the CSR dataset II while 99% in
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the CSR dataset III are also placed in a single group. Short-Long clustering reports

neither spatial concentrations nor localized excesses in the CSR datasets. Thus, the

default control value robustly works for stochastic datasets.

4.5.2 Clustering quality with synthetic datasets

The data shown in Figure 4-11(a) consists of 12 clusters of various shapes and different

densities. Note that, many are not convex. Short-Long clustering successfully detects

all of them as depicted in Figure 4-11(b). The data in Figure 4-11(c) is the result of

synthetic data generation aimed at creating situations where peak-inference clustering

methods typically fail. Section 3.2 explains these types of situations. The cluster-

ing obtained with the Short-Long clustering approach demonstrates its robustness.

Short-Long clustering correctly identifies two clusters connected by multiple chains

in the top-left corner. Short-Long clustering has no difficulty in detecting a cross-

shaped, but sparse cluster around a high-density cluster at the top-right corner of the

dataset. Again, this mimics real world cases like densely populated city surrounded

by slightly less dense suburbs. Short-Long clustering successfully reports the two

high-density clusters separated by a twisting narrow gap (at the bottom-left of the

dataset). This mimics real world situations where a river separates two highly pop-

ulated areas. Short-Long clustering correctly reports the ring-shaped cluster and the

surrounded island-shaped cluster at the bottom-right of that dataset. Figure 4-11(d)

shows clusters detected by Short-Long clustering.

The datasets in Figure 4-11(e) and Figure 4-11(g) belong to CHAMELEON’s bench-

mark [76] for which most other methods fail to report all concentrations. Regardless

of the challenge posed by different sizes, different densities, and different separations

(inter-cluster distances), Short-Long clustering correctly identifies 8 clusters and 6

clusters as shown in Figure 4-11(f) and Figure 4-11(g), respectively. Some of these

clusters have very little space between them, but Short-Long clustering still detects

these boundaries.
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure 4-11: Clustering results of synthetic datasets: (a) Synthetic dataset I
(‖P‖ = 3250 and exhibiting 12 clusters); (b) Clustering of synthetic dataset I
(results in 12 clusters); (c) Synthetic dataset II (‖P‖ = 8000 exhibiting 8

clusters); (d) Clustering of synthetic dataset II (results in 8 clusters); (e)

Synthetic dataset III (‖P‖ = 8000 exhibiting 8 clusters); (f) Clustering of

synthetic dataset III (results in 8 clusters); (g) Synthetic dataset IV (‖P‖ =

8000 and exhibits 6 clusters); (h) Clustering of synthetic dataset IV (results in

6 clusters).
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Although these 4 datasets exhibit different distributions, the default control value suc-

cessfully identifies globally significant cluster boundaries and suggests high level spa-

tial concentrations. This means that the control value is resistant to types of distribu-

tions. This is expected since the default control value is not set by the user as it is the

case in traditional clustering approaches, but learned from data. Data determines the

point-centric statistics (Local Mean(pi), Local Mean(pi) and Mean St Dev(P )) and

the point-centric statistics determines the default control value.

4.5.3 Clustering quality with real datasets

The datasets displayed in Figure 4-12 are real datasets of Queensland in Australia.

Figure 4-12(a) displays centers for living areas in Queensland and the Short-Long

clustering results. In the bottom-right of the dataset, Brisbane, the capital city of

Queensland, creates one large cluster (incorporating 70 percent of the living areas).

Short-Long clustering detects this and simultaneously, it finds three relatively smaller

clusters along the coast which correspond to big cities such as Cairns, Atherton and

Townsville. Inland areas have no clusters. This highlights the pattern of urban

settlement in coastal areas and around capital cities.

The dataset displayed in Figure 4-12(b) represents landing grounds including aero-

dromes and airports. This dataset does not seem to have any significant cluster.

Landing grounds seem to be scattered all over Queensland. Short-Long clustering

groups 90 percent of them into a large cluster that covers almost all Queensland.

Short-Long clustering also detects two small clusters in the southern portion of Bris-

bane. Note that, visual inspection reveals that there is less density for landing grounds

surrounding the concentrated living areas near Brisbane. Creating the two other clus-

ters South and East of Brisbane. Densely populated urban areas are not likely to have

enough space for many airports. Conversely, sparsely populated inland areas are likely

to have enough space for small aerodromes.

Figure 4-12(c) illustrates a dataset for national parks in Queensland. National parks
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(a) (b) (c)

Figure 4-12: Clustering results of real datasets: (a) Living areas (‖P‖ = 1837)

and Short-Long clustering grouping into 4 clusters; (b) Landing grounds (‖P‖
= 1579) and Short-Long clustering grouping into 3 clusters; (c) National parks

(‖P‖ = 227) and Short-Long clustering grouping into 4 clusters.

are generally located along the coast and the Great Barrier Reef. Short-Long cluster-

ing successfully derives clusters directly overlying the major cities, urban areas and

coastal areas. It finds two high-density clusters including more than half of national

parks on the outer margin of Australia’s continental shelf. Two less dense clusters

are detected around urban areas.

4.6 Remarks

This chapter provides the algorithmic schema for Short-Long clustering and discusses

the efficiency and effectiveness of our approach with a series of performance evalu-
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ations. Unlike classification, clustering is an example of unsupervised learning that

does not rely on user-supplied predefined information [61]. We show that the auto-

matic nature of Short-Long clustering minimizes constraints and bias posed by the

user and suggests many possible high-quality clusters regardless of types of distribu-

tions. Short-Long clustering incorporates the special characteristics of spatial data

discussed in Section 3.1, thus it is able to identify various spatial aggregations. In

particular, we can discover heterogeneous sizes, different densities or arbitrary shapes,

in the absence or presence of noise. Further, Short-Long clustering makes clear dis-

tinction between border points and chain points, thus it is able to detect clusters

linked by multiple chains. In addition, this approach is insensitive to the order of

input, thus it generates consistent results. We also demonstrate the efficiency of our

approach and scalability to large datasets.
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Chapter 5

Short-Long Clustering with

Various Structural Models

Adjacency information explicitly defines is nearby neighbor relations in a topological

space. This topological information forms a structural model used for graph-based

clustering. Once relations are defined, they are preserved by topological transforma-

tions (homeomorphism) of the space [148]. However, there are several ways to define

adjacency information and thus to build a structural model. The previous chapter

discusses Short-Long clustering with a structural model defined by the Delaunay dia-

gram in the Euclidean metric. This structural model assumes that there is a straight

path between two neighboring points. It would be limiting if the user was forced to

use this structural model only. In some spatial settings, adjacency information based

on the Euclidean distance is neither suitable nor applicable.

This chapter investigates extensions of Short-Long clustering to various structural

models. The extensions make Short-Long clustering exploratory and suitable for

“what-if” analysis that enables the user to quickly explore clustering in different set-

tings. Section 5.1 introduces structural models where interactions between neighbors

(Delaunay edges) are obstructed by obstacles. It presents Short-Long clustering in
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the presence of obstacles (referred here as obstacle Short-Long clustering). Different

metric information results in different structural models. Section 5.2 extends the Eu-

clidean metric case of the previous chapter to all Minkowski metrics. In Section 5.3,

we compare and contrast Short-Long clustering with various proximity graphs that

encode different adjacency information.

5.1 In the presence of obstacles

Conventional clustering methods use the Euclidean distance to measure spatial prox-

imity and thus to define a structural model. This assumes that there exists a straight

path between two nearby points in P . However, this assumption is unacceptable in

applications where obstacles (rivers, lakes, political boundaries or mountains) pre-

vent traversing the straight path between the two points. Here, obstacles are not

traversable. Thus, clustering in the presence of obstacles requires a new structural

model that considers distance through the shortest path avoiding obstacles and thus

defines informative adjacency resulting from obstacles.

5.1.1 Obstacles emerge in many spatial settings

This subsection provides two examples where clustering in the presence of obstacles

emerge and motivates the need of incorporating obstacles.

Association analysis when obstacles exist

Spatial clustering is the starting point of many exploratory analyses including spatial-

dominant generalization as discussed in Chapter 1. Here, clustering is to find point

concentrations in a particular layer towards association analysis among layers. Thus,

spatial clustering must ensure high-quality clusters, otherwise spatial associations
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among layers remain undetected. A simple synthetic example in Figure 5-1 illustrates

this point.

(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 5-1: Impact on clustering results when incorporating obstacles:

(a) Three geographical layers; (b) Animal habitats (‖P‖ = 113); (c) Obstacles

(two waterways across national parks); (d) Three national parks; (e) Cluster-

ing result of the “Animal habitats” layer ignoring obstacles; (f) Overlay of the

“National parks” layer and the “Waterways” layer with clustering results ig-

noring obstacles; (g) Clustering result accounting for obstacles; (h) Overlay of

the “National parks” layer with clustering result accounting for obstacles.

Figure 5-1 illustrates the enhanced cluster reasoning and interpretability by account-

ing for an obstacle layer. Figure 5-1(a) shows three geographical layers: “Animal

habitats”, “Waterways” and “National parks”. Figure 5-1(b) shows point data in the

“Animal habitats” layer. Figure 5-1(c) depicts data in the layer labeled “Waterways”

that consists of major rivers and streams. Figure 5-1(d) shows data in the “National

parks” layer consisting of three areas administered as different national parks. Two

of them (island-like national parks indicated as n2 and n3) are surrounded by the

waterways. Spatial-dominant generalization of the “Animal habitats” layer without

accounting for obstacles would proceed as follows.

1. Cluster the “Animal habitats” layer.
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2. Overlay clustering result with the “Waterways” layer to check for association.

3. Overlay clustering result with the “National parks” to check for association.

4. Overlay clustering result with both the “Waterways” and the “National parks”

layers to check association.

Without considering obstacles, the clustering of “Animal habitats” results in a large

cluster c1 with only one hole (refer to Figure 5-1(e)). Then, the overlays with other

layers (Figure 5-1(f)) do not find a close enough match. It is very unlikely that any

interesting association will be found. That is, neither of the national parks explains

the cluster (note that n3 explains only the boundary of the hole, but not the outside

boundary). As polygonized areas, each national park is significantly different from

the cluster c1 and an autonomous system (agent, algorithm or miner) will not flash

out this association.

Alternatively, the “Waterways” layer can be incorporated as obstacles.

1. Cluster the “Animal habitats” layer accounting for the “Waterways” layer as

an obstacle layer.

2. Overlay clustering result with the “National parks” layer to check for associa-

tion.

If the waterways are incorporated into the analysis as crisp obstacles, then the clus-

tering produces two groups c2 and c3 as illustrated in Figure 5-1(g). The autonomous

system will find significant matches between the polygonized area of cluster c2 and

national park n1 and also between cluster c3 and national park n2. These associa-

tions will be suggested by the system and could form the bases of further EDA or

CDA. This oversimplified example suggests that clustering in the presence of obstacles

contributes to find the high level description of clusters and provides a new avenue

of exploration, namely “why are no animal habitats found in the national park n3
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given that it is also surrounded by major waterways as n2, but n2 does exhibit a

concentration of habitats?”.

Facility location in the presence of obstacles

The second illustration of the need to incorporate obstacles in the clustering process

is in the context of facility location. Typically, k-partitioning clustering algorithms

solve an optimization problem that is equivalent to a facility location problem [44].

For example, when medians are used as representatives in k-partitioning clustering,

clusters are encoded by the selection of representatives as each point belongs to the

cluster of its nearest representative. In this case, clusters minimize the absolute error

between a point and its representative or equivalently the expected distance to a

facility (as facilities are placed at the representatives).

Existing k-partitioning algorithms are most useful when the number of facilities (the

facility location literature uses p for the number of representatives, but p = k in

k-partitioning clustering) is known in advance. Searching for p (or k) multiplies the

complexity for the potential values of p and favors larger p since p = n is an absolute

minimum. However, EDA may bring a pleasant balance between the cost of the

number of facilities with the actual cost of the location solution. In other words, the

number of facilities may be decided after careful investigation of the data.

Consider the points in Figure 5-2(a) representing locations of houses and a scenario

where local government is planning to locate public mail boxes. An analysis will

aim at maximizing convenience and accessibility while optimizing the number of mail

boxes. In this region, a river runs across. Algorithms that do not take this into

consideration (for example, plain Short-Long clustering) suggests two clusters (Fig-

ure 5-2(b)). However, this is not a good choice as many people are forced to make

long detours. On the other hand, 4 clusters in the region (Figure 5-2(c)) avoid long

detours and represent spatial aggregations in the presence of obstacles. This simple

example also emphasizes the importance of incorporating obstacles to clustering.
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(a) (b) (c)

Figure 5-2: Locational optimization problem in the presence of obstacles when

the number of clusters is unknown: (a) Houses (‖P‖ = 155); (b) Clustering re-

sult in the absence of obstacles (2 clusters); (c) Clustering result in the presence

of obstacles (4 clusters).

5.1.2 Detour distance and detour path

In a neighborhood defined by Delaunay diagrams, each Delaunay edge represents a

relationship that indicates two end-points are relative neighbors. Strong interactions

(short edges) indicate two end-points more likely belong to the same cluster while

weak ones (long edges) imply end-points belong to distinct clusters. But, in the

presence of obstacles, interactions and paths are blocked by obstacles. A Delaunay

edge that intersects the defining lines of obstacles no longer suffices to link its end-

points as members of the same cluster even if it is very short.

The criteria to evaluate now depend also on the length of edges on the detour path

(and the transparency associated to the obstacle). We use detour path for the shortest

path between two points in the Delaunay diagram where the edges on the path are

Delaunay edges that avoid all obstacles. This is a path in a graph embedded in the

plane. In contrast, detour distance is the length of the shortest path in the plane

between two points.

Figure 5-3 illustrates the distinction. In Figure 5-3(a), thick solid lines represent the

path whose length constitutes the detour distance. The detour path for the same
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pair of points is highlighted in Figure 5-3(b). Dotted edges represent Delaunay edges

that traverse an obstacle. Note that, the lines determining the detour distance are not

edges in the Delaunay diagram. That is, the lines do not represent proper interactions

between points in the absence of obstacles. The detour distance is approximated by

the length of existing Delaunay edges (detour path), since the Delaunay diagram

is a spanner as discussed in Section 4.1. Thus, two end-points of a Delaunay edge

traversing some obstacles would not belong to the same cluster if Delaunay edges on

a detour path for such Delaunay edge are long.

(a) (b)

Figure 5-3: Detour distance and detour path: (a) Detour distance (thick solid

lines); (b) Detour path (thick solid lines).

5.1.3 Algorithms of obstacle Short-Long clustering

Obstacle Short-Long clustering allows four policies to incorporate the effect of ob-

stacles. The four proposed methods correspond to levels of transparency in the ob-

stacles. The participation of obstacles into the analysis is implemented as degrees of

participation (or removal) into the construction of the Delaunay diagram or into the

computation of the two core statistics in the Short-Long clustering criteria (the local

cohesion Local Mean(pi) and the global degree of variation Mean St Dev(P )).

To show these degrees of inclusion of obstacles, we summarize obstacle Short-Long

clustering in pseudo-code next.
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Algorithm Obstacle Short-Long clustering

Input: A set P of points, a set B of obstacles and the control value m;

Output: A graph outG with intra-cluster edges;

1) begin

2)





[v1] G ⇐ BuildGeneralizedDelaunayDiagram(P, B);

[v2] G ⇐ BuildDelaunayDiagram(P );

3) Mean St Dev(P ) ⇐ ComputeMeanStDev(G);

4) do

5) outG ⇐ ThreePhaseClustering(G, m, Mean St Dev(P ));

6) VisualizeClusteringResult(outG);

7) m ⇐ a new control value;

8) until (the user stops)

9) end

The process labeled ComputeMeanStDev() (Step 3) calculates the global variation

indicator Mean St Dev(P ). The process labeled ThreePhaseClustering() (Step

5) represents the three-phase clustering for Short-Long clustering discussed in Sec-

tion 4.2.3, which requires the proximity graph, the control value and the global vari-

ation value. The process labeled VisualizeClusteringResult(outG) (Step 6) visu-

alizes clustering results with the output graph (outG).

We have indicated that the second step has two versions with a version identifier.

One or the other version (exclusively) in Step 2 is to be used. This will define a

starting proximity graph. We will refer to Approach 1 as an instantiation of obstacle

Short-Long clustering that uses Step 2.v1 to determine the initial proximity graph.

Alternatively, we refer to Approach 2 as the use of Step 2.v2 to build the initial prox-

imity graph. Now, the step labeled BuildGeneralizedDelaunayDiagram() returns a

generalized Delaunay diagram that considers the obstacles and where distances are

computed as detour distances to define Voronoi regions (the shortest-path Voronoi di-

agram). This point-to-area transformation step will be fully aware of the crisp obsta-
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cles. However, the step labeled BuildDelaunayDiagram() computes an ordinary De-

launay diagram of the point data. This step alone simply ignores the obstacles. Thus,

Approach 2 requires an obstacle handling process (referred as ProcessObstacles()).

The routine ProcessObstacles() incorporates the obstacles into the template by

modifying the Delaunay diagram with the removal of all Delaunay edges that tra-

verse some obstacles. Instead, detour paths replace the Delaunay edges obstructed

by the obstacles as discussed in Section 5.1.2. The ProcessObstacles() can be placed

in one of three possibilities that differently define the two core statistics.

1. Between Step 2 and Step 3 (Approach 2a).

2. Between Step 3 and Step 4 (Approach 2b).

3. Between Step 5 and Step 6 (Approach 2c).

We proceed now to describe and discuss the four approaches that result from the

proposed template.

1. Constrained Voronoi diagram based approach (Step 2.v1).

This approach defines a structural model with the consideration of obstacle

in the proximity structure. For the construction of the generalized Voronoi

diagram, the metric used evaluates the distance between two points pi and pj

as the length of the shortest path in the plane between the two points that does

not cut any obstacle (see [110] for details). Thus, topological information and

geometrical information are determined by the location, size and every aspect

of the obstacles (as well as the metric used to measure the length of segments of

the path that does not touch obstacles). Thus, computing the proximity graph

is more laborious. Although this approach constructs a Voronoi diagram with

obstacles and the resulting generalized Voronoi diagram is typically different

from the ordinary Voronoi diagram without obstacles, the resulting proximity

graph may not be informative in some cases. In fact, when obstacles are small
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with respect to Delaunay triangles, even if obstacles block straight lines between

two points, the proximity graph may be the same.

1 1

(a) (b)

2 2

3 3

4 4

5
5

Figure 5-4: Voronoi regions change in the presence of obstacles,

but neighborhood information may not change in the constrained

Voronoi diagram(‖P‖ = 5): (a) The Voronoi diagram and Delaunay

diagram in the absence of obstacles; (b) The Voronoi diagram and

Delaunay diagram with three rectangular obstacles.

We illustrate this in Figure 5-4. Figure 5-4(a) shows 5 data points. The Voronoi

regions are indicated by dark lines, while the Delaunay diagram is shown in

dotted lines. Figure 5-4(b) shows the same configuration but with 3 rectangular

obstacles. We do not show the constrained Voronoi diagram but the edges of the

proximity graph (the dotted lines) remain despite they intersect the obstacles.

This is counterintuitive since p1 is almost surrounded by the obstacles. However,

the point equidistant to p1, p2 and p3 remains equidistant to these points despite

the obstacles, and thus in the boundary of the constrained Voronoi regions.

Similarly, there is still a path to get from p1 to p4, and any position along

this path has p1 or p4 as their nearest point. So, this path must go over the

boundary of the constrained Voronoi regions for p1 and p4. So, p1 and p4 remain

as neighbors.

Thus, because the proximity graph derived from the constrained Voronoi di-
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agram is ‘as close as possible’ to the ordinary Delaunay diagram [24, 110],

omitting the procedure ProcessObstacles() is likely to be the application of

ThreePhaseClustering() to the ordinary Delaunay diagram, which may look

like plain Short-Long clustering. The additional complexity in computing the

generalized Voronoi diagram may not pay off. In the algorithm above, this ap-

proach may be more effective with the inclusion of ProcessObstacles(), but

in this latter case the approaches described below (Approach 2 and its variants)

are faster for rather equivalent results.

This approach considers the neighboring information derived directly from the

obstacles. This seems to incorporate the influence of obstacles into the proxim-

ity modeling. However, we see that users may be interested in exploring and

clustering a target layer with respect to various settings. For instance, they may

want to inspect a clustering of the target layer with rivers as obstacles, later

with mountains as obstacles, and further, to test the clusters by overlaying wa-

terways, rivers and lakes as obstacles. This very important exploratory spatial

analysis would be computationally costly because the entire proximity graph is

revised for each layer that might be used as obstacles. For each obstacle layer,

we need to compute the constrained Voronoi diagram. Thus, this approach is

not efficient for “what-if” analysis. It will not return results quickly enough for

decision making and mining massive spatial databases. Another aspect that is

of concern is that the statistic Mean St Dev(P ) is an indication of global vari-

ation in the dataset P and not on the obstacles. But, under this approach, it

will vary significantly with the type of obstacle considered.

