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Invest in Your Introduction ’

When they begin to read your paper, readers are trying to understand a

complex text that is new to them. They want to know what it's aboutto.___

Writing Process and
Structure

Creating an Argument

Thesis vs. Purpose understand its background or context, an: ee j r
Statements i

eXxplicit and detailed overview will help you show the richness and complexity

Developing a Thesis OF your wo eade xpectatio Dr-YOUr-Papet——
Statement

Planning and Writing a

Rserrch Fecer When should you write the introduction?

Working with Sources You do not need to write your introduction first. Some writers write the
Quoting and Paraphrasing introduction in the middle of the drafting process once they see the larger m 0 lb“{_
Sources " s " 3
direction of the paper; others write the introduction last, once they know the &. )
Using Literary Quotations . -
Citing Sources In Your exact content of their work. Try different approaches to see which one is best
Paper for you, but always check your introduction before you turn in your final draft

to be sure it matches the paper you actually wrote.
Drafting and Revising Your

Paper

iz . How can you start drafting an introduction?
aragraphing

Conclusions Depending on the discipline you're writing in, an introduction can engage

Reverse Outlines readers in many ways:

Peer Reviews

e Ask a question

)
Finishing Your Paper o Identify a debate
Twelve Common Errors: o Give a comparison \ﬁ & W
) = e « Explain a situation
How to Proofread your P

Paper o Describe a problem b\, é\ \XY‘Q \'\j
« Quote an authority \‘\ Q)\_& gV &_ AW (LK =
improving Your Writing ¢ Cite an example

Style e Set up an intellectual problem Q\b O g_.;( l(Q_QV P & ‘)U e

o Offer a hypothesis

Grammar and
Punctuation

Cite References inYour . What should your introduction promise?
Paper Introductions represent a promise the writer makes to the reader. Your
Writing Center Home introduction should announce your paper's topic and purpose, situate that
_burpose in relatian to what you've discussed in your course or what has )
aiready been published on that topic, and offer your readers a preview of how
you will satisfy that purpose.
]

Cb \n &o,sqy\t.e_,

To address a topic.

One of the important functions of an introduction is to announce what you (:P ©
are writing about to your readers. Q‘\O Q"S .
To present a claim, finding, or argument. g \ JOo. 0 o By %

You will often read them toward the end of an introduction: the thesis

statement (which could also be a purpose statement or question). This is a CD\\‘S ! {

promise that your paper is going to make a point, not just cover a topic.

To participate in a conversation. Q Q‘)Q{“ &\\w\ é

If you are writing for an instructor, this promise might mean suggesting that

your paper will touch on the main topic of the course. If you are writing as a b Q_, & \
scholar, this promise might meaning exp!aining how your research will fill an C/Q.O_O‘ Q&
important gap in the existing research. .

To excite and engage your reader’s intellectual curiosity.
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Clustering is an important problem in thachine learfiing. It is the process of jr_
partitioning a database into set of clusters wheSe points have some similarity o

of which is density-based clusterifg— 3%({;& :

fact, DBSCAN is a veryd&nown density —_— '

itrarily shaped clusters. \g l VLiQ A\

There are different types of clustering o
which clusters areas that are dense
clustering approach which(cove

2N O Wseduaadowever, there are some problems;that arise with clustering spatial-temporal
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ata, identifying nojsy elements ayd identifying adjacent clusters. N )
In this paper, té’ééﬁhefs present a new density-based clustering algorithm ™ o’\:\ g ém‘o <

which is derived from DBSCAN/The algorithm has a minimum density parameter

to decide if a region is a cluster. The algorithm starts by retrieving by the first b ]

point in the database and retrieves the neighbor points whose distance is closer = @0&\09\
than a given parameter. The number of points retrieved defines whether it is a P\R

cluster or not. It stops when all not noisy points are put in a cluster. The-authors ore~-
present an evaluation of the algorithm by evalhiating the runtime complexity. The .LACQ ca l
algorithm is an order of magnitude faster thar similar algorithms such as

CLARANS and DBCLASD. Corvdond
The authors present three data-mining applications that use special-temporal

data warehouses, with data-integration, data processing and transformation %L\*)( b Q¥
using special transformation functions and visualization of these clusters '
The rest of the paper is presented as follows:/Section 2 presents related work Lkwo A\,@\
and basic concepts, section 3 tackles the proplems that exist in the current \
approaches. Section 4 presents ST-DBSCAN and its functioning in addition to a > .
thorough evaluation. Section 5 introduces data mining three applications of the

algorithm. Conclusion and future work is discussed in section 6.
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1 Introduction

