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MHTYULIMAOHUCTKMN PABMUTHU MHOXECTBA

o Crisp sets
CrangmapTHM ( 6ysneBM) MHOXeCTBa
|1 i xOX
XA(X)_{O if xOX
that is
X, X -{0,1}

» Fuzzy sets . Membership function
PasMmuTy MHOXEeCTBA. PYHKIMS HaA NPUHAOJIEXKHOCT
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MHTYULIMOHUCTKMN PABMUTHU MHOXECTBA

* Intuitionistic fuzzy sets
NHTYULIMOHUCTKHA pasmwrm MHOXeCTBa

Membership function Uy X - [0]]

PYHKIIMSI HaA [NIPUHAOJIEXHOCT

n-membership function :
glo embership functio I/A.X—>[O,1]
YHKIONSA Ha HEeIIPMHAOJIeXHOCT

so that: OEE/%A(X)*'VA(begl
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MHTYULIMOHUCTKMN PABMUTHU MHOXECTBA

« Degree of uncertainty

CreneHn Ha HeolpeneJyleHOCT

71, (X) =1~ £, (X) =VA (X)

The value 7(X) Is called the degree of
non-determinacy (or degree of uncertainty)

of the element x [ X to the intuitionistic
fuzzy set A.

CroyHocTTa /L,(X) ce Hapuua CTeIneH Ha
HeoIlpeneJjlIeHOCT Ha eJyneMeHTa X [l X x®M
MHTYULIVIOHNCTKM PaSMNUTOTO MHOXEeCTBO A.




MHTYULIMAOHUCTKMN PABMUTHM MHOXECTBA

o Geometric interpretations of IFS
I'eoMeTpnuHM mMHTEepnpeTaluu Ha JPM




KJIBCTEPUHT

* A cluster is a small group or bunch of
something.

e KiiecTep e Manka rpyna miam Habop oT Hema.

o o "
DDEFI B B
DSE']% O ..l‘
O . ] -
o
o .'.l:



KJIBCTEPUHT

Cluster analysis or clustering IS the

assignment of a set of observations into

subsets (called clusters) so that observations

In the same cluster are similar in some sense.

KHECTePHMHT AHAJIN3 e paslnpegesieHMeTO Ha OajgeHo
MHOXeCTBO OT Haﬁnmneﬂuz B IIOIOMHOXeCTEBa

( knBeCcTEepn), Taka uUe HAGNOOEHMSITA OT enHa
n38Bagka Ca CXOIOHM B HSIKAK'BB CMMUCTBIIL.

Data is divided into distinct clusters, where

each data element belongs to exactly one

cluster.

HJaHHUTEe Ca palnpemeyIeHM B OTIOEJIHM KII'BCTepH,
K'peTO BCEeKM €eJIEMEeHT IIPMHAaOJIeXMM TOWHO Ha eIOMH
KJI'bCTEP.



KJIBCTEPUHT

Distance measure - An important step in most
clustering is to select a distance measure,

which will determine how the similarity of two

elements is calculated. This will influence the

shape of the clusters, as some elements may be

close to one another according to one distance

and farther away according to another.

Msipka 3Ba pascTosiHMe — BaxHa CTBIKA OpHU
KJI'bCTEPMHI'a OOMKHOBEHO € muB60pHT Ha Mspka 3a
pPasCTOSIHMETO, KOATO ompemeNyid KaK Ja Ce MBYUCIHU
CXOIOCTBOTO Ha IOBa eJieMeHTa. Toma e ornpeneJsAio
B3a dopMaTa HaA KII'BCTEPUTE, TBM KATO HSKOMU
eJIeMeHT cCIliopen €mgHa MspKa MOoraT mga Ca IIo-
6MBKM, a cnopen npyra — IO- HaJIedHMN.