2. Edge removal based approach (Step 2.v2).

In this approach, we compute the ordinary Voronoi diagram without obstacles

and derive the ordinary Delaunay diagram. And then, we remove Delaunay

edges that intersect obstacles using the procedure ProcessObstacles().

(a) Computing Mean St Dev(P ) after processing obstacles.

(ProcessObstacles() between Step 2 and Step 3.)
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This approach removes Delaunay edges first with the edge removal proce-

dure ProcessObstacles() and then calculates the global variation indica-

tor Mean St Dev(P ) after the edge removal. Thus, the obstacles influence

the global variation indicator. Finally, we apply ThreePhaseClustering()

to the modified Delaunay diagram.

Users shall consider some features of this alternative. One aspect is that,

this method is not efficient for “what-if” analysis, although it incorporates

an association between layers when computing Mean St Dev(P ). Recall

that this is also the case with Approach 1. In addition, this alternative

has several drawbacks. First, it is still slightly more expensive in terms of

computational efficiency than the two approaches we describe next. This

is because here, we must compute Mean St Dev(P ) for each new set of

obstacles. Second, clustering results are sometimes too sensitive to the

types of obstacles. Typically, this approach can not separate closely lo-

cated clusters. This is because most obstacles are located between clusters

or on sparse regions (where obstacles intersect relatively long Delaunay

edges). Thus this approach computes a value for Mean St Dev(P ) that is

smaller than what is actually needed. As a consequence, less edges belong

to Short Edges(pi) and Long Edges(pi). Therefore, less number of edges

are removed in Phase I and Phase III of Short-Long clustering proce-

dure. This eventually causes closely located clusters to merge into the

same cluster.

(b) Computing Mean St Dev(P ) before processing obstacles.

(ProcessObstacles() between Step 3 and Step 4.)

This approach is the same as Approach 2a except it calculates the global

variation indicator Mean St Dev(P ) before removing Delaunay edges in-

tersecting overlaid obstacles. This approach obtains a global indicator of

variation in P that is not affected by obstacles, but allows obstacles to

change the local topological information (incident edges). Thus, the in-

verse local strength indicator Local Mean(pi) is affected by obstacles and
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this new local indicator is used in the three-phase clustering.

This alternative is efficient for clustering a target layer with different

sets of obstacles since we do not have to compute the Delaunay diagram

and Mean St Dev(P ) for each set of obstacles. Once the Delaunay dia-

gram is built, removal of Delaunay edges that traverse obstacles requires

O([s + t] log n), where s is the number of line segments that determine the

obstacles and t is the total number of edges removed from the Delaunay

diagram. Typically, s and t are much smaller than n unless the set of

obstacles is extremely complex. Once we have the Delaunay diagram and

Mean St Dev(P ) computed, clustering with respect to a new set of obsta-

cles can be obtained in logarithmic time. Thus, this approach is suitable for

exploratory data analysis and “what-if” analysis. Another good aspect of

Approach 2b is that Mean St Dev(P ) is now invariable regardless of types

of obstacles considered in clustering. Namely, Mean St Dev(P ) in the pres-

ence of obstacles is the same as one in the absence of obstacles. Thus, this

approach is able to automatically detect globally significant (within the

context of R and P ) spatial concentrations irrespective of types of ob-

stacles. Thus, we can compare and contrast clustering in the absence of

obstacles with clustering in the presence of obstacles with the same global

variation indicator.

(c) Removing Delaunay edges after computing spatial clusters.

(ProcessObstacles() between Step 5 and Step 6.)

We compute spatial clusters with total disregard for obstacles. When the

results with obstacles are to be presented, obstacles are used to cut, divide

or separate clusters. Clusters are built with a geometry that is oblivious

to obstacles.

This last approach is the most efficient computationally if one consid-

ers that it is very likely that obstacles are actually different geographical

themes and they are stored in different layers. This last approach computes

the clusters independently of obstacles (and thus, the computational effort
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for clustering depends only on the size n of the dataset P ). It depends

on the complexity of obstacles only later when an overlay of clusters and

obstacles is being performed; however, this is very fast because the data

in P has been summarized to clusters and the complexity of obstacles is

usually much smaller than n. Thus, exploration with alternative sets of

obstacles becomes very fast (the point clustering needs to be computed

only once). However, this approach incorporates obstacles only as separa-

tors of clusters and not as elements that affect the neighboring information

of the point data.

Each approach offers valid modeling for settings with obstacles. The user may have

application specific information to prefer one above the other. For example, does

housing distribute along a rail track or does the rail track cut and separate an apparent

cluster of houses? The distinction may be historical, if the rail track was there before

many of the houses, which because of the presence of a station locates the cluster

along the track. Or it may be that the need for a fast train has developed the train

line after the cluster of houses, effectively splitting a cluster.

Nevertheless, each decision to model the geometry, and to allow its impact on the

topology will result in slightly different results. With obstacle Short-Long clustering,

the scenarios of different geometries can all be explored and contrasted. They offer

different geometric interpretations and they offer different computational trade-offs.

Table 5.1: Comparison of point-centric statistics in the four proposed ap-

proaches in the presence of obstacles.

Approach 1 Approach 2a Approach 2b Approach 2c
Local Mean(pi) changed changed changed not changed

Mean St Dev(P ) changed changed not changed not changed

Table 5.1 summarizes the differences brought into the two statistics by the four

proposed approaches. Approach 1 and Approach 2a have different values of Lo-

cal Mean(pi) and Mean St Dev(P ) in the presence of obstacles from those in the
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absence of obstacles. Thus, they are “tightly-coupled” approaches. However, differ-

ent values of Mean St Dev(P ) for different sets of obstacles complicate exploratory

data analysis. Also, the computational cost of Approach 1 makes it less attractive.

Approach 2c is a “loosely-coupled” approach. The presence of obstacles does not

change the two statistics. Obstacles are only used to cut clusters. Approach 2b is

seen as a hybrid approach of Approach 2a and Approach 2c. In this approach, the

global variation is invariant to sets of obstacles. We believe this approach is the

most suitable for exploratory data analysis and “what-if” analysis. Thus, we set

Approach 2b as default because the evaluation of global interactions is considered

with all Delaunay edges even those intersect obstacles, since this is what allows the

discovery of density estimates over R. But when analyzing the neighbors of a data

point, obstacles are considered. An edge intersecting an obstacle is not an edge that

justifies its end-points are neighbors.

5.1.4 Time complexity analysis

Since BuildGeneralizedDelaunayDiagram() requires to construct the constrained

Voronoi diagram for every set of obstacles, Approach 1 is more expensive than Ap-

proach 2. Short-Long clustering requires O(n log n) time as discussed in Section 4.4.

Removal of edges that traverse obstacles requires O([s+ t] log n), where s is the num-

ber of line segments that determine the obstacles and t is the total number of edges

removed from the Delaunay diagram as discussed in Approach 2b. This is because

for each line-segment L defining an obstacle, its end-points can be located within the

Delaunay diagram in O(log n) expected time. Then, the planar structure of the De-

launay diagram can be navigated along the line-segment L collecting edges to remove

in O(log n) expected time. Typically, s and t are much smaller than n resulting in

O(log n) time to update the proximity information with respect to a set of obstacles

unless the set of obstacles is extremely complex. Consequently, obstacle Short-Long

clustering (in default mode) only requires O(n log n + [s + t] log n) time. The time

complexity of obstacle Short-Long clustering is dominated by computing the Delau-
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nay diagram, and in default mode, this does not depend on obstacles. This means

that once we have the Delaunay diagram, it can be stored and analysis with clustering

can be obtained in O(n) time for new sets of obstacles.

5.1.5 Performance evaluation

In this section, we evaluate the performance of obstacle Short-Long clustering. We

compare and contrast clustering results of the four proposed approaches.

Obstacle Short-Long clustering with a real dataset

To illustrate the contrast with the alternatives of incorporating obstacles into Short-

Long clustering, we use a real dataset from Sydney, Australia (refer to Figure 5-5(a)).

The study region has rivers and is surrounded by the ocean.

The point dataset that is the target of clustering is presented in Figure 5-5(b). Fig-

ure 5-5(c) illustrates the clustering result without obstacles that is just one cluster.

Obstacles can be incorporated towards the analysis for EDA. Unfortunately, if ob-

stacles are incorporated as Approach 1, the constrained Voronoi diagram computes

distances between the points that are very similar for many cases as if there were

no obstacles. This is due to the pathways over the rivers through roads and bridges.

Thus, once again, the result is just one cluster as in Figure 5-5(c). The last approach

(Approach 2c) results in only two clusters (one labeled with 4 and , and the other

with +, ?, 3 and ⊕ in Figure 5-5(d)). This is because only the rivers going East-

West cut a North section of the data. Approaches that compute the ordinary Voronoi

diagram but use obstacles to remove edges of the Delaunay diagram produce much

better results. The result of Approach 2b is shown in Figure 5-5(d). Note that, the

North section is shown as two clusters (one labeled with 4 and the other with )

although there is no obstacle between these two clusters. This is because the inverse

local strength is changed due to the presence of obstacles which makes the separa-
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(a) (b)

(c) (d)

Figure 5-5: Obstacle Short-Long clustering with a real dataset from Syd-

ney, Australia: (a) The study region has rivers and surrounded by the ocean;

(b) Point features (‖P‖ = 115); (c) Clustering result of plain Short-Long clus-

tering (1 cluster); (d) Clustering result of obstacle Short-Long clustering (6

cluster and 4 objects are isolated).

tion between the two clusters globally significant. Similarly on the region south of

the East-West rivers. We actually have four clusters (labeled with +, ?, 3 and ⊕).

The geography of the coastline makes these relevant subgroups. In the light of the

obstacles, we see the North-West cluster labeled with ? is indeed relatively far from

other points, similarly the points in the east peninsula labeled with ⊕, as well as the

points in the west peninsula labeled with 3. Note that, we have removed points that

are placed in a cluster by themselves (singletons).
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Obstacle Short-Long clustering with synthetic datasets

To illustrate that obstacle Short-Long clustering produces robust results in the pres-

ence of noise and obstacles with complex scenarios, we present clustering results on

several synthetic datasets that have previously used as benchmarks in Section 4.5.2.

Experimental results reported here are produced with Approach 2b.

Figure 5-6(a), (c), (e) and (g) show synthetic obstacles. Figure 5-6(b), (d), (f) and

(h) depict results of obstacle Short-Long clustering on the datasets shown earlier

in Figure 4-11. These figures use the synthetic obstacles. Figure 5-6(b) depicts

18 spatial aggregations for the synthetic dataset I (Figure 4-11(a)) in the presence

of the waterways obstacle (Figure 5-6(a)). The presence of a range of mountains

obstacle (Figure 5-6(c)) in the synthetic dataset II (Figure 4-11(c)) results in 14

spatial clusters as shown in Figure 5-6(d). Approach 2b has no difficulties with the

CHAMELEON’s benchmark as shown in Figure 5-6(f) and Figure 5-6(h). It suggests

14 and 13 spatial aggregations in the presence of obstacles, respectively. As illustrated,

heterogeneous cluster sizes, different cluster densities and various cluster shapes do

not hinder Short-Long clustering in the absence or presence of obstacles.

5.1.6 Discussion

In this section, we provide a comparison of obstacle Short-Long clustering with

COE [139, 140]. For our best knowledge, these are the only methods for cluster-

ing large geo-referenced point data in the presence of obstacles.

COE is a modification of the k-partitioning algorithm named CLARANS [108] that

embodies a randomized heuristics to solve the k-median problem under the assump-

tion that the number k of clusters is known. Obstacle Short-Long clustering has

several direct advantages over COE. The first advantage is that obstacle Short-Long

clustering uses the Euclidian distance and not the square of the Euclidian distance.

Using the square of the Euclidian distance is typically motivated by considerations
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure 5-6: Obstacle Short-Long clustering with the synthetic datasets those

shown earlier in Figure 4-11: (a) Waterways; (b) Clustering of the synthetic

dataset I with the waterways (18 clusters); (c) A range of mountains; (d) Clus-

tering of the synthetic dataset II with the range of mountains (14 clusters);

(e) Rivers; (f) Clustering of the synthetic dataset III with the rivers (14 clus-

ters); (g) Political boundaries; (h) Clustering of the synthetic dataset IV with

the political boundaries (13 clusters).
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like speeding the implementation by a constant factor and/or by an inductive princi-

ple of least-squares (as is the case with k-means [34]). However, using squares of the

Euclidian distance in the modeling makes the approach extremely sensitive to out-

liers and noise [35, 104, 124]. A second advantage of obstacle Short-Long clustering

over COE is that COE needs to experiment with different values for the number of

clusters while obstacle Short-Long clustering does not. This is a significant benefit,

both in CPU-time and in user-analysis time. As third advantage, obstacle Short-Long

clustering operates with all the data and does not require the preprocessing of COE

to form mini-clusters. This construction of mini-clusters introduces numerical error

and biases to the grouping. Thus, the quality of the clustering is reduced and the

exploratory capability is limited in COE. Fourth, COE uses a randomized interchange

heuristic to approximate the optimum set of k representatives for the clusters. This

heuristics is a very poor hill-climber that can not guarantee even local optimality and

that sacrifices significantly the quality of the clustering for speed in the optimization.

Much better variants of interchange heuristics are well-known from the literature of

facility location, and they have been applied to medoid-based clustering [44]. Fifth,

because of the representative-based nature of COE, the algorithm has a bias for con-

vex clusters, and in particular for spherical clusters. This is probably acceptable when

statistical justifications allow to assume that the data has a probabilistic distribution

from a mixture model of exponential distributions. However, in the presence of obsta-

cles, this assumption will certainly be very difficult to sustain. Obstacle Short-Long

clustering is not restricted to convex clusters as discussed in Section 5.1.5.

One thing in which obstacle Short-Long clustering (especially, Approach 1 and Ap-

proach 2a) and COE are similar is that they are a “tightly-coupled” approach to

including obstacles into the clustering. That is, rather than computing the clustering

ignoring obstacles and then cutting the resulting groups by obstacles, obstacles are

used to modify parameters (the distance or neighboring information) when consider-

ing the cluster. In the case of COE, there is no real explanation about the “loosely-

coupled” approach, specially since this is more efficient and produces similar results

as the “tightly-coupled” approaches with COE. On the other hand, obstacle Short-
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Long clustering not only includes the “loosely-coupled” approach (Approach 2c), but

provides the hybrid Approach 2b that is more efficient than the “tightly-coupled” ap-

proaches (Approach 1 and Approach 2a) and more effective than the “loosely-coupled”

approach (Approach 2c).

5.2 Minkowski metrics

Different metrics result in different structural models. Different clustering results

are derived from different structural models. Short-Long clustering in the absence or

presence of obstacles discussed so far assumes the Euclidean metric where the amount

of separation is based on the existence of a linear path between pairs of points.

In many spatial settings, the Euclidean distance is neither realistic nor applicable.

For example, in urban geography, the Manhattan distance better approximates real

world situations [84] or the Dominance distance may be more applicable. Even these

distances are obstructed by obstacles. Figure 5-7 illustrates this with real data from

the city of Brisbane. Streets demonstrate that the Manhattan metric is more realistic

and applicable to this case. Moreover, the Brisbane river obstructs paths traveling

between p1 and p2 in the Manhattan metric.

Figure 5-7: Real data from the city of Brisbane illustrating unsuitability of the

Euclidean metric.
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We instantiate two metrics of the Minkowski metric in this section, the Manhattan

metric and the Dominance metric. We illustrate the application of Short-Long clus-

tering with the Manhattan metric and the Dominance metric for mining patterns in

urban geography or situations where paths only run horizontally and vertically (grid-

like paths). This extension makes it possible to compare and contrast clustering P

with different metrics. Our exploratory tool allows users to plug in the metric that

they desire, because the software is designed in this way. Recall the Template-Method

Pattern for our framework in Figure 3-6.

5.2.1 Structural models in the Minkowski metric

Adjacency information captured by the Delaunay diagram differs according to the

underlying metric. Let dLp : <2 ×<2 → < denote the p-th Minkowski metric defined

by

dLp(pi, pj) = (|pix − pjx|p + |piy − pjy|p)1/p (p ∈ < ∪ {∞}, and p ≥ 1). (5.1)

If p = 1, then Equation 5.1 becomes

dL1(pi, pj) = |pix − pjx|+ |piy − pjy|, (5.2)

which is called the Manhattan metric, the taxicab metric, the city-block metric or

the rectilinear metric [84, 110]. The Minkowski metric becomes the Euclidean metric

when p = 2. If p = ∞, then the Minkowski metric becomes

dL∞(pi, pj) = max{|pix − pjx|, |piy − pjy|}, (5.3)

which is called the dominance metric, the maximum metric or the supremum met-

ric [73, 110]. We denote by V DLp(P ) the Voronoi diagram and denote by DDLp(P )

the Delaunay diagram in the Minkowski metric Lp
1.

1In this thesis, the Euclidean metric is the default metric space. Thus, the notation of the
Euclidean metric (L2) can be omitted throughout this thesis unless confusion arises. For example,
DD(P ) can be used for DDL2(P ) and d(pi, pj) can be used for dL2(pi, pj).
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Figure 5-8 illustrates differences between V DLp(P ) and DDLp(P ) for the three met-

rics under study. Not only are Voronoi regions of p1 (shaded areas) different, but

neighborhoods vary with the choice of metric. In Figure 5-8(a), the Voronoi region of

(a) (b) (c)

Figure 5-8: Neighborhoods defined by V DLp(P ) and DDLp(P ) (‖P‖ = 10): (a)

V D(P ) and DD(P ); (b) V DL1(P ) and DDL1(P ); (c) V DL∞(P ) and DDL∞(P ).

p1 in V D(P ) consists of six Voronoi edges, thus p1 has six neighbors (from p2 to p7).

These incident edges to p1 appear explicitly in the dual DD(P ). Figure 5-8(b) and

Figure 5-8(c) show that p1 has five neighbors in V DL1(P ) and V DL∞(P ), respectively.

Obviously, they are not the same. The point p4 is a neighbor of p1 while p7 is not in

V DL1(P ). However, p7 is a neighbor of p1 while p4 is not in V DL∞(P ).

5.2.2 Determination of the control value m

Profiles of Local Mean(pi) values and Local St Dev(pi) values, and their relative spread

to the value of Mean St Dev(P ) also provide intuitive guidance for the initial value

of m in the Manhattan metric and in the Dominance metric. This is similar to the

case for the Euclidean metric as discussed in Section 4.3.2. We use the same datasets

used in Section 4.3 for illustration purposes. Again, the reader can extrapolate to

other datasets from these extreme datasets.

Figure 5-9 depicts DDL1(P ) and DDL∞(P ) with the CSR dataset shown earlier in

Figure 4-5(a). It also displays profiles of point-centric statistics for DDL1(P ) and

DDL∞(P ). Figure 5-9(b) shows no sharp increase in the profiles of Local Mean(pi)
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(a) (b)

(c) (d)

Figure 5-9: Profiles of point-centric statistics for DDL1(P ) and DDL∞(P ) with

the CSR dataset (P ) shown earlier in Figure 4-5(a): (a) DDL1(P ); (b) Profiles

of point-centric statistics for DDL1(P ) with the CSR dataset; (c) DDL∞(P );

(d) Profiles of point-centric statistics for DDL∞(P ) with the CSR dataset.

values and Local St Dev(pi) values in the Manhattan metric (L1). That is, lengths of

Delaunay edges incident to pi exhibit relative homogeneity in the Manhattan metric.

In particular, Local St Dev(pi) values of border points (border of R) are almost simi-

lar to those of inner points. That is, there is no distinction between inner points and

border points in Local St Dev(pi) values. This is expected in DDL1(P ) since relatively

long incident edges to border points are not considered as neighbors in V DL1(P ) and

are not encoded in DDL1(P ). Outer boundaries of DDL1(P ) shown in Figure 5-9(a)

illustrate this. However, this is not the case with DDL2(P ) and DDL∞(P ) (refer to

Figure 4-5(b) and Figure 5-9(c)). Border points in DDL2(P ) and DDL∞(P ) exhibit

slightly larger Local St Dev(pi) values than inner points. Since there is no distinction

between inner points and border points in Local St Dev(pi) values, the mean of Lo-

cal St Dev(pi) values values robustly scales Equation 4.3 and suggests a solid initial

value for the tolerance value. Experiments show that the use of Mean St Dev(P )
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for CSR datasets in the Manhattan metric does not detect any significant spatial

aggregations but it places all points in the same cluster.

Profiles in Figure 5-9(d) are very similar to ones in Figure 4-8(a). Thus for the

same reason discussed in Section 4.3.2, Mean St Dev(P ) can be used as the tolerance

value. Experimental results show that the use of Mean St Dev(P ) for CSR datasets

in the Dominance metric places almost all points in the same cluster in most cases.

This demonstrates the robustness of the use of m = 1 in CSR datasets in Minkowski

metrics.