1 “similar” objects into groups (clusters),
so that objects from the same gr. more similar than to the other groups [1].
It is a main task of exploratory-data mining and applied in many fields such
as machine learning, pattern Tecognition, image analysis and bioinformatics [2].
Clustering belongs to unsupervised learning since no prior knowledge is known
in advance. Traditional clustering techniques include k-means [3], Balanced
Iterative Reducing and Clustering using Hierachies (BIRCH) (4], Density-Based
Spatial Clustering of Applications with Noise (DBSCAN ) [5],Ordering Points

Clustering is a technique that partitj

To Identify the Clustering Structure (OPTICS) [6], and Statistical Information
YD : Grid-based method (STING) [7].
S%m o Due to the recent advancement of geographic information science and track-

ing techniques (e.g. satellites),a large amount of data tagged with both location

Co——’\‘%d:\ and timestammained. As a consequence, spatial-temporal clus- @
d

BN \ & el tering techniqués emerge knowledge discovery in these situations. Spatial-
* \-\O psobjects based on both spatial and temporal similar- O\\T Q

temporal clustering

ities [8]. )
1 \ \’\' 1 <Here, we present@ST—DBSCAN as a plausible implementation of spatial- (,ﬁ*q Q(A'QAQC \
 AAs : : i ; \

temporal clustering technique. ST-DBSCAN is an extension of popular cluster- o \0\
PQOQS ing technique: DBSCAN, which is a density-based clustering technique based on ® QL Lrev\e
the idea that objects from a dense area should be rouped together.

is capable of clustering dataset by arbitrary shapgs. However, it Stk sffers

from a problem of indentifying noise objects i Specific dataset that besgroups.

\352.\0“ 4(0%‘%)“ different density. In addition, traditonal density based clustering technique '
&) is inadequate to distinguish adjacent clusters. ST-DBSCAN solves the noise J‘. \h AV
detection problem by introducing a metric called density factor. For adjacent
clusters, we include a threshold Ae to check the distance between the newcoming S QRdw, >
object and the cluster. ST-DBSCAN requires four parameters: Epsl (spatial at-
tribute distance), Eps2 (temporal attribute distance), MinPts and Ae. MinPts cl’ ) \O&
_‘-‘% ‘\ﬂub\ is determined heuristically as In(n), where n is the size of the datebase {5]. For \
d *C: \ a faster information extraction, we intruduced an improved R-Tree [9] indexing -&,&Q\Q_
QRGAN\D %5 r method during evaluation. \
\'\’A\Y\bé\_)\ ST-DBSCAN was tested in three data-mining applications of real-world %6‘ \

problem: sea surface temperature, sea surface height residual, wave height. .
User-friendly interface was developed for inexperienced users to operate the C_\M Sx&}\h\
system. Special functions were designed for data integration, data conversion,
query, visulizaiton, analysis and management. All information were contained O\\ %D <L S ,
in a specifically designed spatial data warehouse system.

The rest of the paper is organized as follows. Section 2 reviews DBSCAN.
Section 3 illustrates the existed problems of DBSCAN and the corresponding so-
lution. Section 4 demonstrates the implementation of ST-DBSCAN algorithm.
Section 5 states its application on real-world problem. Section 6 draws the
conclusion of the paper and discusses the future work.
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Introduction Part of ST-DBSCAN paper

Lifeng Yan
1361158
Clustering is the task of grouping a set of objects in such a way that objects in the same 7L‘O N
group (cluster) are more similar to each other than to those in other groups (clusters). ltis
a main task of exploratory data mining, and a common technique for statistical data SM\
analysis, used in many fields including machine learning, pattern recognition, image }b 22
analysis, information retrieval and bioinformatics. oo QQ, e

Density-based spatial clustering of applications with noise (DBSCAN) is a clustering &\C\N !Q !

method that is one of the most common clustering ones and also most cited in scientific
literature. Two parameters are required for DBSCAN algorithm: neighborhood radius ¢ t'bg
(eps) and the minimum number of points required to form a dense region (minPts), and
the important concept of core point is defined as data points with number of samples in Nﬁb&_\»\

their & neighborhood larger than the given threshold minPts. And it divides regions with 6(;4&‘\ \ —
enough density into clusters, where clusters are defined as the maximum set of core

points that could be reached by another one through a chain of core points Q S .
(density-connected). The process is to scan the whole database first, find out one core l}(‘ £

point and then extend it using cluster definition mentioned previously. The DBSCAN Mo b A
algorithm can find arbitrarily shaped clusters, is robust to outliers and is mostly insensitive O S

to the ordering of the points in the database. “ \\ %l@? \'V\-)
Heso csa

On the other hand, spatial-temporal data is consisteéd of two difiensions:  spatial and M b

temporal. Temporal dimension describes to which extent the evolution of the object is o

captured by the data, and the spatial dimension describes whether the objects considered VQJVb Q&\S \
are associated to a fixed location (e.g., the information collected by sensors fixed to the LQ\n QA’C
ground) or they can move, i.e., their location is dynamic and can change in time. A very

basic example of spatial-temporal information are spatiotemporal events, each eventis Q. CQ_

usually associated with the location where it was recorded and the corresponding ‘ES\.Q_

timestamp. Both the spatial and the temporal information associated with the events are O W\'\Q’ Q\;\
static, since no movement or any other kind of evolution is possible. Finding clusters .

