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KpaTkasi brorpacust n Hay4Hble JOCTUXKEHNS

@ ObnacTb nHTepecos: -

o Knacrtepunsauyus 5

o ObHapy»xeHue aHoManuii B
LAHHbIX

o lsBnedenune 3HaHnii us ba3 =
JaHHbIX .

o Merpuyeckne merogbl

o PaboTa ¢ npocTpaHCTBEHHbIMM
AaHHbIMu (6a3amun JaHHbIX e
MECTOMNONOXKEHUN 0BBEKTOB)

o Hambonee n3secten 3a R* tree,
DBSCAN, OPTICS, LOF.

R*-pepeso
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DBSCAN
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Abstract
Clustering algorithms are ateactive for the task of elass iden.
1 databases. However, the application to

knowledge 10 determine the input paramers, discovery of

tabascs. The well-known clustering algorithms offer no solu-
tion 10 the combination of these requirements, I this papes,
e prescnt the new clustering algorith DBSCAN relying on
2 density-based notion of clusters which is designed to di
cover clusters of abitrary shape. DBSCAN requires only ane
input parameter nd sUppors the user in delermining an ap-

o i clciveess andefcieny of DBSCAN wsing

mmmc dua s real o of the SEQUOTA 00 bem
sulls of our caperiment dcmonumc hat (1)

DRSCAN is i gnicanly more eective in

e ofen ot known i advance when dealing with large
database:

) Dl<c|w:ry o closrs with whiery shae, bocause the

hape of clusiers in spatial databases may be spherical,

drawniov, e, songaied s

(3) Good efficiency on large databases, i.c. on databases of
significantly more than just a few thousand objects.

The well-known clustering algorithms offer no solution to

the

prescnt the new clustering algorithm DBSCAN. It requires

only one input parameter and suppors the user in determin.

ing an appropriate value for it. It discovers clusters of arbi

shape. Finally, DBSCAN ic efficient even for arge
til databases, The restof the paper is organized as ol m\

ts. In section 3, we

oo s e i el el CAR
NS, and ot (3) DBSCAN o perors CLARANS by a

actor of more than 100 in erms of ffciency.

Kervent: Cunerio Mgk Arbary Soge of Clo

tem Blfciensy I Databascs, Handling Nijd-
750

1. Introduction

Numerous applications require the management of spafial
data, e, duta related o space. Spatial Database Systems
(SDBS) (Gueting 1994) are database systems for the man-
agement of spatial data. Increasingly large amounts of data
are obtained from satellite images, X-ray crystallography or
other automatic. equipment, Thercfore, automated know-
Ted d

databases.
Several tasks of knowledge discovery in databases (KDD)

CesacTononbcknii Aptém (BMK )

present our notion umuum which is based on the concept
of density in the database. Section 4 introduces the algo.
rithm DBSCAN which discovers such clusters in a spatial

ation of the effectiveness and effic o of DBSCAN using
synthetic data and data of the A 2000 benchmark
Section 6 concludes with a summary e hecioms o
future research.

2. Clustering Algorithms

o
& Rousseeuw 1990); parioning. and bierarchical slgo
rithms. Partitioning algorithns construct a partition of a da
tabase D of n objects intoa setof k elusers, i an inpul pa
rameter for these algorithms, i ¢ some domain knowledge is
requited which unfortunately is not available for many ap-
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-
DBSCAN

o DBSCAN (Density Based Spatial Clustering of Applications with Noise)

@ AnropuTtMm KnacTepmsauum, pasgensaiounii 06 beKThl Mo UX MJIAOTHOCTN —
rycToTe pacnpejesieHnsi no npoCTPaHCTBY.

@ Xopowo noaxoanT Aas NPOCTPAHCTBEHHBIX JAHHbIX.

o [lpumenum k 6aszam gaHHbIX KoopauHaT obbekToe B 2D n 3D.

3. A Density Based Notion of Clusters

When looking at the sample sets of points depicted in
figure 1, we can easily and unambiguously detect clusters of
points and noise points not belonging to any of those clus-
ters.

datah l Adatah z J

figure 1: Sample databases
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|
DBSCAN. Onpeaenetus

Mycte D = {(x;, y;)}I_; — 6a3a AaHHbIx To4ek B 2D eBKNMAOBOM MPOCTPAHCTBE,
dist(p, q), p, q € D — dyHkumns paccrosiHus.