(a) (b)

(c) (d)

Figure 5-10: Profiles of point-centric statistics for DDL1(P ) and DDL∞(P ) with

the dataset exhibiting clusters (P ) shown earlier in Figure 4-5(e): (a) DDL1(P );

(b) Profiles of point-centric statistics for DDL1(P ) with the dataset exhibiting

clusters; (c) DDL∞(P ); (d) Profiles of point-centric statistics for DDL∞(P )

with the dataset exhibiting clusters.

Figure 5-10 displays DDL1(P ) and DDL∞(P ) with the dataset exhibiting clusters

shown earlier in Figure 4-5(e). It also depicts profiles of point-centric statistics for

DDL1(P ) and DDL∞(P ). Delaunay diagrams in Figure 4-5(f), Figure 5-10(a) and
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Figure 5-10(c) illustrate different adjacency information according to different metrics.

However, profiles in Figure 5-10(b) and Figure 5-10(d) are very similar to one in

Figure 4-8(c). The value of Mean St Dev(P ) clearly separates inner points from

border points in these figures. That is, Mean St Dev(P ) clearly indicates a sharp

increase in the profile of Local St Dev(pi) values. Thus, the control value m is set to

1 as default for datasets exhibiting clusters in Minkowski metrics.

5.2.3 Obstacle Short-Long clustering in Minkowski metrics

As illustrated in Figure 5-7, obstacles obstruct the Manhattan distance and the Dom-

inance distance. This section discusses obstacle Short-Long clustering with these

metrics. Approach 1 in these metrics is straightforward. The edge removal approach

(Approach 2) that removes edges to extract the topological information in the pres-

ence of obstacles allows for variants according to geometric models of how obstacles

block paths. That is, the user can also specify the interaction between obstacles and

paths. This interaction is used to infer the topological information from the geo-

metric information. We illustrate now this issue with the Manhattan metric and the

Dominance metric. This issue is not apparent in the Euclidean metric.

If a Delaunay edge ep,q intersects an obstacle (for example, Figure 5-11(a)), then the

Delaunay edge is simply removed. This models that if the direct line from p to q

is unfeasible because of obstacles, then the edge representing the is nearby neighbor

topological relation must disappear. Now, the obstacle has different effects in the

geometry of the Manhattan distance for p and q. Note that, the obstacle shown

in Figure 5-11(a) does not intersect all Manhattan paths2. In particular, ab is not

intersected but the path cd. This is depicted in Figure 5-11(b). In fact, there ex-

ist many Manhattan paths between p and q. However, in this first illustration we

consider Manhattan paths composed of two line segments (ab and cd) as depicted

in Figure 5-11(b) (note that, obstacle blocking between two points p and q in the

2Manhattan paths between points pi and pj are paths with a set of axis-parallel line segments
(e1, e2, . . . , ek) where

∑k
l=1 d(el) is the same as dL1(pi, pj).
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(a) (b) (c)

(d) (e) (f)

Figure 5-11: DDLp(P ) with data exhibiting various types of obstacles.

Manhattan distance may be defined by another researcher as an obstacle that blocks

all Manhattan paths). Our geometric model reflects situations where data is not too

sparse and where Delaunay edges link two closely located neighbors where not many

Manhattan paths (axis-parallel streets) exist between them. More formally, it is up

to the user to decide what topological information to be extracted from a geometric

setting. In a situation like Figure 5-11(b), where an obstacle intersects the Delaunay

edge ep,q and the Manhattan path cd; but the obstacle does not interfere the other

Manhattan path ab, one first answer is to decide that the obstacle does not com-

pletely prevent traversing Manhattan paths between points p and q. Then, on this

intuition, the edge ep,q is not removed for clustering in the Manhattan metric despite

it intersects the obstacle. However, when an obstacle intersects the two Manhattan

paths (as in Figure 5-11(c)), the edge ep,q is removed. Another interesting example

is shown Figure 5-11(d). Despite two obstacles do not intersect ep,q, they prevent

traversing the two Manhattan paths between p and q. The user may opt to decide

that in this geometric setting the edge ep,q is to be removed.
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Note that for other metrics, the user is also in need of defining the extraction of

topological information from the geometric setting. In L∞, |px−qx| is the Dominance

distance in the examples shown in Figure 5-11. Thus, two line segments b and c are

dominant paths. The two obstacles in Figure 5-11(d) do not block the two dominant

paths. Thus, the user may consider that ep,q still represents a proper interaction in

the presence of obstacles in L∞. An obstacle in Figure 5-11(e) blocks one of the

dominant paths namely c, but does not obstruct b. On the other hand, an obstacle

in Figure 5-11(f) completely intersects both dominant paths. Thus, we are inclined

to suggest that the Delaunay edge ep,q in Figure 5-11(e) stays, while in Figure 5-11(f)

(from DDL∞(P )) the edge is to be removed.

Thus, we allow users to incorporate their extraction of geometric to topological infor-

mation according to how it best fits their application. What we are proposing goes

beyond a clustering algorithm for spatial data. Because Short-Long clustering sits

at the topological level and is linear in the topological information, we are actually

presenting a framework for clustering with respect to many metrics and many geo-

metric interpretations of obstacle blocking. In fact, our software is designed in the

spirit of object-oriented design, design patterns and frameworks, where our clustering

only requires the user to supply components that decide if an edge is to be included

in the topological model or not (as in the Template-Method Pattern [86]). Users can

provide their own components that encapsulate the geometry of the metric and the

geometry of obstacle blocking.

Table 5.2 summarizes how we have suggested to apply edge removal for the data

shown in Figure 5-11 for the metrics under study, but we insist that it is the user who

may incorporate more ways. The exploration of these alternative definitions and the

contrasting of clustering results bring insights into the geographical phenomena.

Table 5.2 shows that obstacle Short-Long clustering with L2 will be the most inclined

to separate points in the presence of obstacles while obstacle Short-Long clustering

with L∞ will be the most resistant. The definitions we have provided for the geometric

interaction of obstacles only preserve the Delaunay edge ep,q in DDL2(P ) for the
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Table 5.2: Delaunay edge removal when obstacles appear in Minkowski metrics

for the data shown in Figure 5-11.

ep,q in (b) ep,q in (c) ep,q in (d) ep,q in (e) ep,q in (f)
the Euclidean metric removed removed preserved removed removed
the Manhattan metric preserved removed removed preserved removed
the Dominance metric preserved preserved preserved preserved removed

obstacles shown in Figure 5-11(d). On the other hand, they only remove ep,q in the

Dominance metric for the obstacle depicted in Figure 5-11(f).

5.2.4 Time complexity analysis

Lee [87] has proposed subquadratic algorithms for computing V DLp(P ) and DDLp(P ).

Since the number of edges in DDLp(P ) is linear [87], the three-phase Short-Long clus-

tering procedure is linear. Thus, Short-Long clustering with Minkowski metrics in

the absence of obstacles requires O(n log n) time. Note that, the component that

decides on the extraction of topological information (preservation or removal of a De-

launay edge) requires only constant time. For example, for each Manhattan Delaunay

edge the determination for ep,q tests 4 segments for intersection in the presence of

obstacles. And, it tests 2 segments for each Dominance Delaunay edge. Thus, the

time required for clustering in the presence of obstacles in L1 and L∞ still remains

in O(n log n + [s + t] log n). Still, the complexity of computing DDLp(P ) dominates

the process, thus once proximity graphs are constructed, Short-Long clustering with

Minkowski metrics in the absence or presence of obstacles requires only linear time.

5.2.5 Performance evaluation

Due to the apparent cluster boundaries in the synthetic datasets shown in Figure 4-

11, clustering results of plain Short-Long clustering in the Manhattan metric and the
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Dominance metric are very similar to those in the Euclidean metric. However, this

is not expected in the presence of obstacles as discussed in Section 5.2.3. Obstacle

Short-Long clustering in the Dominance metric is likely to produce less number of

clusters than the other two metrics. We illustrate this with real datasets from urban

areas of Brisbane, Australia that do not have clear cluster boundaries.

Figure 5-12 illustrates datasets including obstacles. Figure 5-12(a) shows 415 major

living areas in inland Brisbane suburbs. Suburbs appear as shaded polygons. Fig-

ure 5-12(b) depicts waterways (light blue in thin solid lines) and the Brisbane river

(dark blue in thick solid lines) also with the shaded areas of suburbs. Figure 5-12(c)

overlays these two layers. Visual inspection indicates that living areas are aligned

along the river despite there are no clear cluster boundaries. The topological infor-

mation disregarding obstacles appears in the next row of subfigures. Figure 5-12(d)

is the topological information derived as the dual of the Voronoi diagram for the

Euclidean distance. Figure 5-12(e) is the topological information for L1 while Fig-

ure 5-12(f) is the topological information for L∞. Clustering ignoring obstacles results

in essentially one large cluster. At first sight, all metrics in the absence of obstacles

produce essentially the same result. A cluster that reflects the elongated form of the

suburbs. Figure 5-12(g), (h) and (i) in L2, L1 and L∞ show each one cluster that

is not exactly the same despite there does not exist a big difference. The cluster in

L1 is the most compact one. The other two seem to have a slight peninsula on the

North-West.

By considering waterways obstacles, the clustering method reports more differences.

Clustering in L2 is depicted in Figure 5-12(j). In this case, clustering detects 4

spatial aggregations in the south of the Brisbane river and 1 cluster in the north.

The one in the north has left out the peninsula referred above and is a cluster that

is more elongated North to South. Using L1, similar clusters are obtained in the

south as shown in Figure 5-12(k). One big cluster in the north of the Brisbane river

demonstrates the main difference between clustering results in L1 and L2. This North

cluster incorporates the peninsula, and it is elongated East-West. Clearly reflecting
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

Figure 5-12: Clustering with Minkowski metrics in the presence of obstacles

(‖P‖ = 415, clusters less than 3% of ‖P‖ are not highlighted): (a) Major living

areas around Brisbane suburbs in Australia; (b) Waterways including Bris-

bane river; (c) Living areas with waterways; (d) DDL2(P ); (e) DDL1(P ); (f)

DDL∞(P ); (g) Clustering of DDL2(P ); (h) Clustering of DDL1(P ); (i) Clus-

tering of DDL∞(P ); (j) Clustering of DDL2(P ) with waterway obstacles (5

clusters); (k) Clustering of DDL1(P ) with waterway obstacles (5 clusters); (l)

Clustering of DDL∞(P ) with waterway obstacles (2 clusters).
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that in the North the waterways travel North-West. This is why the big cluster in

L1 shown in Figure 5-12(k) spreads horizontally while the cluster in L2 depicted in

Figure 5-12(j) spreads rather vertically.

Figure 5-12(l) illustrates the effect of obstacles in L∞. One small sparse cluster and

one large dense cluster are detected. That is, the peninsula has been separated into the

small sparse cluster located in the North-West outskirts of Brisbane and away from

the Brisbane river namely Samford Valley, Camp Mountain and Wights Mountain

suburbs near to the Manorina national park. The large cluster is spread around

urbanized suburbs along the Brisbane river. Waterways do not completely block all

the dominant paths of the large cluster because they are not as dense as the points.

Thus, the exploration with different metrics highlights the interplay of obstacles.

Again, this real data demonstrates that clusters in L∞ are the most unbreakable with

obstacles. However, the broken small cluster highlights the contrast on the other two

metrics.

5.3 With other proximity graphs

In graph-based clustering, proximity graphs capture and store adjacency information

along with edges and nodes. Thus, neighborhoods differ from underlying proximity

graphs. This section discusses the extension of Short-Long clustering with other well-

known proximity graphs. In particular, the Delaunay diagram is linear in size for 2D

but quadratic in size for 3D. However, it is noteworthy that some other proximity

graphs (k-nearest neighbor graphs and k-cone spanner graphs) are linear in size for all

dimensions. Thus, the main goal of this section is to compare and contrast clustering

results using different proximity graphs in the application of Short-Long clustering.

Then, to provide guidelines to have exploration tools for very large spatial datasets,

where the user may trade the argument free use of the Delaunay diagram for an

argument driven exploration of the data with other proximity graphs.
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5.3.1 Proximity graphs are explicit models of neighborhoods

Due to the succinctness of the Delaunay triangulation, its subgraphs are widely used

for representing spatial proximity of point data. Note that, the Delaunay diagram

is a subgraph of the Delaunay triangulation. The Gabriel graph of P , denoted by

GG(P ), is another widely used representation of spatial closeness [51, 92, 98]. GG(P )

has an edge ei,j = (pi, pj) if and only if

d2(pi, pj) < d2(pi, pk) + d2(pj, pk), for all pk ∈ P, k 6= i, j. (5.4)

In other words, two points pi, pj ∈ P are neighbors if and only if all other points in

P - {pi, pj} lie outside the circle having pi and pj as antipodal points [92]. Matula

and Sokal [98] believe that Gabriel graphs provide sufficient but not excessive inter-

connections. Note that, the proximity information in Delaunay triangulations is an

explicit function of three data points, but of only two points for Gabriel graphs (of

course, they are implicitly dependent on the other points being outside the circles

proposed in the definition). However, the issue is that Gabriel graphs may lose some

proximity information due to the simplification.

The relative neighborhood graph of P , denoted by RNG(P ), is based on the notion

of “relative close” neighbors [136]. Two points pi, pj ∈ P form an edge in RNG(P )

if and only if

d(pi, pj) ≤ min max{d(pi, pk), d(pj, pk)}, for all pk ∈ P, k 6= i, j. (5.5)

Namely, an edge ei,j = (pi, pj) explicitly represents is nearby neighbor if and only if

all other points in P - {pi, pj} lie outside of the intersection of two circles: the circle

with center at pi and radius d(pi, pj) and the circle with center at pj and the same

radius [110]. Thus, they are neighbors if they are relatively close enough as they are

to any other point. These sound notions of spatial proximity make RNG(P ) as well

as GG(P ) reasonable candidates for spatial point pattern analysis.

The MST (P ) has long been used for single-linkage clustering. Namely, MST (P )

is a connected subgraph with minimum total length and with vertex set P (in fact,
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MST (P ) is not unique, there may be several Minimum Spanning Trees for the same

dataset P ). Since MST (P ) is a subgraph of RNG(P ) which in itself is a subgraph

of GG(P ). And GG(P ) is a subgraph of DT (P ) [110], each encodes less proximity

information along this family. The simplicity of MST (P ) makes its local statistical

properties vulnerable to small changes. More seriously, MST (P ) does not reflect

local optimization information like DT (P ), GG(P ) or RNG(P ), but rather global

optimization. Thus, it ignores to a larger degree local variations.

(a) (b) (c) (d)

Figure 5-13: Subgraphs of the Delaunay triangulation (‖P‖ = 10): (a) DT (P );

(b) GG(P ); (c) RNG(P ); (d) MST (P ).

Figure 5-13 shows the four graphs on the same dataset and illustrates their alternative

definitions. As shown in Figure 5-13(a), a shaded circumcircle that does not include

any other points determines a facet of Delaunay triangulations. Similarly, a shaded

circle in Figure 5-13(b) does not contain any other points in its interior, besides

the two end-points of the diameter. So, these are neighbors to each other in this

proximity graph. The intersection of two circles in Figure 5-13(c) is an empty lune

(shaded area), thus a straight line between the two center points forms a relative

neighborhood edge for the relative neighborhood graph.

The greedy triangulation of P , denoted by GT (P ), is another type of spatial tes-

sellation implicitly encoding proximity. GT (P ) is obtained by repeatedly inserting

the shortest edge that does not intersect any of the previously inserted edges. Since

DT (P ) and GT (P ) are two well-known triangulations that approximate the open

problem known as Minimum Weight Triangulation [85], they try to minimize the to-

tal length of all the edges. A greedy edge ei,j = (pi, pj) represents spatial proximity



Chapter 5. Short-Long Clustering with Various Structural Models 126

in the sense that ei,j is the strongest (shortest) interaction that does not interfere

previously chosen stronger (shorter) interactions. Figure 5-14 contrasts DT (P ) and

GT (P ). The graph DT (P ) has a global optimization property in that the smallest

angle is as large as possible. Thus, while all the triangles in DT (P ) maximize the

smallest angle, some triangles in GT (P ) have wide angles and some have very narrow

angles.

(a) (b)

Figure 5-14: A comparison between DT (P ) and GT (P ) (‖P‖ = 21):

(a) DT (P ); (b) GT (P ).

Another popular way of modeling spatial proximity is to simply use a metric and the

corresponding distance concept (this is the implicit philosophy between methods for

spatial clustering in data mining like DBSCAN [33]). Namely, points are considered

as neighbors if and only if they lie within a certain distance d. The corresponding

proximity graph is denoted by d-DG(P ). This notion seems to be reasonable and

equivalent weight is assigned to every point. Several density-based clustering ap-

proaches [33, 111] use these d-distance neighbors. However, this has a number of

critical problems. First, this proximity is not argument-free. A value for the argu-

ment d is required. Thus, parameter-tuning is essential to find a best-fit value, and

this may depend heavily on the dataset. Further, globally setting the value of d ig-

nores spatial heterogeneity. In addition, neighbors may not be visible. This makes

visibility, clustering in the presence of obstacles and monitoring analysis difficult.
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An alternative is to assign the same number of neighbors to each point, namely k-

nearest neighbors, denoted by k-NN(P ). This has been used in spatial data mining in

CHAMELEON [76] and could be seen as a variant of d-distance neighboring. Here, d

is not globally static, but rather dynamic over R. Let pk be the k-th nearest neighbor

to pi, then the circle with center pi and radius d(pi, pk) contains a fixed number of

at least k points (except for pi) in its interior or on its boundary. Directed edges

from pi to k nearest points in this circle are included in the proximity graph. All

points in P are assigned a globally fixed number k of neighbors. The uniformity of

the number of neighbors again ignores spatial heterogeneity. In addition, the use of

k-nearest neighbors represents non-symmetric neighboring [4]. This happens where

pi is a neighbor of pj, but pj is not a neighbor of pi. This is inappropriate for

graph-based clustering where two connected points belong to the same cluster. This

could potentially be somewhat alleviated by making every directed edge undirected

(referred as k-UNN(P )). But still, visibility is hard to incorporate.

One variant overcoming this invisibility is the family of k-cone spanner graphs of

P , denoted by k-CSG(P ). The main idea is that it captures the nearest neighbors

in pre-specified k directions or cones of visibility. Thus, k-nearest neighbors, each

the nearest in each of k directions. Making directed edges in k-CSG(P ) undirected

results in undirected k-cone spanner graphs of P , denoted by k-UCSG(P ).

(a) (b) (c) (d)

Figure 5-15: Illustration of k-nearest neighbor graphs and k-cone spanner

graphs (‖P‖ = 5): (a) 1-nearest neighbor graph; (b) 3-nearest neighbor graph;

(c) 2-cone spanner graph; (d) 4-cone spanner graph.

As depicted in Figure 5-15, k-NN(P ) and k-CSG(P ) are argument-dependent (need
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a value for k) and directed (some edges are not symmetric). In Figure 5-15(b), the

shaded disk with center at p0 and radius d(p0, 3rd nearest neighbor (p1)) contains 3

points in P - {p0} in its interior or on its boundary. These are the 3 neighbors of p0

in the 3-nearest neighbor graph. Figure 5-15(c) illustrates a 2-cone spanner graph.

Thus, each point has at most two neighbors. For instance, a point p0 has p1 and p4

as neighbors. The point p1 is the nearest point to p0 in the cone [0, π), while p4 is the

closet in [π, 2π). Also, p1, p2, p3 and p4 are the 4 neighbors of p0 in each quadrant in

the 4-cone spanner graph shown in Figure 5-15(d). Thus, each cone of orientations

(shaded area corresponding to a quadrant) does not contain any other closer point.

Table 5.3: Characteristics of proximity graphs.

DD GG RNG MST GT
Symmetry

√ √ √ √ √
Planar tessellation

√ × × × √
Planar graph

√ √ √ √ √
Spatial heterogeneity

√ √ √ √ √
Neighbor visibility

√ √ √ √ √
Scale-independence

√ √ √ √ √
Argument-free

√ √ √ √ √
Variable number of neighbors

√ √ √ √ √
Local optimization

√ √ √ × ×
d-DG k-NN k-UNN k-CSG k-UCSG

Symmetry
√ × √ × √

Planar tessellation × × × × ×
Planar graph × × × √ √
Spatial heterogeneity × × × × ×
Neighbor visibility × × × √ √
Scale-independence × √ √ √ √
Argument-free × × × × ×
Variable number of neighbors

√ × √ √ √
Local optimization

√ √ √ √ √

Table 5.3 summarizes the characteristics of the proximity graphs discussed above.

Interestingly, the neighboring of d-DG(P ) is scale-dependent, which is different from

the others. The graph k-NN(P ) is the only proximity graph having a fixed number of
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neighbors among the graphs discussed in this section. While the number of neighbors

in k-CSG(P ) is bounded by k, not every point has k neighbors (for example, points

on the convex hull may have empty cones and thus, less than k neighbors). Only,

DD(P ) and GT (P ) are planar tessellations, while only d-DG(P ), k-NN(P ) and k-

UNN(P ) are not planar graphs. The graphs MST (P ) and GT (P ) are not derived

from local optimization, but rather from global criteria. In two dimensions, they all

have linear size, however, when we move up to 3D this is not the case. The graphs

k-NN(P ), k-UNN(P ), k-CSG(P ) and k-UCSG(P ) are attractive as we move to

higher dimensions since they require O(n log n) time and O(n) space (when k is small

with respect to n so that it can be regarded as a constant in data-rich environments).