among events means to discover groups that lie close both in timﬁ‘nd‘ln*space,‘and

possibly share other non-spatial properties. W—
\//?< : %) e?f O\ f\/?
However, DBSCAN ang-other ensity based algorithms could not be us directly on *
spatial-temporal data%tr‘:ajor extensions should be made, since following 3 problems

exist. First is that the DBSCAN algorithm usg_s_Qi_stance only valichQr spatial data, so the NN BSC
dWria should be expanded for non-spatial values, Secondly, existing "F\S\ML
density-based clustering algorithms, including DBSCAN Id not give out good results

when clusters of different densities exist, {and the noi bjects uld be found to
improve.\Thus the concept of density factor which is th degree of the density of the

N vy oh\ac otk Vo Xes
+ Qv pas R O‘\AV‘ ‘\0\'\\“’7
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cluster shegitse introduced, and each cluster should be assigned with such a density
facto, ird problem is that existing density-based metHods do not have satisfying results
when ing with datasets that contains adjacent clusters. And the solution should be (7 p)
comparing the difference between the ave?ge\v\arﬁ’e of a clm new coming on :
with a threshold, since cluster objects should be within a certain distance from the cluster
means. Motivated by these ex;eensi}m,_a\s atial\-temporawersion of DBSCAN, that is the "H'“Q—

ST-DBSCAN algorithm gfouid b proposed. ) 15, AL S B ted © POoRe

o, . . : AL 6‘\'@&”"‘1"‘ Do,
The remaining part of the-paper will be organized as follows: section 2\will talk-about t

related works anq concepts in them; section 3 will have a detailed analysis of problems of O S b\uk
existing methods; section 4 will introduce the ST-DBSCAN algorithm, and evaluate its

performance; section 5 will discuss about the application of the algorithm and also

practical experiment Yesults; section 6 is about the conclusion and future work.
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ST-DBSCAN: An algorithm for clustering
Spatial-temporal data

Derya Birant, Alp Kut
Department of Computer Engineering, Dokuz Eylul University.
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Knowledge Discovery in Databases (KRDD) is an interdisciplinary field, almed at extracting

_‘t&b valuable knowledge from large databases. At the core of the KDD procgss is the Data

%Q)z

OC ¢ o
| = (Geographi®and temporal properties are a key aspect of many data ana
oS-

\ Mining step which embraces many data mining methods. One of the most{important and
2 V| linfluential step of data mining is Clustering. Clustering is an unsupejvised learning
‘| |process, it groups physical or abstract objects into classes of similar objgcts. It finds its

pplication in many areas including weather report analysis, data mjning, machine
earning, and image analysis. It is classified into various types. Density based clustering

tpproach is used in the paper. The idea behind them is that objects wh\1: h form a dense
egion should be grouped together into one clister: +raa o +rue &

roblems in
business, government, and science in today’s world. Spatial-temporal¥clustering is a
process of grouping objects based on their spatial-and-temporalsimilasity—Due to the
evolution of all kinds of location-based or environmental devices that record position,
time properties of set of objects in real time, Spatial-_temporal clustering gained
popularity especially in geographic information sciencesAs a result novel approaches >
knowledge discovery are required for large amounts of data. This papers main aim is to
focus on clustering spatial-temporal data. A novel Spatial-temporal algprithm names ST-
DBSCAN is presented in this paper which uses density based clusterin methodology.

The density-based clustering methods use a density threshold around each object to
distinguish the interesting data items from the noise. Its examples/include DBSCAN,
DENCLUE, OPTICS. All o&them have certain disadvantages, firstly when clusters are
adjacent to each other,a' aus%‘e%s different densities exist. DBSC (Density based
Spatial Clustering of §pplicationg with noise) has been chosen as a base algorithm over
which ST-DBSCAN hak been deteloped because of its ability to progess large databases,
it can discover arbitrary shaped clusters such as linear, concave and|predetermination of

number of clusters is al$p nofrequired.
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ST-DBSCAN (Spdtial-Temporal DBSC clus g%%\a't)a according to non-spatial, ép?tial

and temporal n ors, It uses the e6ncept of density factor, degree of density of cluster
to overcome problems related to di nt densities. Moreover it compares.tié average
value of a cluster with new comind value with respect to the threshold to deal with

adjacent clusters. 7 0(7(7\‘\@&._;/ 'Jbb 0 conpii o\ @X\

: / . ]
A Spatial data warehO}lse system has been developed to démonstrate our algorithm with
respect to real world’using data mining applicationiy. Various steps in KDD like data
integration and selectiom, data preprocessing ad transformation, data mining have been