OnpepeneHne (£-0KPeCTHOCTb TOYKM)

£-0KpecTHOCTb To4KN N.(p) — 3TO MHOXECTBO TOYEK, YAAJEHHbIX OT p He bonee
4yeM Ha €:

N.(p) = {q € D | dist(p, q) < ¢}

MinPts = 5
OnpegeneHne (BOCTXNMOCTb @ o A
HanpsMyo) e Wttt V .
Toyka p Hanpsamylo gocTnXxuma us q, e Lt e Ut
ecnn: P - FPaHNYHas ToYKa KNacTepa  p HanpsMylo AOCTUXUMA U3 g,
1- p e NE(q) g - BHYTPEHHSS TOYKa q - HeT
2. |N5(q)‘ > MinPts, MinPts € N Puc. 1 : Otnowenne goctuxumoctu

v HANpPAMyt0 He CUMMETPUHHO.
Hanee cuutaem € n MinPts 3apgaHHbIMI NapamMeTpaMu aaropuTMa.
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DBSCAN. Onpeaenetus

[anee cuntaem € n MinPts 3agaHHbIMU NapaMeTpamMm anroputma.

Onpegenenne (JOCTMXUMOCTb)

Touka p JOCTUXMMA U3 TOYKM ¢, ecnn 3 NOCNE[0BATENIbHOCTD TOYEK P1, - . ., P,
Takasl YTO pji1 HaNpPSAMYIO JOCTUXUMA U3 pj.

Onpegenenne (CoeanHEHHOCTD)

Touka p coeguHeHa c Toukoli ¢, ecnm J Takasi TOYKA Z, YTO P U § AOCTUKUMBbI
n3 z.

p BOCTWXMMa U3 q, p v q coeanHeHsl (3a cyeT
HO g He NOCTVXUMA U3 p TOYKM 0)
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|
DBSCAN. Onpeaenetus

Onpegenenne (knactep)
Knacrepom 6ygem cunTaTh HENyCTOe MHOXECTBO TOYeK u3 6a3bl faHHbIx D,
YAOBNETBOPAIOLMX CAEAYIOWNUM TpeboBaHUAM:

Q@ Vp e C:ecnn q poctmxuma us p, 7o q € C

Q Vp,q € C, pn g coeguHeHsbl.

LLlymoM cumTaem BCE, 4TO HE NPUHALNEXKNT HU OQHOMY KIaCTEpy.
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DBSCAN. OcHoBHble nemmbl

Jlemma

Mycts p € D n N(p) > MinPts. (p — BHyTpeHHsisi Touka). Torga MHOXeCTBO
BCEX TOYEK, JOCTUXUMBIX U3 p, — 3TO KJAcTep.

Jlemma

Mycts C — knactep, a p — BHyTpeHHsia Todka C. Torga C paBHO MHOXeCTBY BCEX
TOYEK, JOCTUXKUMBIX U3 P.

ﬂ.aHHbIe NEMMbI AaOT BOSMO>XHOCTb COCTAaBUTb aJIFTOPNUTM MONCKA KJ1AaCTEPOB.
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DBSCAN. Anropntwm

DBSCAN. lMNapametpsl anroputma: € u MinPts.

DBSCAN (SetOfPoints, Eps, MinPts) {
Ana Kaxgpolt Toukum p ums SetOfPoints:
ecny TodKa p elle He KIIacCUOUUKpOBaHa,

ExpandCluster(p, SetOfPoints, Eps, MinPts);
}
ExpandCluster (Point, SetOfPoints, Eps, MinPts) {
seeds := SetOfPoints.regionQuery(Point, Eps);
ecmu seeds.size < MinPts:
noMevaeM TOodKy Point xax mym
uHaYe :
moMedaeM BCe TOUKM U3 seeds WacThl HOBOTO KIIacTepa;
noka seeds He IyCTO:
BHHUMaeM IepByb TOYKy u3 seeds
result := SetOfPoints.regionQuery(Point, Eps);

O BCeX TodeK m3 result, KOTOpHe He KIacCHPUIMPOBAHH WM [1OMEYE€Hbl KaK LUYM,
nobaBigeM ux B seeds.

moMeYaeM BCe TOYKM M3 result YacTbl HOBOTO KJacTepa.