5.3.2 Performance evaluation

Section 3.2 discusses some examples where typical peak-inference clustering fails to

detect interesting spatial aggregations. This section evaluates experimental results of

Short-Long clustering with the proximity graphs discusses in the previous section on

those examples.

Figure 5-16 shows experimental results with the dataset (Figure 3-3) that exhibits

heterogeneous densities, arbitrary shapes and different sizes while Figure 5-17 shows

experimental results with the dataset (Figure 3-4) where narrow chains connect clus-

ters. Figure 5-18 shows experimental results with the dataset (Figure 3-5) where

narrow gaps appear between high-density clusters. Among the subgraphs of DT (P ),

the results of GG(P ) approximate those of DD(P ). Regardless of heterogeneous dis-

tributions, Short-Long clustering with GG(P ) consistently identifies quality clusters

in these examples as shown in Figure 5-16(a), Figure 5-17(a) and Figure 5-18(a).

Not surprisingly, MST (P ) produces the worst result. This is illustrated in Figure 5-

16(c), Figure 5-17(c) and Figure 5-18(c). The main reason for this is that MST (P )

has lost proximity information in its n - 1 interconnections. Note that, DD(P ) has

more edges (3n - 6 at most) and encodes far more complete spatial proximity. This
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 5-16: Clustering of the dataset shown in Figure 3-3: (a) Result with

GG(P ) (4 clusters); (b) Result with RNG(P ) (7 clusters); (c) Result with

MST (P ) (18 clusters); (d) Result with GT (P ) (4 clusters); (e) Result with

d-DG(P ) (d = 102, 7 clusters); (f) Result with k-NN(P ) (k = 5, 4 clusters);

(g) Result with k-UNN(P ) (k = 5, 4 clusters); (h) Result with k-CSG(P ) (k

= 4, 2 clusters); (i) Result with k-UCSG(P ) (k = 4, 4 clusters).
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 5-17: Clustering of the dataset shown in Figure 3-4: (a) Result with

GG(P ) (3 clusters); (b) Result with RNG(P ) (17 clusters); (c) Result with

MST (P ) (22 clusters); (d) Result with GT (P ) (3 clusters); (e) Result with

d-DG(P ) (d = 8, 3 clusters); (f) Result with k-NN(P ) (k = 5, 3 clusters);

(g) Result with k-UNN(P ) (k = 4, 3 clusters); (h) Result with k-CSG(P ) (k

= 4, 1 cluster); (i) Result with k-UCSG(P ) (k = 4, 3 clusters).
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 5-18: Clustering of the dataset shown in Figure 3-5: (a) Result with

GG(P ) (5 clusters); (b) Result with RNG(P ) (9 clusters); (c) Result with

MST (P ) (25 clusters); (d) Result with GT (P ) (5 clusters); (e) Result with

d-DG(P ) (d = 4, 4 clusters); (f) Result with k-NN(P ) (k = 12, 5 clusters);

(g) Result with k-UNN(P ) (k = 12, 5 clusters); (h) Result with k-CSG(P ) (k

= 4, 5 cluster); (i) Result with k-UCSG(P ) (k = 4, 5 clusters).

(a) (b)

Figure 5-19: Example where clustering results with DT (P ) and GT (P ) dif-

fer significantly (P is the same as in Figure 5-14): (a) Result with DT (P );

(b) Result with GT (P ).
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simple proximity information makes MST (P ) extremely vulnerable to small varia-

tions, and it is not surprising that MST (P ) is known to be fast but also known to

be a fragile clustering method. Intermediate quality is obtained with RNG(P ) as

shown in Figure 5-16(b), Figure 5-17(b) and Figure 5-18(b). The clustering results

with GT (P ) (Figure 5-16(d), Figure 5-17(d) and Figure 5-18(d)) are as good as those

with DD(P ). As we discussed earlier, these two graphs are approximations to the

Minimum Weight Triangulation. Thus, they may be similar in some cases, and when

this happens, resulting clustering is naturally very similar. However, GT (P ) may

be radically different in some cases, exhibiting the same type of problems as single-

linkage clustering. It creates greedily long paths of artificial chains using short edges.

Figure 5-19 shows that the two graphs exhibit a great level of dissimilarity resulting

different clustering results. Here, GT (P ) fails to detect the circular cluster as one.

The arguments d and k have to be tuned by the user for Short-Long clustering with

the argument-dependent proximity graphs. This argument-tuning may enable the

user to explore datasets with different values of arguments, but is costly in GDM. We

experiment with different values of arguments and what we believe the best results

are presented in Figure 5-16, Figure 5-17 and Figure 5-18. Typically, larger values of

arguments cause closely located clusters to merge into the same cluster while smaller

values leave sparse clusters fragmented. This is because large values increase inter-

connectivity and smaller values decrease inter-connectivity. However, Short-Long

clustering exhibits relatively little sensitivity with respect to the values of arguments.

This will be further discussed in Section 6.4.2.

The Short-Long clustering method with d-DG(P ) overcomes the difficulties caused by

multiple chains (Figure 5-17(e)), but fails to identify clusters with different densities

(Figure 5-16(e) and Figure 5-18(e)). This is expected since DBSCAN [33] (that

is based on this type of proximity representation) is unable to simultaneously find

clusters with different densities. Experimental results with k-NN(P ) (Figure 5-16(f)

Figure 5-17(f) and Figure 5-18(f)) and its counterpart k-UNN(P ) (Figure 5-16(g)

Figure 5-17(g) and Figure 5-18(g)) demonstrate the robustness of the Short-Long
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clustering criteria. Short-Long clustering has no difficulties with these graphs in

these examples where challenges imposed by various types of clusters. This is also the

case with k-UCSG(P ) (Figure 5-16(i) Figure 5-17(i) and Figure 5-18(i)). However,

k-CSG(P ) is sensitive to heterogeneous densities and narrow chains.

These experiments reveal that Short-Long clustering not only detects quality clus-

ters consistently with argument-free graphs, DD(P ), GG(P ) and GT (P ), but works

robustly with argument-dependent proximity graphs, k-NN(P ), k-UNN(P ) and k-

UCSG(P ). This extendability offers more exploratory functions to the user. Recall

that typical peak-inference clustering fails to identify quality clusters in these exam-

ples as discussed in Section 3.2.

5.4 Remarks

The problem of spatial clustering is a matter of identifying neighbors (building neigh-

borhoods) and quantifying their relative closeness or remoteness (establishing a crite-

rion function). Thus, clustering can be viewed as a two-step process: data preprocess-

ing and data grouping. Data preprocessing structures raw input data and produces

a clustering schema. The schema will guide data grouping.

This chapter fixes the second process to Short-Long clustering and investigates its

applicability to various structural models that arise from incorporating obstacles,

different metric information and various structural proximity models. Experiments

demonstrate that plain and obstacle Short-Long clustering consistently report quality

spatial aggregations in various clustering settings. This extendability enables the user

to explore different clustering settings and to select the best one for the data under

investigation.
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Chapter 6

Short-Long Clustering in Higher

Dimensions

Geographical data includes locational dimension, attribute and time [25]. Short-

Long clustering in the previous chapters deals with point data with two-dimensional

location information (x and y or easting and northing). In some situations, three-

dimensional data models better real-world phenomena [14]. For instance, under-

ground and marine geoinformation studies and even astronomy demand clustering

techniques capable of dealing with three-dimensional data due to their inherent vol-

umetric nature. Furthermore, the rapid development of 3D GIS (for instance, Voxel

Analyst 1, ArcView 3D Analyst 2, VULCAN 3 and Surpac Vision 4) is demanding

clustering algorithms for exploratory and data mining studies identifying volumetric

clusters.

This chapter investigates the extension of Short-Long clustering method to three

dimensions (P ⊂ <3) that include a measurement z or elevation in a third dimension.

1http://www.intergraph.com
2http://www.esri.com
3http://www.maptek.com
4http://www.surpac.com.au
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We limit discussions to the Euclidean metric in this thesis, but extensions to the

Minkowski metric can be performed as in Section 5.2. As discussed in Section 5.3,

k-UNN(P ) (the symmetric closure of k-NN(P )) robustly identifies quality cluster

boundaries in various situations (refer to experimental results in Section 5.3.2). This

graph is of particular interest in three dimensions, since it requires O((n + k) log n)

time and O(kn) space while three-dimensional DD(P ) requires O(n2) time and space.

In this chapter, we discuss three-dimensional Short-Long clustering with the default

DD(P ) and k-UNN(P ).

First, Section 6.1 discusses benefits from three-dimensional clustering by incorporat-

ing additional location information. Then, we investigate the method to determine

the initial value of the exploratory argument m with the three-dimensional Delaunay

diagram and k-UNN(P ) in Section 6.2. After that, we analyze time complexity and

clustering results in Section 6.3 and Section 6.4, respectively.

6.1 Benefits from three-dimensional clustering

Incorporating additional location information in geo-referenced data enables us to dis-

tinguish positive-clusters (clusters in higher dimensions, but not in lower dimensions)

and negative-clusters (clusters in lower dimensions, but not in higher dimensions).

For example, Figure 6-1 illustrates positive-clusters. Three-dimensional points pro-

jected into the xy-plane do not seem to exhibit any spatial concentrations. However,

projections to the yz -plane, the zx -plane or the xyz -view reveal that there are clusters

in <3. Thus, GIS may miss spatial aggregations embedded in 3D when manipulating

data only on the xy-plane. In general, to determine the 2D projection to reveal a 3D

cluster may demand probabilistic assumptions in order to apply parametric statis-

tics (techniques like factor analysis). This alternative will step out from exploratory

analysis. On the other hand, Figure 6-2 shows an example of a negative-cluster. The

projection of a set of points appears to reveal a cluster that is inexistent in higher
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(a) (b)

(c) (d)

Figure 6-1: Illustration of positive-clusters (‖P‖ = 20): (a) Projection into the

xy-plane; (b) Projection into the yz -plane; (c) Projection into the zx -plane; (d)

The xyz -view.

(a) (b)

(c) (d)

Figure 6-2: Illustration of a negative-cluster (‖P‖ = 25): (a) Projection into

the xy-plane; (b) Projection into the yz -plane; (c) Projection into the zx -plane;

(d) The xyz -view.
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dimensions. Points grouped to the same cluster in Figure 6-2(a) do not preserve this

membership in <3. Improperly reported clusters can cause incorrect interpretation

and may mislead further explorations. Thus, spatial clustering must be able to handle

three-dimensional data and even higher-dimensional data including attributes and/or

time.

6.2 Determination of the control value m

We now present an evaluation of initial determination of the control value m in the

two proximity graphs (DD(P ) and k-UNN(P )) under study. We will show that

the heuristic applies uniformly to these proximity graphs in three dimensions. This

evaluation will also provide a justification for the default value of m. The evaluation

is experimental. We consider two datasets (one does not exhibit spatial clusters

while the other does). These datasets are generated for illustration purpose within

the unit cube [0, 1] × [0, 1] × [0, 1]. Figure 6-3 depicts the first dataset, referred

as 3D-CSR (for 3-dimensional CSR). The second dataset will be called 3D-DwC

(for 3-dimensional Data with Clusters). This is shown in Figure 6-4. 3D-DwC was

generated from 5 randomly selected seeds within the unit cube. Points belonging to

clusters are generated around the seeds within randomly chosen radii. However, 5%

of the points are noise — they are uniformly drawn in the unit cube.

6.2.1 The control value m for three-dimensional Delaunay

diagrams

Figure 6-3(b) and Figure 6-4(e) show the trend of the point-centric statistics when

the proximity graph is the three-dimensional Delaunay diagram. Figure 6-3(b) is for

3D-CSR data while Figure 6-4(e) is for 3D-DwC.

For 3D-CSR, we see in Figure 6-3(b) that Local Mean(pi) and Local St Dev(pi) cover
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(a) (b)

Figure 6-3: Use of the three-dimensional Delaunay diagram to analyze three-

dimensional data exhibiting no clusters (‖P‖ = 500): (a) The xyz -view; (b)

Profiles of point-centric statistics for the three-dimensional Delaunay diagram

with 3D-CSR.

a range with no significant features similar to the two-dimensional counterpart as

shown in Figure 4-8(a). That is, lengths of edges incident to pi exhibit relative

homogeneity since no particular points are far away from others in CSR datasets.

Values of Local St Dev(pi) fluctuate closely to the value Mean St Dev(P ). Also, the

value Mean St Dev(P ) is smaller than almost all values of Local Mean(pi) for CSR

datasets (refer to Figure 4-8(a) for 2D and Figure 6-3(b) for 3D). Here, the value of

Mean St Dev(P ) is greater than Local St Dev(pi) values of inner points. However, it

is less for Local St Dev(pi) values of border points that are artificially introduced by

the bounded study region. Thus, Mean St Dev(P ) robustly behaves as the tolerance

value in three-dimensional Delaunay diagrams. Experimental results show that Short-

Long clustering places all the points into the same volumetric cluster and suggests no

particular aggregation for the three-dimensional CSR dataset with m = 1.

On the other hand, for the dataset with clusters (3D-DwC), Figure 6-4(e) shows that

both, Local Mean(pi) and Local St Dev(pi), increase sharply after being essentially flat

for about two-third of the data points. Here, Mean St Dev(P ) clearly indicates the

sharp increase in Local St Dev(pi) values. This ensures the value of Mean St Dev(P )

as the tolerance value for 3D-DwC. With the use of m = 1, Short-Long clustering

identifies 5 volumetric clusters as shown in Figure 6-4(d). Interestingly, the noise

(5%) creates a certain degree of homogeneity in the lengths of edges incident to noise
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(a) (b) (c)

(d) (e)

Figure 6-4: Use of the three-dimensional Delaunay diagram to analyze 3D-DwC

(‖P‖ = 500): (a) Projection into the xy-plane; (b) Projection into the yz -plane;

(c) Projection into the zx -plane; (d) The xyz -view; (e) Profiles of point-centric

statistics for the three-dimensional Delaunay diagram with 3D-DwC.

points. Thus, a decrease is observed in the plot for Local St Dev(pi) as depicted in

Figure 6-4(e). This phenomenon is unlikely in Figure 4-8(c) and Figure 6-7(e) without

noise.

Thus, we can induce that setting the value of m to 1 in the three-dimensional Delaunay

diagram robustly identifies globally significant clusters for three-dimensional datasets

with or without clusters.

6.2.2 The control value m for undirected k-nearest neighbor

graphs

We contrast datasets 3D-DwC and 3D-CSR, but now the underlying graph is k-

UNN(P ). There is no rapid increase in Local St Dev(pi) values for 3D-CSR (Fig-

ure 6-5(b)). The values of Local St Dev(pi) fluctuate slightly in the proximity of the

value of Mean St Dev(P ) as the values of Local Mean(pi) grow. Here, Local St Dev(pi)
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values exhibit a profile that is essentially flat and the value of Mean St Dev(P ) rep-

resents a global trend in Local St Dev(pi) values. Similarly, m is set to 1 as default

and the use of Mean St Dev(P ) for k-UNN(P ) as the tolerance value does not report

any spatial concentrations, but rather assigns all the points into the same cluster.

(a) (b)

Figure 6-5: Use of 16-UNN(P ) to analyze 3D-CSR (P is the same as in

Figure 6-3): (a) The xyz -view; (b) Profiles of point-centric statistics for 16-

UNN(P ) with 3D-CSR.

Figure 6-6(e) shows that the distinction between inner points, and border and noise

points in the values of Local St Dev(pi) for 16-UNN(P ) with 3D-DwC. The value of

Mean St Dev(P ) still provides a solid distinction. The plots in Figure 6-6 show the

results of clustering 3D-DwC with the k-UNN(P ) variant when m is set to 1. There

is essentially no discernible difference between the two clustering results displayed in

Figure 6-6 (the clustering obtained with k-UNN(P )) and Figure 6-4 (the clustering

obtained with DD(P )), which demonstrates that Short-Long clustering is robust to

the use of different families of proximity graphs in three dimensions.

The alternation of families of proximity graphs is not as smooth as imagined from the

figures. In fact, we have facilitated this alternation by carefully selecting the value of

k. Since the expected number of incident edges to a point in the three-dimensional

Delaunay diagram is 48π2/35 + 2, which is approximately 15.5 [110], the value of k

is set to 16 in the analysis. Sensitivity to the value of k will be further discussed in

Section 6.4. As discussed in this section, the value m = 1 is set as default for DD(P )

and k-UNN(P ) regardless of types of distributions of three-dimensional data, unless
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(a) (b) (c)

(d) (e)

Figure 6-6: Use of 16-UNN(P ) to analyze 3D-DwC (P is the same as in

Figure 6-4): (a) Projection into the xy-plane; (b) Projection into the yz -plane;

(c) Projection into the zx -plane; (d) The xyz -view; (e) Profiles of point-centric

statistics for 16-UNN(P ) with 3D-DwC.

otherwise noted.

6.3 Time complexity analysis

Consider a proximity graph G with ‖E‖ edges. Then, the time complexity for

the three-phase Short-Long clustering procedure with a generic proximity graph is

O(‖E‖) as discussed in Section 4.4.1.

6.3.1 With three-dimensional Delaunay diagrams

The construction of the three-dimensional Delaunay diagram requires O(n2) and the

size of the Delaunay diagram is not bounded by O(n) [109, 115]. Klee [79] shows that

the number of f -faces of the Voronoi diagram for n points in a d -dimensional space is
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O(nmin{d+1−f,d d
2
e}) for 0 ≤ f ≤ d. Thus, the number of 2-faces of the Voronoi diagram

for three-dimensional space is O(n2). Namely, the number of edges in the three-

dimensional Delaunay diagram is quadratic. Thus, three-dimensional Short-Long

clustering for three-dimensional Delaunay diagrams requires O(n2) time. However,

researchers [13] have shown how to construct spanner graphs of size O(n) that model

the Delaunay diagram closely by the insertion of O(n) data points. These spanners

can be constructed in O(n log n) time making them suitable proximity graphs to be

used with the Short-Long clustering method in 3D.

6.3.2 With undirected k-nearest neighbor graphs

The construction of k -nearest neighbor graph needs O((n+k) log n) time in 3D. And,

the size of k -nearest neighbor graph is bounded by O(kn). Now, for the applications

of large spatial datasets in GIS, k can be presumed constant. We can obtain k-

UNN(P ) by making all edges undirected. The symmetry of the adjacency matrix

can be used to compactly store k-UNN(P ) in less space than the corresponding k-

NN(P ), which is linear anyway. Thus, three-dimensional Short-Long clustering for

k-UNN(P ) requires O(n log n) time.

6.4 Performance evaluation

This section summarizes experimental results with two datasets to reflect the bene-

fits of Short-Long clustering in three dimensions, in particular, robustness to noise,

clusters of different sizes, clusters of various densities and clusters of heterogeneous

shapes. Figure 6-7 and Figure 6-8 show the datasets. These were also generated

within the unit cube [0, 1] × [0, 1] × [0, 1] based on a simple mixture. The first

dataset named 3D-DSI (3-dimensional DataSet I) has no noise (Figure 6-7) but the

second named 3D-DSII (3-dimensional DataSet II) exhibits 10% noise.
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6.4.1 Clustering with three-dimensional Delaunay diagrams

Regardless of absence or presence of noise points, values of Local Mean(pi) and Lo-

cal St Dev(pi) exhibit a sharp increase as shown in Figure 6-7(e) and Figure 6-8(e).

Again, a decrease is observed in the plot for Local St Dev(pi) values due to 10%

noise for 3D-DSII. The value of Mean St Dev(P ) cuts through the plot of Lo-

cal St Dev(pi) values when the change of magnitude in the derivative occurs. Thus,

Short-Long clustering with the three-dimensional Delaunay diagram correctly iden-

tifies cluster boundaries and detects volumetric clusters in the absence and presence

of noise points. Figure 6-7 depicts 5 volumetric aggregations in the absence of noise

while Figure 6-8 shows 5 volumetric aggregations in the presence of noise.

(a) (b) (c)

(d) (e)

Figure 6-7: Use of DD(P ) to cluster 3D-DSI (‖P‖ = 300): (a) Projection

into the xy-plane; (b) Projection into the yz -plane; (c) Projection into the zx -

plane; (d) The xyz -view; (e) Profiles of point-centric statistics for DD(P ) with

3D-DSI.
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(a) (b) (c)

(d) (e)

Figure 6-8: Use of DD(P ) to cluster 3D-DSII (‖P‖ = 1000): (a) Projection

into the xy-plane; (b) Projection into the yz -plane; (c) Projection into the zx -

plane; (d) The xyz -view; (e) Profiles of point-centric statistics for DD(P ) with

3D-DSII.