N performed and obtained results have been compared and evaluated. Special functions like
grids, tables, graphical illustration, maps and reports were developed along with easy
L interfaces so that system could be operated by any unexpert user. Thus it can be said that
coupling in space and time has been well highlighted in this paper by looki
obtained experiment results Spatial-temporal data can also be I other important
A~  application domains like traffi¢ control, meteorolo ysics, Biology and ecology.
Spatial-temporal datasets are highly aut elated and are embedded in continuous

space in contrast with the classj [atasets needing much serious attention. l}

AN e d oA oA

[ LE?;:h Section paper spea abouf some information in support fowao;l S clustering
3 :%irstl

S spatial-tem data ef description of the clustering algorithms and the
>ré¢@-\/zdépendence of other %e algorithms on DBSCAN and terms used in DBSCAN
have been highlighted in Section 2. Secondly, how ST-DBSCAN overcomes the
disadvantages in existing approaches is discussed in detail in Section 3. Logic behind the
working of ST-DBSCAN and its performance measure is presented in Section 4 and this
is followed by its applications and implementation of spatial data warehouse system is

demonstrated in i| and results are shown using pictorial representations. The paper
i 7\ isconcluded @retty well and scope of improvements in the future has been mentioned.,
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Introduction C@ S &¥M>

By YONGLI ZHANG 1269577 Skk\/] \Q_,

Nowadays, the spatio-temporal clustering has become an extremely
popular research area of GIS-related knowledge discovery, which aims
to group objects into meaningful clusters based on their spatial and
temporal similarity. With the help of clustering, we can identify and
extract patterns, trends, or evolutional changes with regard to the
geographical phenomena. And practically ‘speaking, spatio-temporal
clusters may also serve asvaluable input to other data mining
techniques, such as association analysis. &

\Q)CDO&
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Also, due to the availability of cheap sensors and the advances in remote
sensing and sensor networks, we have (witnessed an exponentially
growth of different types of spatio-tempdral datasets. And extracting
knowledge like spatial and temporal pattefns from such dataset is very
important in many applications, such_as ' te- stem,
weather forecasting, environment protection, etc. However, the
combination of time démain makes the mining of spatio-temporal data

more challenging a}hE( complex. And most traditional algorithms are

inefficient in clustefring spatio-temporal datasets as they do not
incorporate the idiosyncrasies of the spatial domain and temporal

domain. \ (&3&&\ Q§3\h Q&’\

In this paper, we propose a novel clustering method called ST-DBSCAN,
which is able to discover clusters with respect to spatial, non-spatial,
temporal values of the object. It is constructed by modifying DNSCAN,
one of the most common clustering algorithms. Given a set of points in
some space, DBSCAN can group together points that are closely packed
together and mark those points that lie alone in low-density regions as
outliers points. DBSCAN has several advantages: it is robust to noise,

and it does not need to specify the number of clusters as priori, and it ()

can find arbitrary shaped clusters. However, there are some issues
existing: firstly, DBSCAN needs modifications, in %%gfer to be used for
i

spatio-temporal data; secoﬁﬁfk\ﬁ’l“éac?e‘ ST eTsters™ 1Y Bo¥alty different
densities, some noise data may not be detected by DBSCAN; thirdly,

adjacent clusters may make the objects around the border totally

different from each other. And ou posed algorithm, ST-DBSCAN

tries make some modifications and@olve shose prolblemg. (?7?\
DT~
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Furthermore, we present a spatio-temporal data warehouse which

could be used to handle and cluster a wide range jof spatio-temporal
dataset. And we also applied our algorithm to the data warehouse,

which demonstrates the applicability of our proposed algorithm. And

the experimental result shows that our proposed algorithm is effective

in mining spatio-temporal data and overcomes some shortcomings of “)\

DBSCAN as well. 1 ?@  alss
The rest of paper is organized as follows: Section II introduces the

related works about existing algorithms and basic concepts about
density-based algorithms. Section III distusses the problems of existing
spatio-temporal clustering approaches. Section IV introduces the novel
ST-DBSCAN algorithm in detail. Section/V demonstrates the applicability
of our algorithm to real world problengs. Section VI concludes our study
and discusses the potential future works.
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