}

@ Onepauus SetOfPoints.regionQuery(Point, Eps) — HaiiTu BCe TO4KM B
Eps-okpecTtHocTu TO4kmn Point:

@ ecnu peanusosana nonubiM nepebopom, DBSCAN pabotaer 3a O(n?)
@ ecnn peanusosaHa ¢ nomouwbto R¥-tree, DBSCAN pabotaer 3a O(nlog n).
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DBSCAN. Kak nogbupats € u MinPts?

o AgTtopsbl npeanaratot cnocob oueHnts € n MinPts.

@ Myctb disti(p), p € D — 370 paccrosiHue ot p fo eé k-ro bnmxaiiwero
cocepa. Bribepem Hekotopoe k € N.
© Coptupyem Bce To4kn p € D no ybuisanuto distk(p).
@ Crponm rpaduk disty(p) Ans BCEX p B OTCOPTMPOBAHHOM MOPSIAKE.
© Ha rpacduke MOXHO BMAETH TOYKY, B KOTOPOW Ha4MHAETCS NEPBOE NIATO.
MycTb abcuyucca 3Toii ToHkM — g, Toraa yctanosum ¢ = disty(q), MinPts := k.

H N
4-dist : threshold
@ ABTOpbI YTBEPXKAAIOT, YTO . point
npu k > 4 rpacduk mano /7
oTam4yaerca ot rpaduka
npn k = 4. noise | clusters

» points

figure 4: sorted 4-dist graph for sample database 3
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DBSCAN. Ccbinkn Ha nutepaTypy
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& B3pb| Bbl>» B HOBOCTAX

Discovering Global and Local Bursts in a Stream of News

Max Zimmermann Irene Nioutsi

e
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«B3pbiBbly» B HOoBOCTAX. [locTaHoBKa 3agaqn

@ lMyctb mbl HabAOgaeM NOTOK HOBOCTHBIX AaHHbIX. B MOMeHTHI Bpemern
to, t1,. .., L, ... MONyHaeM KOMIEKL MO fOKyMeHTOB (HoBocTein) D = D(t;).
@ OcHosHble uenn:

© «knaccnduympoBaTb AOKYMEHTbI MO TEMAM,
© obHapyXuBaTb «B3pbIBbI» B MOTOKE HOBOCTEN — HOBbIE TEMbl, MONYYNBLINE
60onbLOol pe3oHaHC.
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«B3pbiBbly» B HOoBOCTAX. [locTaHoBKa 3agaqn

@ lMyctb mbl HabAOgaeM NOTOK HOBOCTHBIX AaHHbIX. B MOMeHTHI Bpemern
to, t1,. .., L, ... MONyHaeM KOMIEKL MO fOKyMeHTOB (HoBocTein) D = D(t;).

@ OcHosHble uenn:

© «knaccnduympoBaTb AOKYMEHTbI MO TEMAM,
© obHapyXuBaTb «B3pbIBbI» B MOTOKE HOBOCTEN — HOBbIE TEMbl, MONYYNBLINE
60onbLOol pe3oHaHC.

@ ABTOpbI NOCTaBUAM 3afa4vy HE NPOCTO OOHAPYXMBATh B3PbIBbl, a MOHMMATb,

KOrga npowu3sowesn rnobanbHbIii B3pbIB, a KOrAA SI0KasIbHLINA. (Koraa

NOsIBUMIACL HOBAsi KPYMHasi TEMA W MOATEMA KPYMHOM)

Table 1: Description of the News Threads

[ Topic keywords e.g. Duration Docs/day Total |
Egypt protests, wviolence 25/01-04/04 ~= 250 17,067
Libya rebels, revolution 04/02-04/04 ~= 250 12,421
Japan carthquake, tsunami 11/03-02/04 ~= 300 6,812

Cricket worldeup 2011, ericket 16/02-04/04 =~ 100 4,208
41,340
Doknap o paborax Hans-Peter Kriegel 7 okTsbpa, 2015 15 / 26
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«B3pbiBbl» B HOBOCTSIX. Cxema pelueHus

o Bcerpa xpaHuMm Ha KOMMNLIOTEPE HAaCTb CBEXNX AOKYMEHTOB (HOBOCTENA).
Moppep)KneaeM 2-ypoBHEBYIO NEPaPXUI0 NOCNELHUX JOKYMEHTOB.

o HOBbII7I AOKYMEHT CPAaBHNBAETCA HA MOXOXKECTb C TEMAaMU. ECJ’II/I HE NOXOXX HN
Ha OfHY TeMY, nonagaet B r7100a/bHbIN KOHTelHep. /iHave nonagaer B
Haubonee 65M3KytO Temy.