6.4.2 Clustering with undirected k-nearest neighbor graphs

The proximity graph k-UNN(P ) is argument-specific. A change of the value of k

results in a rather different proximity graph. Thus, we evaluate the clustering results

with k = 8 and k = 16 in order to analyze the sensitivity of clustering with respect

to the values of k.

Note that, the plots in Figure 6-9(e) and Figure 6-10(e) exhibit similar patterns.

Firstly, values of Local St Dev(pi) in 8-UNN(P ) and 16-UNN(P ) exhibit the same

variability, fluctuating slightly around Mean St Dev(P ). This is because for the spa-

tially aggregated data without noise, all the points have neighbors close to them

in k-nearest neighbor modeling. Secondly, Local Mean(pi) is far greater than Lo-

cal St Dev(pi) and thus it is greater than Mean St Dev(P ) for most points. This

results in narrow acceptable range for Other Edges(pi). Thus, few points slightly

apart from clusters are left as noise. Note that, clustering with the three-dimensional

Delaunay diagram groups those points. In the Delaunay diagram, Delaunay edges
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(a) (b) (c)

(d) (e)

Figure 6-9: Use of 8-UNN(P ) to cluster 3D-DSI (P is the same as in Fig-

ure 6-7): (a) Projection into the xy-plane; (b) Projection into the yz -plane;

(c) Projection into the zx -plane; (d) The xyz -view; (e) Profiles of point-centric

statistics for 8-UNN(P ) with 3D-DSI.

(a) (b) (c)

(d) (e)

Figure 6-10: Use of 16-UNN(P ) to cluster 3D-DSI (P is the same as in Fig-

ure 6-7): (a) Projection into the xy-plane; (b) Projection into the yz -plane;

(c) Projection into the zx -plane; (d) The xyz -view; (e) Profiles of point-centric

statistics for 16-UNN(P ) with 3D-DSI.
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between clusters increase Mean St Dev(P ). The increase widens the acceptable range

for Other Edges(pi) enough to group points lying slightly apart from clusters. Thirdly,

Local Mean(pi) grows steadily.

Figure 6-9 and Figure 6-10 show that Short-Long clustering with the default control

value for k-UNN(P ) variants identifies 5 spatial concentrations regardless of changes

in values for k. Figure 6-9 shows clusters detected by 8-UNN(P ) while Figure 6-

10 depicts clusters detected by 16-UNN(P ), respectively. This demonstrates the

robustness of three-dimensional Short-Long clustering. This multi-purpose boundary-

based clustering is not sensitive to variations of the user-supplied value of k (as long as

k is not extreme, for example k = 1 would result in poor clustering). This is in contrast

to traditional clustering as discussed in Section 3.1. Since three-dimensional Short-

Long clustering derives the point-centric statistics from the underlying proximity

graph (and not from users), it is data-driven and robust to changes in values for k.

Thus, Short-Long clustering preferably infers clusters from data, rather than from

the user’s parameter settings.

Again, the two plots shown in Figure 6-11(e) and Figure 6-12(e) show similar patterns.

However, these patterns are different from those shown in Figure 6-9(e) and Figure 6-

10(e), but similar to that shown in Figure 6-8(e). The values of Local Mean(pi)

and Local St Dev(pi) increase quickly indicating the distinction between noise points

and points belonging to clusters. The value of Mean St Dev(P ) robustly indicates

the distinction. Thus, Short-Long clustering identifies 5 volumetric clusters with

k-UNN(P ) variants with the control value m = 1 and in the presence of noise.

Three-dimensional Delaunay diagrams produce good quality clusters in the absence

and presence of noise while k-UNN(P ) works better in the presence of noise. This

is because incident edges to noise will reasonably increase Mean St Dev(P ) in k-

UNN(P ).

In summary, experiments show three-dimensional Short-Long clustering based on

proximity graphs (the three-dimensional Delaunay diagram and the k-UNN(P )) is

robust and able to detect clusters in the presence of noise, clusters of different densities
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(a) (b) (c)

(d) (e)

Figure 6-11: Use of 8-UNN(P ) to cluster 3D-DSII (P is the same as in

Figure 6-8): (a) Projection into the xy-plane; (b) Projection into the yz -plane;

(c) Projection into the zx -plane; (d) The xyz -view; (e) Profiles of point-centric

statistics for 8-UNN(P ) with 3D-DSII.

(a) (b) (c)

(d) (e)

Figure 6-12: Use of 16-UNN(P ) to cluster 3D-DSII (P is the same as in

Figure 6-8): (a) Projection into the xy-plane; (b) Projection into the yz -plane;

(c) Projection into the zx -plane; (d) The xyz -view; (e) Profiles of point-centric

statistics for 16-UNN(P ) with 3D-DSII.
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and clusters of different sizes. Further, the clustering method is not restricted to

globular clusters, but able to identify clusters of arbitrary shapes.

6.5 Remarks

Spatial clustering approaches have previously focused on two dimensions. Ignoring a

third dimension results in imprecise clustering for 3D data. Geoinformation studies,

such as minefields in underground databases, fishes in marine databases and stars in

astronomy databases need three-dimensional clustering to identify complex volumet-

ric clusters. Clustering algorithms from the data mining literature, although applica-

ble in high dimensional spaces produce imprecise results for complex geo-referenced

clusters due to the ignorance of the special characteristics of geoinformation discussed

in Section 3.1.

This chapter investigates Short-Long clustering for three-dimensional point data based

on discussions made in Section 5.3. Experimental results demonstrate that the

argument-free modeling for three-dimensional point data, Delaunay diagram, encodes

sufficient proximity information. Thus, it is best-suited for Short-Long clustering

where precise proximity information is crucial and high-quality of clusters are essen-

tial. However, Short-Long clustering with the three-dimensional Delaunay diagram

requires O(n2) time and space, which will be problematic for mining massive datasets.

Section 5.3 discusses the applicability of Short-Long clustering to the large family

of proximity graphs including k-UNN(P ) to obtain satisfactory clustering. The k-

UNN(P ) is subquadratic in time and linear in space for any dimensions if we assume

k is constant, which is the case in data mining. This makes it popular in higher

dimensions.

Experiments in Section 5.3.2 demonstrate that Short-Long clustering with k-UNN(P )

robustly identifies various types of clusters and approximates Short-Long cluster-

ing with DD(P ). Not surprising, three-dimensional Short-Long clustering with k-
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UNN(P ) identifies quality volumetric clusters. Most surprisingly, three-dimensional

Short-Long clustering with k-UNN(P ) generates consistent quality clustering results

with little sensitivity to the variation of k values. This is clearly better than previous

traditional semi-automatic clustering where different clustering results are obtained

for slightly modified user-supplied arguments. Thus, three-dimensional Short-Long

clustering reduces exploration time to find best-fit values for arguments.

This chapter now opens the possibility to extend Short-Long clustering to higher

dimensions that incorporate attributes and/or time. Short-Long clustering with k-

UNN(P ) only requires O(n log n) time for higher dimensions (the dimension param-

eter appears as a constant under the O notation).
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Chapter 7

Multi-level Short-Long Clustering

This chapter discusses hierarchical decompositions of data with Short-Long cluster-

ing (referred as multi-level Short-Long clustering). First in Section 7.1, we provide

background on multi-level Short-Long clustering. This aims at revealing the clus-

ter hierarchy of datasets. Then, we propose two multi-level clustering algorithms in

Section 7.2. In Section 7.3, we introduce definitions to explain the working principle

of multi-level Short-Long clustering. In Section 7.4, we introduce a new visualiza-

tion tree that robustly reveals the cluster hierarchy. In this section, we show that

traditional visualization approaches are neither suitable nor applicable for data-rich

environments and claim that our approach better explains the cluster hierarchy and

is suitable for GDM. Section 7.5 shows the computational requirements of multi-level

Short-Long clustering. It requires subquadratic time and linear space. In Section 7.6,

we illustrate the effectiveness of our clustering.

7.1 Multi-level decompositions

In the previous chapters, we have considered single-level clustering (referred as single-

level Short-Long clustering). However, one of the unique characteristics of geo-



Chapter 7. Multi-level Short-Long Clustering 152

referenced data is its generic hierarchical complexity. Clusters may contain several

numbers of subclusters. These subclusters may consist of smaller subclusters. This

kind of hierarchy can be easily found in the real world due to its hierarchical nature.

For instance, a big city is naturally surrounded by several small cities and may contain

a high-density center. Each small city may contain a number of towns. Therefore,

a robust exploratory clustering method should be able to report all possible clusters

and to reveal a cluster hierarchy to help users explore and examine patterns at dif-

ferent geographical scales. Because of the hierarchical nature of geo-referenced data,

partitioning an initial set of points into mutually exclusive and collectively exhaustive

groups with similar and homogeneous characteristics is insufficient to understand its

complex structure. Instead, multi-level (hierarchical) clustering is more informative

in some spatial settings [125].

Figure 7-1 illustrates this. Intuitively, we can recognize that there are three large-

scale clusters in Figure 7-1(a): a cluster of circles, a cluster of triangles and a cluster

of rectangles. Each large-scale cluster is composed of small-scale subclusters. For

instance, the cluster of circles consists of three subclusters while the cluster of triangles

consists of two. A weighted tree graph in Figure 7-1(b) reveals this hierarchy. With

the aid of this tree graph, users not only recognize the total number of clusters, but

also grasp easily the hierarchical structure of the data. Single-level clustering may

produce either three large-scale clusters or nine small-scale clusters for the dataset.

In either case, some structural information is lost. In the former case, nine small-

scale clusters can not be found. Hence, a later search for associations may miss a

relationship. If we assume that points represent Asian shops, then we may miss that

the regular shapes are the result of street boundaries forming blocks (Figure 7-1(c)).

In the case of finding only the high level clusters, the analysis will miss the correct

relationship between Asian shops and suburbs boundaries (Figure 7-1(d)). Single-

level Short-Long clustering reports the three large-scale clusters with m = 1, thus

misses the nine small-scale clusters. Each cluster is of potential interest. Therefore,

missing a cluster can cause incomplete analysis.
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(a) (b)

(c) (d)

Figure 7-1: Point dataset representing an inherent hierarchical data structure:

(a) Point dataset representing Asian shops (‖P‖ = 460); (b) A weighted dendro-

gram explaining the cluster hierarchy; (c) Boundary data representing blocks;

(d) Boundary data representing suburbs.

On the other hand, multi-level Short-Long clustering produces thirteen clusters for the

dataset (the thirteen shaded rectangles in Figure 7-1(b)). These are: a single cluster

forming the whole dataset, three large-scale clusters and nine small-scale clusters.

Now, we can successfully explore and navigate the dataset with the aid of a cluster

hierarchy (Figure 7-1(b)). Now, these multi-level clusters could be tested for possible

associations.
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7.2 Intuition and algorithms

An intuitive notion of what is a cluster (at least for graph-based clustering) is usually

based on connected components as discussed in Section 2.6. These connected compo-

nents may be further decomposed into subclusters in hierarchical clustering methods

unless they are homogeneous. In traditional hierarchical clustering [58, 59, 76, 141,

142, 151], user-supplied global arguments determine termination or merge conditions.

However, these arguments are not easily determined without prior knowledge that

hinders exploration [33]. Multi-level Short-Long clustering overcomes this difficulty.

As discussed in Section 4.3, Section 5.2.2 and Section 6.2, single-level Short-Long

clustering does not detect any spatial concentrations for CSR datasets with m = 1 in

2D or 3D in the Minkowski metric, but rather assigns P to the same cluster. Thus, the

termination condition is met in multi-level Short-Long clustering when a set of points

does not exhibit any spatial aggregations, but rather exhibits point-centric statis-

tics similar to CSR. Therefore, multi-level Short-Long clustering does not require a

termination condition from users, but automatically derives it from data.

We now propose and discuss two approaches for multi-level Short-Long clustering.

1. Reconstruction based approach.

This approach first applies single-level Short-Long clustering to the whole dataset

P to extract globally significant clusters. And then, it recomputes the Delaunay

diagram for each cluster and recursively applies single-level Short-Long cluster-

ing to the cluster. That is, P is decomposed into subsets (C1, C2,..., Ck) and

noise after the initial clustering. For each subset Ci (1 ≤ i ≤ k), this approach

reconstructs DD(Ci) and applies single-level Short-Long clustering to DD(Ci).

Although this approach provides reasonable grounds for multi-level clustering,

it has several drawbacks. First, it requires extra time for recomputing the

Delaunay diagram for each cluster. Second, recomputing DD(Ci) is not affected

by the distribution of points p ∈ P \Ci. Since the cluster Ci is a subset of P , it



Chapter 7. Multi-level Short-Long Clustering 155

is correlated to every point in P . Third, recomputing independent DD(Ci) may

cause some non-informative interactions (edges) that do not exist in DD(P ).

Especially, this is the case when the cluster Ci contains other clusters. Some

edges in DD(Ci) may go over the surrounded clusters. This is illustrated in

Figure 7-2. Let Ci be the “8-like” sparse cluster. Figure 7-2(a) depicts DD(P ).

Figure 7-2(b) shows a subgraph of DD(P ) after the initial clustering. DD(Ci)

illustrated in Figure 7-2(c) contains Delaunay edges running across the dense

clusters. These edges are non-informative in DD(P ). In order to overcome

these drawbacks, we propose another approach that is based on valid Delaunay

edges recuperation.

(a) (b) (c) (d)

Figure 7-2: Effect of two approaches to delineate multi-level clus-

ters: reconstruction vs recuperation (‖P‖ = 250): (a) A dataset

with DD(P ); (b) After single-level Short-Long clustering (3 clus-

ters); (c) Reconstruction of the Delaunay diagram of a sparse cluster;

(d) Recuperation of the Delaunay edges of the sparse cluster.

2. Recuperation based approach.

Similar to the previous approach, it initially applies single-level Short-Long

clustering to P to extract significant clusters in the context of R. Since each

edge ei,j = (pi, pj) represents a valid interaction when CC[pi] = CC[pj] after

the clustering, this edge must be recuperated for the next level of clustering.

Thus, this approach recuperates all Delaunay edges in DD(P ) when their two

end-points belong to the same cluster after the clustering. Once these intra-



Chapter 7. Multi-level Short-Long Clustering 156

cluster edges are recuperated, then single-level Short-Long clustering is applied

to each connected components. Figure 7-2(d) depicts a recuperated subgraph

of DD(P ) after the clustering.

To summarize these algorithms, we provide multi-level Short-Long clustering in pseudo-

code.

Algorithm Multi-level Short-Long clustering

Input: A graph G of P and the control value m;

Output: Multi-level clusters with a cluster hierarchy;

1) begin

2) WriteCluster(G);

3) Mean St Dev(P ) ⇐ ComputeMeanStDev(G);

4) outG ⇐ ThreePhaseClustering(G, m, Mean St Dev(P ));

5) ComputeConnectedComponents(outG);

6) for each connected component CC

7) if(‖CC‖
‖P‖ ≥ NoiseRatio && ‖CC‖ 6= ‖G‖)

8) then

9)





[v1] subG ⇐ BuildDelaunayDiagram(CC);

[v2] subG ⇐ RecuperateDelaunayDiagram(CC);

10) Call Multi-level Short-Long clustering with the subG;

10) else

11) Return;

12) end for

13) end

The algorithm for multi-level Short-Long clustering is based on recursion. The initial

input of the algorithm is DD(P ). The process labeled WriteCluster(G) reports all

points in G as a cluster. The process labeled ComputeConnectedComponents(outG)

(Step 5) computes connected components of the output graph outG. The label
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NoiseRatio (Step 7) represents the default noise ratio. Note that, the default noise

ratio is set to 1% as mentioned in Section 4.5. Step 9 has two versions with a version

identifier. One or the other version is to be used. The reconstruction based approach

uses Step 9.v1 while the recuperation based approach uses Step 9.v2. The process

labeled BuildDelaunayDiagram(CC) builds a new Delaunay diagram with points in

connected component CC while the process RecuperateDelaunayDiagram(CC) re-

cuperates intra-cluster edges in CC. Based on discussion made earlier in this section,

the recuperation based approach is set as default and subsequent sections will be

based on this approach.

7.3 Definitions

The default divisive clustering process starts at the top level (level zero). Each level

labels edges as either “active” or “passive”. Active edges at level k are intra-cluster

edges in that level while passive edges at level k are inter-cluster edges in that level.

Only active edges are used for split to create subclusters in the next level. Here, a

cluster Ci (recall that it is a connected component) is passive at level k if an attempt

to subdivide it fails. That is, the application of single-level Short-Long clustering to

Ci does not find any subclusters (Ci remains a connected component).

The following definitions formalize the discussion above to present the working prin-

ciple of multi-level Short-Long clustering.

Definition 7.3.0.1 Given a level k in the hierarchy, a Delaunay edge ei,j = (pi, pj)

∈ DD(P ) is a passive edge in the level k if and only if CC[pi] 6= CC[pj] in that level.

Passive edges are removed from the proximity graph for the next level, since they are

of no interest any more. Thus, they are no longer used for further clustering. For

instance, edges between the large-scale clusters are eliminated in Figure 7-1(a) after

the first level of clustering. These edges removed are passive edges in the first level
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(level 1). These passive edges represent weak interactions that are not significant in

that level.

Definition 7.3.0.2 Given a level k in the hierarchy, a Delaunay edge ei,j = (pi, pj)

∈ DD(P ) is an active edge in the level k if and only if CC[pi] = CC[pj] in that level.

Active edges and points incident to them form a new proximity graph in each level of

the hierarchy. The newly created proximity graph is a subgraph of the previous graph

and is used for detecting subclusters. For instance, all edges between the small-scale

clusters within the same large-scale cluster in Figure 7-1(a) are active edges in the

first level. Some of them will be passive edges in the next level, while others still

remain active. Edges surviving from the previous level represent strong interactions

influencing the formation of subclusters.

Definition 7.3.0.3 A path in the proximity graph of a given level k is an active path

if and only if every edge in the path is an active edge in the level k.

Definition 7.3.0.4 Given a level k, a cluster is a passive cluster in the level k if and

only if there still exists an active path between any pair of points in the cluster at level

k+1 (after a further splitting process of multi-level Short-Long clustering).

A splitting process of multi-level Short-Long clustering is the classification of edges

into interesting (formally active edges) and uninteresting (passive edges). Passive

clusters are the leaves of the clustering hierarchy (for instance, small-scale clusters in

Figure 7-1(b)) because their points are in one connected component before and after

the splitting process. Actually, because of the statistical considerations in multi-level

Short-Long clustering, there is no large difference among the strength of interactions

amongst points in a passive cluster. That is, passive clusters exhibit point-centric

statistics similar to CSR.
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Definition 7.3.0.5 Given a level k, a cluster is an active cluster in the level k if and

only if there does not exist an active path between all pairs of points in the cluster at

level k+1 (after a further splitting process of multi-level Short-Long clustering).

Here, a cluster is considered to have significantly varying internal interactions. The

edge split is considered to generate meaningful subclusters. Thus, further split is

required to reveal the structure of active clusters.

7.4 Visualization with weighted dendrogram

Dendrograms display the hierarchy of clusters in hierarchical clustering [5]. However,

as the number of point increases, the depth of the tree becomes longer. This not only

reduces readability, but requires more space. In addition, it is difficult to visualize

the proportion of noise at each level. Moreover, the relative size of a cluster is

not easily recognized. It is also hard to compare the significance of either intra-

level clusters or inter-level clusters. For these reasons, dendograms do not represent

well the hierarchical structure revealed by multi-level Short-Long clustering. These

drawbacks are resolved by incorporating weights to clusters in dendrograms. Weights

are the number of points in a cluster. In this weighted diagram, rectangles represent

clusters. An example is given in Figure 7-1(b). The length of a rectangle in the

weighted diagram is proportional to the corresponding weight. We call these diagrams

Pendrograms 1. These Pendrograms will illustrate when early stops (passive clusters

that exhibit point-centric statistics similar to CSR) occur for EDA. Also, recall that

a group of points whose size is greater than 1% of the total number of points is

considered as a cluster in this thesis (Section 4.5). Thus, all passive clusters and

some active clusters (whose subclusters have their sizes less than the default noise

ratio) form leaves in Pendrograms. With the aid of Pendrograms, users can easily

1Pendrogram denotes a weighted dendrogram in this thesis; from the Latin pendro (meaning to
be weighed) and dendrogram.
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count both the total number of clusters and the number of intra-level clusters at each

level.

For instance, Figure 7-1(b) suggests 13 clusters in total for the dataset shown in

Figure 7-1(a), 1 cluster that includes the whole dataset, 3 clusters in the first level

and 9 clusters in the second level. Analogies and comparisons between clusters can

easily reveal the relative significance of clusters. The proportion of noise creates a gap

(or mismatch) at each level, which equally separates intra-level clusters. As depicted

in Figure 7-1(b), noise is significant after multi-level Short-Long clustering of the

first level (a logical division into active edges and passive edges). Thus, clusters in

the first level are separated with a certain gap. On the other hand, splits of the

large-scale (first level) clusters generate no noise. Therefore, the small-scale (second

level) clusters are presented without gaps. Pendrograms have a number of merits

over traditional dendrograms. They enhance readability. In addition, they suggest

the distribution of interactions within clusters. Interactions in the small-scale clusters

are considered as homogeneous in the dataset shown in Figure 7-1(a), since they are

leaves in the Pendrogram. Meanwhile, interactions within the large-scale clusters are

to be considered heterogeneous, since they have children. Further, Pendrograms make

it possible to compare or contrast between intra-level clusters or between inter-level

clusters. Obviously, these are much simpler and illustrative than dendrograms. An

experimental comparison will be presented in Section 7.6.

7.5 Time complexity analysis

First note that, the preprocessing to create the proximity graph is not replicated at

each level. Multi-level Short-Long clustering repeatedly calls itself until the termina-

tion condition is met. For time complexity analysis, we examine first the total time

complexity at each level of the hierarchy. At the root level of the clustering hierarchy,

the input number of edges is O(n). At each level of hierarchy, we have a remaining

proximity graph that is bounded by O(n). Thus, multi-level Short-Long clustering
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requires O(n) time at each level. The structure of the splitting process of multi-level

Short-Long clustering is similar to that of binary search, removing a constant fraction

of the edges at each level. The Short-Long clustering criteria have a main compo-

nent that is the local mean of the current active edges incident to each point at this

level. Since the mean is an estimator of the median, the criterion of Other Edges(pi)

(Definition 4.2.2.7) is very likely to be close to the median of the lengths of active

edges incident to pi at the current level. Thus, the expected depth (the number of

levels) is expected to be O(log n). Consequently, the time complexity of the proposed

clustering is O(n log n) expected time. This compares extremely favorably with other

clustering methods for spatial clustering and specially other hierarchical clustering

algorithms that require O(n2) time [107].

7.6 Performance evaluation

This section analyzes experimental results of multi-level Short-Long clustering with a

real dataset that exhibits a generic hierarchical structure. Experimental results will

highlight the merit of multi-level Short-Long clustering over the single-level counter-

part.

We use living areas around Queensland in Australia as our first dataset. Despite of

the complex nature of the real dataset, multi-level Short-Long clustering discovers

all possible clusters hidden in the dataset. It successfully derives clusters directly

overlying the major cities, suburbs and urban area in the dataset. For instance, a

cluster identified in the first level as shown in Figure 7-3(b), directly overlays the

main urban area. Note that, single-level Short-Long clustering only reports the first

level of clusters. The active cluster is further partitioned into 5 clusters in the next

level. Figure 7-3(c) depicts these 5 second level clusters. Among them, four are

active clusters and one is a passive cluster. Active clusters are further split into

subclusters in the next level. This cluster hierarchy is illustrated in Figure 7-3(j).

The Pendrogram helps users navigate and explore the hierarchy of the dataset with
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(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j)

Figure 7-3: Multi-level Short-Long clustering applied to a real dataset (‖P‖ =

494): (a) Living areas around Queensland in Australia; (b) First level clustering

(1 cluster); (c) Second level clustering (5 clusters); (d) Third level clustering

(7 clusters); (e) Fourth level clustering (3 clusters); (f) Fifth level clustering (5

clusters); (g) Sixth level clustering (3 clusters); (h) Seventh level clustering (4

clusters); (i) Eighth level clustering (1 cluster); (j) Pendrogram.
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ease. An application is designed and implemented in such a way that users can simply

click over any rectangle (cluster) in the Pendrogram to highlight its corresponding

cluster. Typically, users are more interested in relatively stronger clusters. Clusters

with more points are easily selected by simply choosing relatively larger rectangles in

the Pendrogram.

This dataset also allows us to illustrate the advantages of our hierarchical Pendro-

grams over the results of traditional hierarchical clustering and dendrograms. The

depiction and interpretation of dendrograms is difficult [5, 64]. Dendrograms do

not identify groups, and fail to summarize or generalize the dataset (being as large

as the original input). Their results are difficult to incorporate into a data mining

process, like spatial-dominant generalization. Figure 7-4 depicts the dendrogram of

single-linkage for the small dataset shown in Figure 7-3 (only 494 data points). Even

eliminating branches with 1% or less points, the dendrogram does not reveal anything

about the data. The dendrogram here was produced with the gnu-licensed package

R 2. There is no doubt that the Pendrogram shown in Figure 7-3(j) is much more

readable and informative.

7.7 Remarks

Multi-level clusterings report all possible clusters within P that may convey signifi-

cance for further explorations. In this chapter, we propose an effective and efficient

divisive multi-level clustering that robustly reveals a cluster hierarchy. This section

demonstrates the benefits of our approach over traditional hierarchical clustering ap-

proaches. Multi-level Short-Long clustering does not require a termination condition,

but rater derives it from data. If a subset exhibits point-centric statistics similar

to CSR, multi-level Short-Long clustering leaves it as a single cluster. That is, it

declares the subset as a passive cluster. This is the termination condition used in

multi-level Short-Long clustering. Note that, traditional hierarchical clustering re-

2For program and documentation see www.R-project.org.
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Figure 7-4: The dendrogram of single-linkage hierarchical clustering using the

MST (P ) (P is the same as in Figure 7-3).

quires a user-supplied merge or termination condition such as a desired number of

clusters or the distance between the two closet clusters as discussed in Section 2.4.1.

Thus, clustering is very much guided by the user in traditional hierarchical clustering

methods.

The other well-known problem of hierarchical clustering is its non-scalability. Typi-

cally, hierarchical clustering algorithms require quadratic time [107] and suffer from

several trial-and-error steps to examine and evaluate a good number of clusters that

are laborious and inefficient [61]. On the other hand, multi-level Short-Long clus-

tering is well-suited for EDA and GDM in data-rich environments since CPU time

requirements remain subquadratic and does not necessitate the laborious trial-and-

error steps to determine the best termination condition.

Visualization of cluster hierarchy revealed by hierarchical clustering is another diffi-

cult task. This chapter discusses the drawbacks of dendrogram and proposes a variant
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of dendrogram called Pendrogram. The weight associated dendrogram enhances read-

ability, conveys more information, requires a small space and is suitable for data-rich

environments.
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Chapter 8

Cluster Polygonization for

Multivariate Associations

Clustering provides answers for “where” and suggests leads into “why” for post-

clustering explorations. However, post-clustering processes have attracted less at-

tention than clustering itself despite of their importance. This section investigates

cluster polygonization into mining multivariate associations using cluster analysis.

In Section 8.1, we discuss possibilities of extracting shapes of clusters and propose

an automatic cluster polygonization algorithm. In Section 8.2, we develop mining

multivariate associations techniques based on the cluster polygonization. Here, we

emphasize that our approaches do not necessitate concept hierarchies. These hierar-

chies require domain-specific knowledge, but our approaches utilize cluster structures

revealed from data.

8.1 Cluster polygonization

One popular way of defining topological relationships between spatial objects is to

use the set-oriented relationships based on boundary and interior [119]. Intersection
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between interiors and boundaries of spatial objects defines all possible relationships

(meets, overlaps, inside and covers which are known as the 4-intersection relation-

ships [148]) in the Euclidean plane. Since intersection is a robust operation for defin-

ing relationships, it is a solid candidate for detecting associations. Thus, we base our

multivariate association mining on intersection. Point and line spatial objects will be

transformed to area objects. A line spatial object can be easily transformed to an area

spatial object by “buffering” operation that creates area containing locations within

a given range [148]. Short-Long clustering has summarized P into a set of clusters.

Thus, what is required is a fast and robust cluster-to-area transformation for the

proposed multivariate association mining. In this section, we propose an automatic

cluster polygonization algorithm that is well-suited for mining massive datasets.

8.1.1 Shapes of clusters

The first process of cluster polygonization is to identify shapes of clusters (equivalently

boundaries). If shapes of clusters for P match with a particular feature data [80], then

clusters exhibit a high positive association with the feature. However, it is difficult to

extract the shape and still there is no method that can be considered as an absolute

winner since most approaches are application-dependent [110].

The smallest bounding rectangle is an intuitive way of representing the shape of a

cluster Ci ⊂ P . However, it is too crude to capture details of the shape of Ci.

The convex hull CH(Ci) of Ci is another simple method. Since the CH(Ci) is the

smallest convex set containing Ci, it can be a natural choice. In addition, it is unique

for Ci (this is also the case with the smallest bounding rectangle representation). Fast

and unique models for shape extraction are useful for data mining where parameter-

tuning is laborious and time consuming. However, again the CH(Ci) is too crude

to capture details of the shape of Ci unless the points are all arranged in a convex

shape (and then, the vertices of CH(Ci) coincide with Ci, which does not help much

in summarizing Ci). The α-shape [30] (this is a generalization of CH(Ci)) overcomes



Chapter 8. Cluster Polygonization for Multivariate Associations 168

the crudeness of CH(Ci). The value of the real number α controls the desired level of

detail. The set of α values leads to a whole family of shapes capturing from crude to

fine shapes of Ci. Boundary Shape Matching (BSM) [80] uses the α-shape to explore

associations among layers.

Although the α-shape allows users to explore the spectrum of shapes of points, several

problems arise when the α-shape is used for detecting spatial cluster boundaries in

data-rich environments.

1. It is difficult to determine the best value α that produces a neither too crude

nor too fine shape [80].

2. Several trial-and-error steps are necessary for tuning the value of α. In data-rich

environments, this is laborious and time consuming.

3. If P contains k clusters, then we need to tune α for as many as k times in order

to find the best shape of each cluster. Since clusters in P require different values

for α, the independent manipulation of values of α for clusters belonging to the

same layer not only increases required time but incorporates human bias.

4. The α-shape of a cluster Ci ⊂ P is not affected by the distribution of points in

P\Ci. Clusters are truly the result of the peculiarities in the entire distribution

sampled by P . Thus, although a point in P\Ci does not belong to the cluster

Ci, it has some effect on the shape of Ci. Note that, shape is a matter of sets of

points and everything is related to everything else in geographical settings [135]

as discussed in Section 3.1.

In this section, we propose an automatic boundary extraction process for clusters

in point data and extend it to cluster polygonization. In contrast to the α-shape

approach, our approach minimizes the need for parameter-tuning. Instead, it derives

the shape of a cluster Ci from both the spread of points in itself and the spread of

points in P\Ci. It approximates shapes of clusters using the Delaunay diagram.
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8.1.2 Cluster polygonization algorithm

A cyclic list of edges determines the polygon of a cluster that discriminates internal

points of the cluster (points lying within the cluster or on boundaries) from external

points (points lying outside of the cluster). Short-Long clustering delivers P with

cluster identifiers, but this is not enough for cluster polygonization analysis. We need

to extract sets of cyclic lists of edges that define polygons for clusters. To do this, we

repeatedly merge triangles and remove edges shared by triangles.

(a) (b) (c)

(d) (e) (f)

Figure 8-1: Cluster polygonization through cluster boundary extraction (||P ||
= 10) (a) A set P of points with DD(P ); (b) Short-Long clustering results

(2 clusters); (c) Recuperating intra-cluster edges in DD(P ); (d) Triangulating

faces resulting from cocircularity; (e) Extracting directed cluster boundaries;

(f) Polygons for the clusters.
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First, we recuperate all intra-cluster edges by reconnecting every edge ei,j = (pi,

pj) satisfying CC[pi] = CC[pj] after Short-Long clustering. This is the same as the

recuperation process for multi-level Short-Long clustering discussed in Section 7.2.

Figure 8-1(c) depicts a result of the recuperation process while Figure 8-1(b) illus-

trates a result after Short-Long clustering. The recuperated subgraph approximates

shapes of clusters.

Since DD(P ) is the underlying graph of our study, faces after the recuperation are

not necessarily triangles. Figure 8-1(c) depicts an example 〈p7, p8, p9, p10〉. These

faces that are not triangles are temporarily triangulated (some edges are added) to

make our cluster polygonization algorithm easy and simple. For instance, either e7,9

or e8,10 can be added for the face 〈p7, p8, p9, p10〉. Note that, these artificially added

edges are removed in the later process (merging triangles) thus they do not affect

shapes of clusters. Figure 8-1(d) depicts triangulation of non-triangle faces.

Now, we can merge triangles to extract cluster boundaries. The triangle merge process

produces directed edges that eventually result in sets of cyclic lists of edges. However,

polygons may contain holes. Thus, a polygon may require more than one cyclic list

of edges. In our approach, sets of cyclic lists of edges, that are in counterclockwise

ordering, are external cluster boundaries defining inner areas as cluster regions while

sets of cyclic lists of edges, that are in clockwise ordering, are internal cluster bound-

aries defining holes within corresponding cluster regions. Thus, the interior of the

polygon is always to the left of the directed edge.

However, incomplete dead ends [20] need to be removed in the triangle merge process

since no areas are associated with them. Note that, a dead end e4,5 depicted in

Figure 8-1(d) is removed and does not appear after the triangle merge process as

shown in Figure 8-1(e). Finally, polygons for clusters can be derived as depicted in

Figure 8-1(f).

Now, we provide the details of the cluster polygonization algorithm. It consists of

four phases and is as follows.
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Algorithm The Short-Long cluster polygonization procedure

Input: A subgraph G of DD(P ) labeled with cluster identifiers;

Output: Polygons of clusters;

1) begin

2) intraG ⇐ RecuperateDelaunayDiagram(G);

3) triangulatedG ⇐ TriangulateFaces(intraG);

4) boundaryG ⇐ TheTriangleMerge(triangulatedG);

5) ClusterPolygonization(boundaryG);

6) end

The process labeled RecuperateDelaunayDiagram (Step 2) is simple and explained

earlier in this section. It recuperates intra-cluster edges in DD(P ) after Short-Long

clustering and returns the recuperated graph (intraG) (see Figure 8-1(c) for example).

The process labeled TriangulateFaces takes intraG as an input graph and produces

triangulatedG as an output. It triangulates non-triangle faces in intraG resulting

from cocircularity (see Figure 8-1(d) for example). Let a non-triangle face in intraG

consist of k points (p1, p2, . . . , pk) and let the j − i + 1 points (pi, pi+1, . . . , pj) for

1 ≤ i ≤ j ≤ k have the same cluster identifier. Then, the triangulation adds edges

ei,i+2, ei,i+3,. . . , ei,j−1.

The process labeled TheTriangleMerge (Step 4) takes triangulatedG as an input

graph and produces boundaryG as an output graph. It removes dead ends, and ex-

tracts and orients cluster boundary edges (see Figure 8-1(e) for example). Since the

Delaunay triangulation is a planar subdivision into triangles, each edge in the Delau-

nay triangulation belongs to either one Delaunay triangle (external Delaunay edge or

hull edge [110]) or to two (internal Delaunay edge [110]). Because triangulatedG is

a subgraph of planar subdivision into triangles, each edge in triangulatedG belongs

to none (dead end), to one Delaunay triangle or at most to two. For each intra-

cluster edge ea,b = (pa, pb) ∈ triangulatedG, the TheTriangleMerge(triangulatedG)

proceeds as follows.
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• Simple case: The intra-cluster edge ea,b is an external Delaunay edge or hull

edge. That is, the edge can have at most one incident triangle. Figure 8-2

illustrates this case.

1. Subcase: Triangle in a cluster — The third node pc of the triangle 〈pa, pb, pc〉
has the same cluster identifier as nodes pa and pb. Then, edge ea,b is la-

beled as a boundary edge and oriented (because triangulatedG is a planar

embedding) such that pc is on its left (the interior of the triangle) and the

exterior is on its right. Figure 8-2(a) illustrates this subcase.

2. Subcase: No triangle — The third node pc of the triangle 〈pa, pb, pc〉 does

not have the same cluster identifier as pa and pb. Then, ea,b is not labeled

as a boundary edge (it will be removed). That is, ea,b is not placed in the

output of this process because it is a dead end. Figure 8-2(b) illustrates

this subcase.

(a) (b)

Figure 8-2: The two subcases of the simple case with pa = p1, pb = p2

and pc = p3 in triangulatedG: (a) Triangle in a cluster; (b) No

triangle.

• Complex case: The intra-cluster edge ea,b is an internal Delaunay edge. That

is, the edge can have two incident triangles (the most possible). Figure 8-3

illustrates this complex case.

1. Subcase: Two triangles in a cluster — The third nodes pc and pd of triangles

〈pa, pb, pc〉 and 〈pa, pb, pd〉 are both in the same connected component as pa

and pb. Then, ea,b is removed (it will not be in the output as a boundary
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edge since clearly it is inside the quadrilateral 〈pa, pc, pb, pd〉 that is inside

the cluster. Figure 8-3(a) illustrates this subcase.

2. Subcase: Triangle in a cluster — One of the third nodes pc or pd is in

the cluster of pa and pb, but the other is not. Without loss of generality,

we assume pc is in the cluster of pa and pb (recall that CC[pa] = CC[pb])

while pd is not (i.e. CC[pd] 6= CC[pa]). Then, edge ea,b is a boundary edge

since the triangle 〈pa, pb, pc〉 is in the cluster but the triangle 〈pa, pb, pd〉
is not. Then, ea,b is labeled as a boundary edge and oriented in such a

way that pc is on its left (the interior) and pd is on its right (the exterior).

Figure 8-3(b) and (c) illustrates this subcase.

3. Subcase: No triangle — Both, pc and pd are not in the same cluster as

pa and pb. Then, ea,b is removed because it is a dead end. Figure 8-3(d)

illustrates this subcase.

(a) (b) (c) (d)

Figure 8-3: The subcases of the complex case with pa = p1, pb = p2, pc = p3

and pd = p4 in triangulatedG: (a) Illustration of the first complex subcase, two

triangles in a cluster; (b) and (c) are the second subcase triangle in a cluster;

(d) No triangle.

After the TheTriangleMerge process, external cluster boundaries (defining bounded

regions) are always in counterclockwise ordering whilst internal cluster boundaries

(defining unbounded regions) are always in clockwise ordering. Cluster polygoniza-

tion constructs a list of edges such that traversing the list of edges corresponds to
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navigating along the boundary of a cluster. The list will be circular, eventually re-

turning to the same node. A polygon with holes will be made of several of these

lists. We now prove that cluster polygonization is always possible from the output

of the TheTriangleMerge process (boundaryG). The following lemma proves that

boundaryG is Eulerian and it is now a matter of traversing the graph within the

planar embedding to extract the circular (cyclic) lists of edges (equivalently nodes)

that constitute polygons.

3 Lemma 8.1 For every node pa attached to an oriented edge e in boundaryG, the

following holds.

• The degree of pa is even.

• The indegree of pa equals the outdegree of pa.

• It is possible to alternate the incoming edges and the outgoing edges either clock-

wise or counterclockwise in the planar embedding representing the output of the

TheTriangleMerge process (boundaryG).

Proof. The output of the TheTriangleMerge process is equivalent to a union of

disjoint triangles (the triangles share edges but not their interiors). Note that, when

the TheTriangleMerge process removes intra-cluster edges, it performs the union of

two regions which are the union of triangles and thus the new region is also the union

of triangles. The point pa must belong to a triangle in the union because it is attached

to an oriented edge e. Let T be the sequence of triangles clockwise around the point

pa. This sequence T of triangles corresponds to a sequence of edges E. These edges

are all incident to pa with e oriented. Without loss of generality, assume e is an

incoming edge and that the sequence E = 〈e, e1, . . . , ek〉 is the sequence of edges in

the triangulation incident to pa when traveling clockwise around pa. Because e is

incoming, the triangle determined by 〈e, pa, e1〉 must be exterior. If e1 is oriented,

then it must be outgoing and the triangle 〈e1, pa, e2〉 must be interior. If e1 is not
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oriented, it is because the next triangle 〈e1, pa, e2〉 is exterior. Continuing in this way,

we see that the triangles in T alternate between a few that are interior and a few that

are exterior. In any case, when the triangles swap from interior to exterior, the edge

incident to pa is incoming and when the swap back the edge must be outgoing. But

the sequence of triangles around node pa is finite, so when completing the clockwise

traversal we see that the lemma is satisfied.

8.1.3 Time complexity analysis

Since the number of edges and the number of faces in DD(P ) are linear in P [110],

The RecuperateDelaunayDiagram and TriangulateFaces processes are bounded

by O(n) time. The TheTriangleMerge process tests if every intra-cluster edge e in

triangulatedG is a boundary edge. It performs constant work for each edge. Thus,

this is linear as well. Therefore, the cluster polygonization algorithm requires linear

time for Short-Long clustering.

8.1.4 Performance evaluation

We present results from experiments with the synthetic datasets shown earlier in

Chapter 4. Experiments with real datasets will appear in Section 8.2.