@ BHyTpu nogrembl — TOT e npouecc (pekypCcmBHO).

T noaTema [ nogrema —— nogTema
1] e 1°] . [ e
= noaTeEMa = noATeMa = noaTeMa
Q u @
- = F
KOHTENHEep KOHTERHEP KOHTEAHepR

rnobansHelil KOHTeRHep

Puc. 2 : OpraHnsaumsi coxpaHeHHbIX JOKYMEHTOB
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«B3pbiBbl» B HOBOCTSIX. Cxema pelueHus

T nogtema M noaremMa T noaTeMa
1] e 18] e n P
= noaTema = noATemMa = noaTeMa
[} Q Q
- [ [
KOHTelHep KOHTERHER KOHTERHEpD

rnobansHeIl KOHTERAHEpP

Puc. 3 : OpraHnsaumsi coxpaHeHHbIX JOKYMEHTOB

o Ecnu rnobanbHblii KOHTEHEP nepenonHseTcs (ero pasmep CTaHOBUTCS
Bonblue o), NPOM3BOANM NOJHYIO NEPeKNaCcTEPU3ALNIO XPAHWINLLA.

@ Ecnu konTeiliHep Tembl nepenonHsietcs (ero pasmep cTaHoBMTCs Bonblue o),
MpON3BOAMM MEPEKNACTEPU3ALINIO BHYTPY TEMBI.
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«B3pbiBbl» B HOBOCTAX. Bosnee nogpobHo

Q Kaxabiin gokyment d u3 Tembl C nepesogutcs 8 TF-IDF npeacrasnenne:

tf(t, d) =

Zk "k
: D|
idf(t,D) = log ———;
N CE]
tf-idf (¢, d, D) = tf (¢, d) x idf(¢t, D)
@ TF-IDF gns scein Tembl C — 3710 BekTOop C' = (w1, wo, ..., wN), TAE Wi —
cpeptnin TF-IDF-sec cnosa k; B pokymentax us C.

© Korpga noctynaer ouepegHoii gokymeHT d, ero TF-IDF cpagHuBaetcs ¢
TF-IDF kaxpoin Tembl C; n Gepetcsi KOCuHyCHasi mepa cxofacTea. JokymeHT
nonagaeT B KOHTeliHep, ecnu

max cosine(C}, d) < dg,

roe d, — NOpor CxXoACTBa.
g
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«B3pbiBbl» B HOBOCTAX. Bonee nogpobro

Q Korpga rnobasnbHbIli KOHTERHEDP 3aN0ONHAETCA,

@ OCTaB/ISIEM B XPAHWINLLE TONBKO COAEPXKNMOE FN0DanbHOro KOHTeliHepa 1
nocnearnue W nokymeHTOB B NMOTOKE,

@ [ANs JaHHOINO MHOXECTBAa AOKYMEHTOB MPOBOANM MNepeKaacTepn3aLmio.

© noJly4aeM HOBble TeMbl.

Q Mepeknacrepuzayms npoussogutcs anroputmom Fuzzy C-Means (Bezdek,
1981).
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«B3pbiBbly» B HOBOCTSX. Fuzzy c-means

@ Fuzzy c-means ocHOBaH Ha HeyeTkon noruke. Ka)kgoli To4ke x; CONOCTaBAsieT
HE KJacTep, a BEpOATHOCTb nonagaHust B Kaxapiini knacrep Cy — wig.
@ Buibnpaercsi 4ncno knacrTepos c.