Figure 8-4 illustrates that our TheTriangleMerge process automatically derives ori-

ented cluster boundaries. Cluster boundaries reveal shapes of clusters more easily

than the datasets themselves and clustering results of the datasets. Figure 8-4(a)

depicts that our approach successfully derives boundaries of clusters that contain

other clusters. The “8-like” cluster consists of three lists of edges; one of them in

counterclockwise ordering represents external cluster boundaries and two of them in

clockwise ordering represent internal cluster boundaries. Figure 8-4(b), Figure 8-4(c)

and Figure 8-4(d) demonstrate that our approach has no difficulty with clusters con-

taining holes, clusters of arbitrary shapes, clusters of different densities and clusters
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(a) (b)

(c) (d)

Figure 8-4: Oriented cluster boundaries in the datasets shown earlier in Fig-

ure 4-11; (a) Oriented cluster boundaries in the synthetic dataset I (Figure 4-

11(a)); (b) Oriented cluster boundaries in the synthetic dataset II (Figure 4-

11(c)); (c) Oriented cluster boundaries in the synthetic dataset III (Figure 4-

11(e)); (d) Oriented cluster boundaries in the synthetic dataset IV (Figure 4-

11(g)).

of heterogeneous sizes. In terms of efficiency, it does not require parameter-tuning

but it is automatic. In terms of effectiveness, it produces quality cluster boundaries

by considering the distribution of all points in P . Thus, our approach is well-suited

for data-rich environments.

Figure 8-5 depicts corresponding cluster polygons after the ClusterPolygonization

process. Here, shaded regions represent cluster polygons and holes become visually

apparent.
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(a) (b)

(c) (d)

Figure 8-5: Polygons of clusters in the datasets shown in Figure 4-11; (a)

Polygons of clusters of the synthetic dataset I; (b) Polygons of clusters of the

synthetic dataset II; (c) Polygons of clusters of the synthetic dataset III; (d)

Polygons of clusters of the synthetic dataset IV .

8.1.5 Applications

In this section, we provide several applications of the cluster polygonization algorithm.

Modeling points with clusters

Although we have discussed several modeling methods using proximity graphs in Sec-

tion 5.3, their defined neighbors are confined to a local region. For instance, points are

neighbors when their corresponding Voronoi regions touch and the expected number

of neighbors in <2 is 6 [110] in Voronoi modeling. In some spatial settings, we need

large scales of neighboring. For instance, two points are considered as neighbors if
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they exhibit similar characteristics although their locally defined “territories” (corre-

sponding areas resulting from point-to-area transformations) do not touch. Clustering

is a possible solution for this local neighbor limitation. Thus, points within the same

cluster are regarded as neighbors (since similar concentration occurs around them).

Regions that do not belong to any other cluster regions are assigned to a default

region (a noise region) for noise points. Note that, the noise region may be discon-

nected. That is, the noise region may include several disconnected regions. Thus,

every location in space is assigned to one of cluster regions or alternatively to the

noise region. This constitutes a partition of the plane into regions. The resulting

regions by cluster polygonization are mutually exclusive and collectively exhaustive.

That is, cluster polygonization produces a spatial tessellation.

Choropleth mapping with cluster polygons

One of the difficulties of visualizing point data is to manage privacy. Another problem

with point data is that theoretically, the probability of an event at a point is zero.

More intuitively, even a point is information about an area, but what is the region

for which the information applies? In order to resolve the privacy problem or to

make inferences on regions rather than locations, point data are often aggregated

based on polygonal maps. For example, one way of visualizing point data is to use

choropleth maps. These maps display point data related to a specific topic with

respect to a boundary map such as political or administrative area map. The display

of a choropleth map fills polygons of the reference areas with colors or grey tones

according to densities (the number of points per unit of area).

One major flaw of choropleth mapping is that its visual impression is heavily depen-

dent on the base map under use. Dent [27] warns that distributions of continuous

geographical phenomena are not governed by political or administrative subdivisions.

Thus, choropleth mapping of points with political or administrative layers is less in-

formative. In addition, the Modifiable Areal Unit Problem (MAUP) [114] can arise

in analysis due to the use of different polygonal regions as base maps in choropleth
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mapping. Using the set of cluster regions of P as a basic area map overcomes these

problems of traditional choropleth map, since boundaries of cluster regions are derived

from the distribution of P . Thus, it minimizes artificial constraints on choropleth

mappings, which is important in GDM.

(a) (b)

(c) (d)

Figure 8-6: Choropleth maps with cluster polygons as a base map; (a) A choro-

pleth map of the synthetic dataset I; (b) A choropleth map of the synthetic

dataset II; (c) A choropleth map of the synthetic dataset III; (d) A choro-

pleth map of the synthetic dataset IV .

Figure 8-6 displays choropleth maps for the datasets discussed in Section 8.1.4. Here,

the densest cluster is in black (RGB(0,0,0)) and the sparest cluster is in light grey

(RGB(200,200,200)). Intermediate clusters are colored between the tones of grey in

proportion to their respective densities. Figure 8-6(a) shows that clusters are ei-

ther high density or low density. Thus, we can easily find three high concentrations.

Figure 8-6(b) indicates that densities among clusters do not have a global pattern.

However, clusters surrounded by other clusters and two closely located clusters ex-
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hibit relatively high densities. Figure 8-6(c) reveals a hierarchy of cluster densities

that is easily understandable. The denser clusters of the synthetic dataset III (Fig-

ure 4-11(e)) are randomly mixed with other clusters. Since this spread is not easily

recognized from Figure 4-11(f), the corresponding choropleth map (Figure 8-6(c)) is

more informative. Visual inspection of the original datasets (Figure 4-11) is insuffi-

cient to report relatively dense or sparse clusters. In Figure 4-11(g), one can hardly

see any difference in density. The dataset seems too large for such visual inspection.

However, the choropleth map in Figure 8-6(d) clearly indicates that two clusters on

left-hand side are relatively dense. A pattern that shows density decreasing from left

to right is now clearly visible.

Cluster reasoning

Clustering for data mining is to summarize the distribution of P in order to suggest a

manageable number of patterns of concentrations. Thus, clusters are representatives

of the phenomena recorded with locations in P and suggesting interesting groups.

Several approaches [44, 80, 130, 137] have been proposed to reason about clusters.

Boundaries of clusters and representatives of clusters (medoids or means) are the

most popular candidates for reasoning with clusters. However, these candidates are

summaries. They constitute only partial information about clusters, thus we need

special care when we use these information for cluster reasoning.

(a) (b) (c)

Figure 8-7: Cluster reasoning: (a) Layer 1; (b) Layer 2; (c) Overlay of Layer 1

and Layer 2.

Figure 8-7 illustrates the problem of using such partial information. Consider two

layers shown in Figure 8-7(a) and Figure 8-7(b). Layer 1 displayed in Figure 8-7(a)
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has a small cluster while Layer 2 depicted in Figure 8-7(b) has two clusters (one

small and one large). Black dots represent medoids of clusters. Although the small

cluster in Layer 1 has a high association with the large cluster in Layer 2 (since

the small cluster lies within the large cluster), traditional approaches fail to detect

this association. Cluster reasoning analysis using boundary matching [80] does not

succeed in detecting this correlation, since boundaries of the small cluster in Layer 1

does not match with those of the large cluster in Layer 2. This is shown in Figure 8-

7(c). Similarly, cluster reasoning analysis using medoids [44] is unable to report this

association, since the medoid of the small cluster in Layer 1 is closer to the medoid

of the small cluster in Layer 2 than that of the large cluster in Layer 2.

We can detect this relationship by computing the intersection area of cluster regions.

The intuition of this approach is that two clusters exhibit a high association if most

phenomena in the first cluster take place where concentrations of phenomena in the

second cluster occur. The small cluster in Layer 1 intersects with the large cluster in

Layer 2, while it does not intersect with the small cluster in Layer 2. Thus, it is more

associated with the large cluster in Layer 2 rather than the small one.

8.2 Mining multivariate positive associations us-

ing cluster polygonization

8.2.1 Spatial association rules

The mining of association rules has been a powerful tool for discovering correlations

among massive transactional databases [2, 3, 60, 74, 117, 126, 138]. An association

rule is an expression in the form of X ⇒ Y (c%), where X is the antecedent and

Y is the consequent, X and Y are sets of items in transactional databases, and

X ∩ Y = ∅. It is interpreted as “c% of data that satisfy X also satisfy Y ”. Here,

a table summarizes a set of records. The table has a number of rows corresponding
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to transactions and a number of columns corresponding to items. The value of an

item for a given record is “1” if the item is in the transaction, “0” otherwise. From

the table, we mine association rules that correlate the presence of a set of items with

another set of items. Each rule has an associated support and confidence defined as

follows:

support ≈ Pr[X ∩ Y ], (8.1)

confidence ≈ Pr[X ∩ Y ]

Pr[X]
. (8.2)

The support is an estimate for the ratio of transactions that satisfy both X and Y

to the number of transactions in databases. The confidence is an estimate for the

conditional probability of Y given X. Since users are interested in large support and

high confidence (strong rules [2, 61]), two thresholds (minimum support and minimum

confidence) are used for pruning rules to find strong association rules. The aim of

mining association rules is to compute all association rules satisfying user-specified

minimum support and minimum confidence constraints.

Recently, Koperski and Han [81, 83] discuss mining spatial association rules that

reveals associations between spatial objects. This is a reference feature model. It

requires a query to focus the feature of study. This approach requires concept hier-

archies to progressively prune large search spaces. It first mines frequent patterns at

a higher concept level and deepens to lower concept levels for those mined frequent

patterns. One example of spatial association rule discovered by this approach is given

below.

is a(x, house) ∧ near by(x, park) ⇒ is expensive(x)(95%). (8.3)

The rule suggests that 95% of houses attached to parks are expensive. This rule

uses several predicates that contain either spatial-spatial relationship (near by) or

spatial-aspatial relationship (is a and is expensive). Here, predicates are predefined

before mining association rules and only rules that are somehow related to the pred-

icates are extracted. Thus, this approach is seen as a model-driven approach rather

than a data-driven. Defining predicates requires domain knowledge and necessitates
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concept hierarchies that are difficult to define. For instance, it is hard to classify a

house ($200,000(USD)) as expensive or not. The decision purely depends on domain

knowledge or personal decision. Thus, concept hierarchies are task-specific and thus

applicability is limited to the case at hand.

8.2.2 Algorithms for mining multivariate positive associa-

tions

In this section, we propose two approaches for mining spatial association rules using

cluster analysis that automatically reveals positive correlations among layers. Since

these approaches do not require domain-specific concept hierarchies but rather build

cluster hierarchies from data, these are applicable to various tasks and suitable for

data-rich environments.

Figure 8-8 explains a vertical-view approach and a horizontal-view approach with

five geographical layers. If we pinpoint a location within R, the location will have

five associated attributes corresponding to the five layers. Figure 8-8(b) shows these

5 attributes vertically (referred as an attribute cube). Values of attributes become

true (1) if the location lies within regions (clusters) of corresponding layers, false (0)

otherwise. The vertical-view approach tries to discover interesting associations from

the whole set of attribute cubes. For instance, a spatial association rule “layer(1) ∧
layer(2) ⇒ layer(4) (70%)” is derived if 70% of attribute cubes satisfying attribute

values of layer 1 and layer 2, also have the value true in layer 4.

The horizontal-view approach overlays all the layers into a target layer, and then

attempts to find associations from the target layer using intersection (overlapping)

areas. Figure 8-8(c) overlays the first, second and third layers depicted in Figure 8-

8(a). The first and second layers intersect while the third layer does not intersect

with the other two. Thus, the association between the first layer and the second layer

is higher than that of the first and the third and that of the second and the third. In
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(a) (b) (c)

Figure 8-8: Mining multivariate associations: a vertical-view approach vs a

horizontal-view approach (the number of layers = 5) (a) 5 layers; (b) A vertical-

view approach; (c) A horizontal-view approach.

the two approaches, we only consider spatial clusters of point data as candidates for

mining associations. We believe that there are some reasons (possibly attractors) for

spatial concentrations. That is, particular environments (pattern generators) attract

phenomena and thus result in concentrations. Mining multivariate positive asso-

ciations using cluster polygonization is to find possible attractors or some positive

contributors to spatial clusters. Noise points are the points that are not affected by

the attractors. Thus, they are ignored for mining cluster associations.

Now, we discuss details of the proposed approaches.

Vertical-view approach

The vertical-view approach is similar to the popular raster model in the sense that

they model space with regular cells. The algorithmic procedure of the vertical-view

approach is as follows.

1. Find spatial clusters for point data layers.

2. Segment all the layers with a finite number of rectangles.

3. Construct a M × N Boolean table (with the binary {0,1} values).
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4. Apply mining association rules algorithms to the table.

We first compute spatial clusters of point data by cluster analysis. After that, we

segment R and construct attribute cubes. With attribute cubes, we build a Boolean

M × N table (with the binary domain {0,1}), where M denotes the number of at-

tribute cubes and N denotes the number of layers. In the table, [Mi, Nj]= 1 if an

attribute cube Mi satisfies clustered event in a layer Nj. Finally, we mine associa-

tions that correlate the presence of a set of layers with another set of layers. Since the

Boolean table of layer-based GIS is exactly same as that of transactional databases

except layers replace items and locations replace transactions, it is now straightfor-

ward to discover associations among layers using traditional mining association rules

algorithms [2, 3, 60, 74, 117, 126, 138]. We illustrate this with an example.

(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 8-9: An example of the vertical-view approach with 4 cells for mining

multivariate association rules (the number of layers = 4): (a) Railway stations

(point data); (b) Crime incidents (point); (c) Parks (area); (d) Urban areas

(area); (e) Clustered railway stations with 4 cells; (f) Clustered crime incidents

with 4 cells; (g) Parks with 4 cells; (h) Urban areas with 4 cells.

Figure 8-9 and Table 8.1 illustrate the vertical-view approach with 4 geographical

layers. Let us assume that Figure 8-9(a)-(d) show railway stations (point), crime

incidents (point), parks (area) and urban areas (area), respectively. The first process
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is to find homogeneous groups of spatial concentrations of point data layers (using

Short-Long clustering). Two clusters of railway stations and one cluster of crime

incidents are shown in Figure 8-9(e) and Figure 8-9(f), respectively. Noise points are

ignored. Then, we frame R with collectively exhaustive and mutually exclusive cells.

A 2 × 2 grid is used in this case. After that, we compute a 4 × 4 Boolean table

before we apply a mining association rules algorithm. Table 8.1 presents the Boolean

table.

Table 8.1: A 4 × 4 Boolean table.
layer(1) layer(2) layer(3) layer(4)

location(1) 1 1 0 0
location(2) 1 1 1 1
location(3) 1 0 1 1
location(4) 1 1 1 1

In the table, layer(j) (0 ≤ j ≤ N) corresponds to the j-th column and denotes j-th

geographical layer. Similarly, location(i) (1 ≤ i ≤ M) corresponds to the i-th row

and denotes i-th cell (attribute cube) in R (numbered in Morton order, Z). The value

of the table t[location(i), layer(j)] is 1 if clustered events in the j-th layer occur in

numbered cell location(i), and t[location(i), layer(j)] is 0 otherwise. For instance,

t[location(1), layer(1)] = 1 because members of clusters of railway stations lie within

the top-left cell as depicted in Figure 8-9(e). We mine multivariate associations from

this Boolean table. One of association rules is as follows:

layer(1) ∧ layer(2) ⇒ layer(4)(66.7%). (8.4)

With 50% support (location(2) and location(4) out of 4 attribute cubes), 66.7% of

locations, that are nearby railway stations (layer 1) and have crime incidents (layer

2), fall within urban areas (layer 4). In this approach, the granularity of cells plays a

critical role.

Figure 8-10 and Table 8.2 illustrate the vertical-view approach with a 4 × 4 grid for

the same dataset shown in Figure 8-9. Now, the bottom-right cell (attribute cube
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(a) (b) (c) (d)

Figure 8-10: An example of the vertical-view approach with 16 cells for mining

multivariate association rules (datasets are same as those in Figure 8-9): (a)

Clustered railway stations with 8 cells; (b) Clustered crime incidents with 8

cells; (c) Parks with 8 cells; (d) Urban areas with 8 cells.

Table 8.2: A 16 × 4 relational table.
layer(1) layer(2) layer(3) layer(4)

location(11) 1 0 0 0
location(12) 1 1 0 0
location(13) 0 0 0 0
location(14) 0 0 0 0
location(21) 1 1 0 0
location(22) 1 1 1 0
location(23) 0 0 0 0
location(24) 1 1 0 1
location(31) 0 0 1 0
location(32) 0 0 1 0
location(33) 0 0 1 0
location(34) 1 0 1 1
location(41) 0 0 0 0
location(42) 1 1 1 1
location(43) 1 0 0 1
location(44) 1 1 0 1
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location(44)) in Figure 8-10 has values (1, 1, 0, 1) since the cell contains (clustered)

events of layers layer(1), layer(2), and layer(4), but layer(3). With the 50% support

constraint, now we are not able to find the rule “layer(1) ∧ layer(2) ⇒ layer(4)”, since

its support is only 18.8% (3/16). However, the confidence is now 50%, since three

locations (location(24), location(42) and location(44)) out of six satisfying layer(1)

and layer(2), also satisfy layer(4). One of advantages of the vertical-view approach

is that it is easy to apply transactional mining association rules algorithms, since

the vertical-view approach uses Boolean tables. However, it has a main drawback.

That is, rules discovered by the vertical-view approach are heavily dependent on the

granularity that is difficult to determine. Similar difficulties are found when modeling

point data using raster-like modeling as discussed in Section 3.1.

Horizontal-view approach

Since the vertical-view approach needs a parameter to determine the granularity, it

is regarded as an argument-dependent approach. Argument-tuning resulting in to-

tally different outputs is prohibitive in data-rich environments. Thus, GDM favors

argument-less or argument-free approaches in order to reduce preprocessing time and

to minimize inconsistency of results. Here, we propose an automatic approach for

mining multivariate associations that minimizes the need for user-supplied param-

eters. This approach is based on intersection of areas of clusters similar to cluster

reasoning discussed in Section 8.1.5.

Since only spatial clusters are considered for mining associations, we need to redefine

support and confidence. The following definitions are made to explain the working

principle of the horizontal-view approach.

Definition 8.2.2.1 Let X and Y be sets of layers representing the antecedent and

the consequent, respectively. The Support with Clusters (SwC) is the ratio of the area

that satisfy both X and Y to the area of study region R. That is,
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SwC = area(X ∩ Y )/area(R). (8.5)

If Xi or Yj (i-th layer of the antecedent or j-th layer of the consequent) is a point data

layer, then area(Xi) or area(Yj) becomes the sum of areas of polygonized clusters

(polygons of clusters). Note that, area(X) is the intersection of all area(Xi) for Xi

∈ X while area(Y ) is the intersection of all area(Yi) for Yi ∈ Y . Then, area(X ∩ Y )

is a vertical intersection of area(X) and area(Y ).

Definition 8.2.2.2 The Confidence with Clusters (CwC) for a rule X ⇒ Y is the

conditional probability of areas of the consequent given areas of the antecedent. That

is,

CwC = area(X ∩ Y )/area(X). (8.6)

Definition 8.2.2.3 A Clustered Spatial Association Rule (CSAR) is an expression

in the form of

X ⇒ Y (CwC%), forX ∩ Y = ∅. (8.7)

The interpretation is as follows: CwC% of areas of X intersect with areas of Y .

The algorithmic procedure of the horizontal-view approach is as follows.

1. Find spatial clusters for point data layers.

2. Extract boundaries of clusters for point data layers.

3. Compute areas of the detected clusters for point data layers and areas of area

data layers.

4. Overlay all layers under study.
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5. Apply mining association rules algorithms with CwC and SwC to detect CSARs.

The horizontal-view approach first detects spatial clusters with Short-Long cluster-

ing and polygonizes those clusters with the cluster-to-area transformation discussed

in Section 8.1. Since Short-Long clustering is extensible to the presence of obstacles in

Minkowski metrics, the horizontal-view approach allows users to explore multivariate

associations in various spatial settings. In addition, the cluster hierarchy revealed by

multi-level Short-Long clustering allows users to efficiently mine hierarchical associ-

ations. Here, only strong association rules at a certain level are further investigated

at the next level. We illustrate the working principle of the horizontal-view approach

with real datasets in the next section.

8.2.3 Performance evaluation

In this section, we examine complex real crime data from the south east Queensland

region of Australia, where the capital city Brisbane is located, with the horizontal-

view approach. Similar to most urban areas, understanding of crime activity in

this region is important for regional planners and criminologists as well as policing

agencies. We consider 217 suburbs around Brisbane as the study region for this case

study. The study region continues to experience significant and sustained population

growth [105]. However, raw crime data 1 in this region are too complex and extremely

huge, thus it seems to be a difficult task even for domain experts to detect valuable

patterns of crime incidents. Crime statistics provided by Queensland Police Service

have three main categories: “offences against the person”, “offences against property”

and “other offences”. The first category “offences against the person” consists of

subcategories: homicide, assaults, sexual offences, robbery, extortion, kidnapping and

other offences against the person. The second category “offences against property”

is composed of breaking and entering, arson, other property damage, motor vehicle

theft, stealing, fraud and other offences against property. The third category “other

1We use crime data recorded by Queensland Police Service in the year of 1997 in the study region.
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offences” includes drug offences, prostitution, liquor, gaming offences, trespassing and

vagrancy, good order offences, traffic and related offences and miscellaneous offences.