@ CnyuvaiiHO MHULMANN3NPYIOTCA BCE BEPOSITHOCTM.
© T[loka anropnTm He AOCTUT CXOAUMOCTW:

o [lepecuunTbiBalOTCA UeHTpOUAbLI NO hopmye:

n m
Zi:l Wik Xj

K = — k=1,...,c
> i Wik
o [lepeCcHnTbLIBAIOTCA BEPOATHOCT NPVIHAANEKHOCTN TOYEK KAACCaM:
m 1 5 ;
wi = > i=1,...,N, Jj=1...,c
¢ [Ixi —c;]| \ ™2
k=1 \ Tlxi—c ]l

@ B npouecce pabotsl MuHumuznpyetcs uenesasi pyHKLuMS
_ n c m i 12
JX, )=, Zj:l Wij [[xi — ¢;|”
@ m — «pa3mbiaTtenby (fuzzifier) — napametp anroputma, otsevatowuii 3a
4eTKOCTb rpaHuy, knactepos. ObbIuHO BbIOUpalOT m = 2.
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«B3pbiBbI» B HOBOCTSIX. DKCNEPUMEHTbI

e BBC, nouck no kao4yeBbIM CIOBaM

Table 1: Description of the News Threads

| Topic keywords e.g. | Duration | Docs/day | Total |
Egypt protests, volence 25/01-04/04 == 250 17,067
Libya rebels, revolution 04/02-04/04 == 250 12,421
Japan carthquake, tsunami 11/03-02/04 ~ 300 6,812
Cricket worldeup 2011, cricket 16/02-04/04 =~ 100 4,208
41,340

@ ABTOpbI YTBEPXAAIOT, HTO AaHHbIe COAEP>KAT MHOro wyma (ocoberHo Eruner

un Nusus).

CesacTononecknii Aptém (BMK MrIV)
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«B3pbiBbI» B HOBOCTSIX. DKCNEPUMEHTbI

@ Yem Gonblue nopor NIOKaAbHOrO CxOACTBA J;, Tem DOAbLIE NPOU3BOANTCA
JIOKAJIbHbIX nepeK.naCTepm3au,|/||7| N MeHbLUe rJ'IO6aJ']beIX.

Table 3: Number of global and local reclusterings
for different local similarity thresholds ¢

| global & | local 6 | # global reclusterings | # local reclusterings |

0.2 0.3 9 10
0.2 0.5 5 37
0.2 0.8 3 55

Puc. 4 : Bnusiiue §; Ha 4nCNO NOKasbHBIX MEPEKACTEPU3aLuii

CesacTononecknii Aptém (BMK MrIV)
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«B3pbiBbI» B HOBOCTSIX. DKCNEPUMEHTbI

@ Yewm Gonblue nopor 160 /'f‘, 1
JIOKaJIbHOTO CXOACTBA J), 10 /
Tem bonblue Npon3BOAMUTCS
JIOKAJIbHBIX y
nepeknacTepmsaunii n ol
MeHbLUe rN0banbHBbIX. *

] |
\f [

!

B A B N I I S S I U S I

@ l13-3a 3Toro rnobanbHblii t e o o time
- P3N e »
KOHTeliHep nepenosHseTcs
pexke, 1 3amedaeTcs b B s 6
MeHbLLE JIOXKHBIX B3PbIBOB. uc. 5~ AusiHne J; Ha pa3mep rnobanbHOro
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«B3pbiBbI» B HOBOCTSIX. DKCNEPUMEHTbI

#LSIM0.3 ---LSIM0.5 —LSIM0.8

@ MoxxHO 3aMeTuTb
aHanornyHblili 3 ekt ¢

Ka4ecTBOM paboThbl 2
anropuTMma. g
o B kauecTtBe mepbl kavecTBa o0
aBTOpPbI CTaTbl BbIOpann 050
purity. Bosbmem pgns 040
- C - IR SR SRR N R o U GO O R A i
KaXkgoin Tembl C; NCTUHHBIT ;Q\@‘ o s time
knacc Y, kotoporo cpegn eé ¢ & ¥
[IOKYMEHTOB BOJbLLINHCTRO.
T . #(dicY) Puc. 6 : Binanne §; Ha CpeaHIO0 HUCTOTY
orpa purity; = H#(d; €G> rnobanbHbix TeM. 3aBUCUMOCTb CPEAHEN HaCTOTbI
. c . .
purity = %Zi:l purity;. knactepoe (purity) ot spemenn (K=5, J, = 200,
8 = 100)
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