In addition, the subcategories could have several subsubcategories. For instance,

homicide consists of attempted murder, conspiracy to murder, driving causing death

and manslaughter.

The complex structure of crime data is not the only concern for crime activity analy-

sis. We must consider feature data (parks, railway stations, schools etc.) along with

crime data to detect the relationship of crime activity to salient features. GIS and

crime mapping software have been dominant tools for exploring crime activity [106].

However, these tools are not quantitatively exploratory, but rather visually assis-

tant with choropleth mapping, buffering, overlaying, intersecting and containment

operations. Although these naive operations may provide valuable insights into the

complex raw crime data, these necessitate heavy human involvement. Thus, they are

unsuitable for data-rich environments.

For illustration purpose, we experiment the horizontal-view approach with the three

main types of crime and three feature data in this case study. Figure 8-11 depicts

three main categories of crime occurred in the year of 1997 and three feature data in

R. Although visual displays provide general patterns, too much information causes

confusion. Figure 8-11(a) depicts 9,618 incidents of “offences against the person”.

And, Figure 8-11(b) displays 113,618 incidents of “offences against property” while

Figure 8-11(c) shows 2,124 incidents of “other offences” in the region. Feature data,

reserves (249), parks including caravan parks (462) and schools (306), are shown from

Figure 8-11(d) to Figure 8-11(f).

Clustering summarizes complex distributions of raw crime data and polygonization

of clusters provides regions of concentrations as hot spots. Figure 8-12 illustrates

the horizontal-view mining approach with cluster regions of real data depicted in

Figure 8-11.

Figures from Figure 8-12(a) to Figure 8-12(c) display overlays between areas of clus-
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(a) (b) (c)

(d) (e) (f)

Figure 8-11: Real datasets recorded in the year of 1997 at 217 suburbs around

Brisbane for mining multivariate associations with the horizontal-view ap-

proach: (a) Total offences against person (9618); (b) Total offences against

property (113618); (c) Other offences (2124); (d) Reserves (249); (e) Parks

including caravan parks (462); (f) Schools (306).

ters of “offences against the person” and areas of clusters of feature data. Similarly,

overlays between areas of clusters of “offences against property” and areas of clusters

of feature data are described from Figure 8-12(d) to Figure 8-12(f) and overlays be-

tween areas of clusters of “other offences” and areas of clusters of feature data are

depicted from Figure 8-12(g) to Figure 8-12(i). Visual inspection interprets parks and

schools are more associated with crime than reserves. This is quantitatively described

in Table 8.3. Confidence with Clusters (CwC ) of a CSAR “Offences against the per-

son ⇒ Reserves (44.93%)” is much lower than CwC of CSARs “Offences against the

person ⇒ Parks (85.29%)” and “Offences against the person ⇒ Schools (77.5%)”.

These rules imply that more than 70% of locations, where “offences against the per-

son” occur, are around parks and schools.

The number of possible CSARs will increase exponentially as the number of layers
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 8-12: Illustration of the horizontal-view approach with the real datasets

shown earlier in Figure 8-11: (a) Overlay of areas (offences against the person)

and area (reserves); (b) Overlay of areas (offences against the person) and area

(parks); (c) Overlay of areas (offences against the person) and area (schools);

(d) Overlay of areas (offences against property) and area (reserves); (e) Overlay

of areas (offences against property) and area (parks); (f) Overlay of areas

(offences against property) and area (schools); (g) Overlay of areas (other

offences) and area (reserves); (h) Overlay of areas (other offences) and area

(parks); (i) Overlay of areas (other offences) and area (schools).
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Table 8.3: CSARs discovered by the horizontal-view approach for the real data

shown earlier in Figure 8-11.

SwC (%) CwC (%)
Offences against the person ⇒ Reserves 15.40 44.93
Reserves ⇒ Offences against the person 15.40 50.99
Offences against the person ⇒ Parks 29.23 85.29
Parks ⇒ Offences against the person 29.23 57.33
Offences against the person ⇒ Schools 26.56 77.50
Schools ⇒ Offences against the person 26.56 59.85
Offences against the property ⇒ Reserves 20.83 47.44
Reserves ⇒ Offences against the property 20.83 68.99
Offences against the property ⇒ Parks 36.25 82.56
Parks ⇒ Offences against the property 36.25 71.10
Offences against the property ⇒ Schools 33.42 76.11
Schools ⇒ “Offences against the property” 33.42 75.31
Other offences ⇒ Reserves 17.81 50.47
Reserves ⇒ Other offences 17.81 58.97
Other offences ⇒ Parks 29.90 84.74
Parks ⇒ Other offences 29.90 58.64
Other offences ⇒ Schools 28.35 80.36
Schools ⇒ Other offences 28.35 63.89

under study (in this case, crime types and features) grows. Thus, it is almost im-

possible for analysts to find interesting associations manually. The horizontal-view

approach automatically generates strong CSARs with user-specified minimum CwC

and minimum SwC. For instance, with 30% minimum SwC and 75% minimum CwC,

three strong CSARs, when the size of the antecedent and the size of consequent are

1, are discovered. These are as follows:

Offences against property ⇒ Parks (36.25% SwC, 82.56% CwC), (8.8)

Offences against property ⇒ Schools (33.42% SwC, 76.11% CwC), (8.9)

Schools ⇒ Offences against property (33.42% SwC, 75.31% CwC). (8.10)

These rules imply that most “offences against property” (more than 75%) are taking
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place around parks and schools. Further, with more than 75% CwC, locations of

schools imply occurrences of “offences against property”. Many hypotheses can now

be derived for input into CDA. For example, this very simple illustration already

suggests that possibly residents living around schools shall consider additional actions

for reducing crime against their property.

8.2.4 Discussion

For the analysis of crime data, KDD techniques have been applied by the Federal

Bureau of Investigation (FBI) as a part of the investigation of the Oklahoma City

bombing the Unabomber case, and many lower-profile crimes [15]. KDD has also

been used by Treasury Department of the US to hunt for suspicious patterns in

international funds transfer records; patterns that may indicate money laundering or

fraud [15]. Australian examples are the Health Insurance Commission of Australia

using KDD to investigate fraud within the Medicare system [65] and National Roads

and Motorists’ Association (NRMA) Insurance Ltd [145]. However, in the above

examples, the techniques have been limited to the attribute-oriented side of the data.

The where and when are crucial for patterns of crime. Recent progress towards

developing GIS for crime analysis emphasizes the relevance that geo-reference has to

understand patterns in crime [67]. In a limited exploratory approach [112], systems

have been developed to geographically visualize patterns of vehicle crime, domestic

burglaries, drug-related crime and public disorder in inner city areas. For example,

hypotheses are typically human-generated and reinforced with the display of the most

contrasting socio-demographic characteristics of areas with high levels of criminal

activity. This type of approach may lead to hypotheses that relate the location

patterns of crime to the negative socio-demographic characteristics of areas associated

with these patterns [53]. The application of GIS technology to crime analysis by

mapping and display may use statistical methods to produce maps delineating risk

surfaces for crime data [91]. These are confirmatory analyses that, for example, have

contributed to the consideration of geographic distribution of criminal behavior as
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a primary factor for planning residential neighborhoods [53]. However, today vast

collections of spatio-temporal data are gathered without any previous hypothesis,

and less as parts of a structured experiment. Moreover, it is impossible that trained

researchers examine all possible interesting patterns in such huge amounts of data. We

require an intelligent assistant to process the data and to autonomously (or at least

with very little guidance) analyze data. We have presented methods and algorithms

that increase even more the capacity of GIS to become intelligent pattern spotters

beyond just as repositories to store, manipulate and retrieve data. Note that, this

direction complements traditional statistical analyses on geo-referenced data. The

intent is to design and deploy autonomous partners in suggesting hypotheses in KDD

process. We have developed algorithms that enable this exploratory capability within

the context of spatial data. These approaches are not application-dependent, since

these algorithms do not require task-specific concept hierarchies. They are applicable

to environmental databases, marine databases, underground databases and astronomy

databases.

8.3 Remarks

Clustering methods are becoming more sophisticated and effective. Post-clustering

processes that seek to identify possible lures (positive associations) are now in de-

mand. Detection of cluster boundaries is a natural choice for reasoning about clusters

such as matching boundaries with various feature data [80, 125], cluster polygoniza-

tion and mining associations [39]. Traditional statistical analysis including χ2 test,

nearest neighbor distances, the K -function and Moran’s I and Geary’s c statistics

focuses on the spatial correlation structure (spatial dependence or autocorrelation).

This correlation analysis is confined to symmetric relationships. Thus, it is difficult to

find non-symmetric causal factors for spatial clusters with this symmetric approach.

Association analysis is a solid candidate for mining causal factors since it reveals

non-symmetric causal relationships.
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In this chapter, we introduced a new mining associations method using cluster analy-

sis in order to detect positive associations among multivariate datasets. It is a data-

oriented spatial-dominant generalization method. We first introduce a fast and ro-

bust cluster polygonization algorithm that is well-suited for massive spatial databases.

This approach minimizes user-oriented bias and maximizes user-friendliness by auto-

matically deriving cluster boundaries from data. And then, we develop two general

purpose mining multivariate positive associations using the cluster polygonization.

Instead of using task-specific predicates, these approaches use cluster structures to ef-

fectively and efficiently mine multivariate positive associations hidden in large spatial

databases. These proposed algorithms seek to find causal factors for spatial aggrega-

tions and suggests manageable number of highly plausible hypotheses for CDA.
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Chapter 9

Conclusions and Future Work

This chapter summarizes the content of this thesis, discusses implementation issues

and suggests future work arising from its findings.

9.1 Summary

Since the specialist meeting of the research initiative on “Very Large Spatial Databases”

at Santa Barbara in 1989 [132] organized by the National Center for Geographic In-

formation and Analysis (NCGIA), management of large spatial databases (modeling

and structuring, storage and retrieval, parallelism and integration of spatial data) has

gained great attention. Advances in data mining and KDD technologies have been

providing an impetus to the movement of mining very large spatial databases to find

hidden spatial patterns. The recent specialist meeting on “Discovering Geographic

Knowledge in Data-Rich Environments” at Washington [102] in 1999 by the NCGIA,

emphasizes the need for intelligent pattern spotters in GIS.

In this thesis, we proposed a spatial-dominant generalization approach that mines

multivariate positive associations using clustering analysis. First, we proposed a gen-
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eral framework of multi-purpose exploratory spatial clustering embedded within the

Template-Method Pattern. Although the template provides a variety of functional-

ity for spatial clustering in various settings, its object-oriented structure allows users

to plug in application-dependent functionality as desired. We designed and imple-

mented Short-Long clustering based on the framework. It incorporates the peculiar

characteristics of spatial data that make space special. Thus, it overcomes the draw-

backs of traditional clustering approaches that fail to identify some geographically

interesting concentrations. The Short-Long clustering method is data-driven rather

than model-driven. It derives values for parameters from data and thus maximizes

user-friendliness and minimizes user-oriented bias. Its effectiveness is not limited to

shapes of clusters. It considers both local interactions and global interactions, so

it is able to detect global hot spots and localized excesses. It is capable of finding

clusters of arbitrary shapes, clusters of heterogeneous densities, clusters of different

sizes, closely located high-density clusters, clusters connected by multiple links, sparse

clusters near to high-density clusters and clusters containing clusters. It is robust to

noise and insensitive to the presentation order of data points.

Sheer volume of spatial data stored in GIS is not the only concern. The heterogeneity

of multi-layered datasets is another [132]. This multi-purpose exploratory clustering

allows users to explore heterogeneous types of data stored in different layers. We

illustrated the extensibility of Short-Long clustering to other proximity graphs. This

allows “what-if” analysis with the Short-Long clustering method using various prox-

imity graphs. The capability of Short-Long clustering to use other proximity graphs,

especially k-UNN(P ), allows it to find quality volumetric spatial concentrations in

three-dimensions within O(n log n) time. Since this variant of k-NN(P ) is linear in

size and subquadratic in time for any dimension, Short-Long clustering could poten-

tially be used for high-dimensional data. This enables the incorporation of aspatial

dimensions and time dimension. Also in some spatial settings, interactions between

map objects are obstructed by obstacles, and non-Euclidean metrics approximate bet-

ter real-world situations. We provided solutions to the problem of clustering in the

presence of obstacles and proposed at least four approaches to handle obstacles with
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the Short-Long clustering method. Each approach offers valid modeling of geometry

and different computational trade-offs. The availability of the four approaches allows

users to prefer one above the other, depending on the exploratory task at hand. The

presence of obstacles is not the only factor invalidating the straight path between

map objects. In some spatial settings, the Manhattan distance and the Dominance

distance approximate better real-world situations. This is true especially only where

axis-parallel paths are available. We further investigated the Short-Long clustering

method in the Manhattan metric and the Dominance metric, also in the absence and

presence of obstacles. This investigation extended the four obstacle handling algo-

rithms to these non-Euclidean metrics. This versatility of the Short-Long clustering

method results in a multi-purpose clustering tool that identifies spatial aggregations

in various spatial settings regardless of the heterogeneity of multi-layered datasets.

Often, single-level clustering is not sufficient for revealing cluster hierarchies hidden

in complex real datasets. We discussed the problem of traditional hierarchical clus-

tering and the difficulty of visualizing cluster hierarchies. We proposed multi-level

Short-Long clustering to suggest possible hierarchical spatial concentrations with its

associated visualization. Multi-level Short-Long clustering is top-down and divisive.

It recursively split clusters into subclusters unless they exhibit point-centric statistics

similar to CSR. The termination condition is derived from the analysis of intra-cluster

edges in DD(P ). If intra-cluster edges of a cluster exhibit no spatial concentrations,

then multi-level clustering stops splitting. Otherwise, it keeps splitting until the ter-

mination condition is met. Thus, multi-level Short-Long clustering does not require

a termination condition that is hard to determine. Note that, termination conditions

are user-supplied in typical hierarchical clustering methods. Multi-level Short-Long

clustering automatically reveals a termination condition and a cluster hierarchy for P .

Since the depth of cluster hierarchies of multi-level Short-Long clustering is bounded

by O(log n), it requires only O(n log n) time. This is a significant advantage over

traditional hierarchical clustering that typically requires O(n2) time. The commonly

used dendrograms for small datasets become too large and complex for large datasets.

They become unreadable and impractical. We introduced a new hierarchical visual-
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ization that is associated with cluster weights. Pendrograms are not only more read-

able, but more informative. They allow the user to compare and contrast intra-level

clusters and inter-level clusters. Each node representing a cluster in a Pendrogram

contains the size and distribution of the cluster. Thus, a Pendrogram summarizes the

distribution of P . This visualization provides qualitative and quantitative overview

of complex cluster hierarchies and assists focused analysis in a more readable form.

These are very important aspects in data visualization [57].

Interpretability and usability of clustering results are of fundamental importance [61]

(refer to the definition of KDD in Chapter 1). We proposed an automatic pattern spot-

ter that finds high level description of clusters, and an effective and efficient cluster

polygonization process towards mining causal associations. The cluster polygoniza-

tion process analyzes the distribution of intra-cluster edges and the distribution of

inter-cluster edges in Delaunay diagrams. It approximates shapes of clusters and sug-

gests polygons of clusters. Then, polygons of clusters are used for intersection/overlay

to measure associations. This approach overcomes the problem of traditional min-

ing associations using partial information. We illustrated that approaches based on

medoids and partial boundaries might miss interesting relationships and are unsuit-

able for reasoning about clusters. Using cluster polygonization algorithms, we can

mine causal positive associations without domain-specific concept hierarchies. We

can automatically derive asymmetric causal relationships from the cluster structure

of a dataset.

9.2 Implementation issues

We have developed an application to demonstrate and visualize Short-Long cluster-

ing and the mining of associations using cluster polygonization. It is a stand-alone

application designed with an object-oriented approach. However, it can be easily

plugged into GIS using scripting languages. For example, using the language AV-



Chapter 9. Conclusions and Future Work 202

ENUE for ArcView 1. In Section 3.3, we presented the framework for multi-purpose

boundary-based spatial clustering. This is the design framework of our application

and it was implemented in the C++ programming language using LEDA (Library of

Efficient Data types and Algorithms) version 4.2 [101], CGAL (Computational Ge-

ometry Algorithms Library) version 2.1 2, and the library delvor [73]. The graphical

user interface of the application is shown in Figure 9-1.

Figure 9-1: Graphical user interface of Short-Long clustering towards mining

associations.

9.3 Immediate avenues for further research

The advances presented in this thesis can be continued in the following directions.

1ArcView is a trademark of ESRI. For documentation see http://www.esri.com/.
2For documentation and code see http://www.algorithmic-solutions.com/.
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• Geoinformation is dynamic in many domains. The datasets may experience

deletions, insertions and updates. This would require an incremental or dynamic

clustering approach. A little reflection shows that although the Short-Long

clustering methodology uses some global point-centric statistics, these can be

updated efficiently.

For example, the 2D Delaunay diagram can be updated for the insertion or

deletion of a point within O(log n) time. The insertion or deletion of a point

affects only O(1) edges (and this is in a very localized region of the update).

Therefore, point centric-statistics like Local St Dev(pi) will be updated for O(1)

points pi. Since the degree of a point is O(1), each update would require O(1)

time. Global point-centric statistics like Mean St Dev(P ) can be updated within

O(1) time by storing the number of points n and
∑n

i=1 Local St Dev(pi) (which

can be updated within O(1) time). Finally, the classification of edges performed

in the three phases of the Short-Long clustering method can be balanced and

amortized. That is, not all edges will be re-classified, but only those in the

vicinity of the update. After O(n) updates, the entire classification can be

repeated.

It remains to implement and thoroughly test these ideas for the different prox-

imity graphs where the Short-Long clustering method applies.

• We have presented association rule mining [3] as an exploratory technique to

analyze large volumes of data towards the discovery of hypotheses and possible

causal relationships. The development and refinement of algorithms for finding

association rules remains a core activity of data mining research, while issues

like learning classification rules has been shared with research in machine learn-

ing, and estimation has been shared with research in statistics. Despite the large

amount of research on association rules, mining single-dimensional Boolean as-

sociation rules remains the central framework of the problem. Association rule

mining has been extended in natural directions.

A generalization closer to the context of spatio-temporal mining is the consider-
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ation of values in a transaction that are not Boolean, but quantitative [134]. In

this context, a transaction may involve numerical values. However, the line of

attack for this approach essentially consists of discretizing the range of numeri-

cal values of the corresponding variable. Once this is done, the problem reverts

back to Boolean association rules, since the predicates are Boolean predicates

of the form “Transaction T contains variable xj in range rj”.

Other approaches aim at reflecting weights of items in transactional databases [21,

120, 143]. These generalizations are insufficient for the type of spatio-temporal

applications we have in mind. The problem is that the set of transactions la-

beled by their identifiers is discrete. No matter how large, it is a finite set.

We need to extend association rule mining to where the set of transactions is a

continuum in space and/or time. That is, the challenge remains to incorporate

cluster densities in spatial association mining that incorporates the notion of

population-at-risk.

The exploratory analysis of spatial data with association rules is essentially

performed under four models, namely, the reference feature model [83], the

window centric model [130, 137], the event centric model [130] and the spatio-

dominant generalization model [39, 44, 94, 108]. We believe that the approach

presented here can be extended to handle contexts involving geographical data

considering the density of each region for each layer.

• Naturally, the use of our approach still faces the challenge of its extension to

various types of data including binary data, categorical (nominal) data, ordinal

data, continuous data, text data (meta-data), areal data and multimedia data.

This avenue of research needs to establish first a suitable model of proximity

information. Once a discrete proximity graph is found, the remaining parts of

our approach should apply with little modification.

• The implicit model of the Short-Long clustering method is a partition. Although

the notion that a point belongs to only one cluster is relaxed by our introduc-

tion of the multi-level Short-Long clustering approach, the clusters themselves
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constitute a partition of the data at each level of the multi-level clustering hier-

archy. However, there are many natural situations in which the clusters are not

to form a partition, and data points can belong to two or more clusters. This

can be modeled by probabilistic approaches of fuzzy membership.

We believe that an immediate direction for further research is the extension

of our method to less crisp classification of edges. Such a classification could

then result in probabilistic clusters or fuzzy clustering which could represent

situations where clusters overlap.

• Finally, it is a matter of practical reality that very large datasets cannot be man-

aged in main memory. Data structures like R-trees or Quad-trees are common

in commercial GIS to manage datasets, in particular point datasets. Therefore,

data structures like Delaunay diagrams presented here cannot be expected to fit

in main memory for the very large datasets that some data mining applications

have in mind. The proximity graphs used by Short-Long clustering are embed-

ded in the space of the point data. For example, the 2D Delaunay diagram

is a planar embedding made mostly of triangles. It remains to implement the

indexing of this planar embedding with a data structure like R-trees so that the

operation on the Delaunay diagram required by Short-Long clustering can be

accessed through this spatial index. A simple alternative in this case would be

to place each Delaunay diagram face in a bounding box and insert the boxes

into the R-tree, with some pointers as well to create the links of the planar map.

This approach requires delicate implementation but it is certainly promising.
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