Distance measures

Euclidean distance

PascTossHMe 1o EBkamng
Manhatten distance

PascTosiHMe 1o MaHxXaThH
Maximum norm

MakcmuMajsiHa HoOpMa
Mahalanobis distance

PascTosiHMe no MaxasaHo6mc

Hamming distance

PascrTosiume 1no XeMmuHT

KJIBCTEPUHT



KJIBCTEPUHT

Types of clustering
« Hierarchical clustering

lepapxmMueH KI'ECTEPMHT
* k-means clustering

KirecTepeH aHanms Ha K- cpepuuTe
 Fuzzy c-means clustering

PasMuT KII'bCTEepPEeH aHaJInm8 Ha C- CpegHure
o QT clustering algorithm

QT anropmTeM Ba KIBCTEPUHI
» Locality-sensitive hashing

JIOKAQJIHO YYyBCTBMUTEJIHO XelumpaHe
o Graph-theoretic methods

MeTonmn oT TeopusTa Ha IrpadpmuTe
« Spectral clustering

CnexTpajieH KJII'BCTEPUHI



KJIBCTEPUHT

 Hierarchical clustering creates a hierarchy of
clusters which may be represented in a tree
structure called a dendrogram.

° VepapxXmMuHMSIT KIBCTEPMHI' Ch3haBa Mepapxmusi oT
KJI'BCTEPM, KOMTO MOoTraT gna O6BgaT npencTaBeHM B
OBEPBOBUOHA CTPYKTypa, HapeudueHa geHagporpaMa.




KJIBCTEPUHT

« Example. Hierarchical clustering with Euclidian

distance.
* IIpmuMmep. ﬁepapxuqen KJI'eCTEPMHI' C pPaBCTOsIHMEe IIO
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KJIBCTEPUHT

Merging clusters algorithm

e Stepl: determine which elements to merge in a
cluster

o Step2: construct a distance matrix - where
the number in the i-th row j-th column is the
distance between the i-th and j-th elements

o Step3: take the two closest elements,
according to the chosen distance

o Step4: merge the clusters - The minimum
distance between elements of each cluster —

min{d(x,y) | X U,y [ 3B}



KJIBCTEPUHT

e Suppose we have merged the two closest

elements b and c, we now have the following
clusters { a,,{ b, c,{ d,{ eand{ f}, and
want to merge them further. Repeat the

procedure.

IIa ponycHeM, 4Ye cMe obeIMHMIM OBaTa HaM-
BIMBKO PaBIOJIOKEeHM ejleMeHTa D m C, m Beue
pasnojlaramMe caC ciaepgHuTe kiescTepu {a}, { b,
ci,{ d,{ e mu {f}, um mcxame ma npomwsnxuM na
I'M OKpynHsiBaMe. CrnemoBaTeJIHO, IIOBTapsiMe
npouenyparTa.



KJIBCTEPUHT

 The k-means clustering assigns each point to

the cluster whose center (also called centroid)
IS nearest. The center is the average of all

the points in the cluster — that is, its
coordinates are the arithmetic mean for each
dimension separately over all the points in the
cluster.

KnscTepuHI Ha K- cpesEmMTe msmnpaia BCsIKa TOYKA
KBM OHBM KII'BCTEpP, UMNTO LEeHTHP (lLeHTpoun) e
Ham- 61M30 OO Hesi. LeHTHPHT € TouKa, UYMHUTO
KOOpPAOMHATM Ca CpPpengHO apuTMEeTHMYHOTO IO BCsKa
KOOpAMHATA Ha BCHUYKM TOYKM B KII'bCTEpPA.




k-means clustering algorithm.

Stepl: Choose the number of clusters, k.

Step2: Randomly generate k clusters and
determine the cluster centers, or directly
generate k random points as cluster centers.

Step3: Assign each point to the nearest cluster
center, where "nearest" is defined with respect
to one of the distance measures.

Step4: Recompute the new cluster centers.

Step5: Repeat the Steps 3&4 until some
convergence criterion is met.

KJIBCTEPUHT



PASMUT KIITBCTEPWMHI

* In fuzzy clustering, each point has a

degree of belonging to clusters, as in
fuzzy logic, rather than belonging
completely to just one cluster. Thus,
points on the edge of a cluster, may be in
the cluster to a lesser degree than points
In the center of cluster.

B pasMmTHsI KI'BCTEPMHI', BCSKa TOYKa MMa
CTEeNneH Ha MNIPMHANOJIEXHOCT KBM OTIEJIHUTE
KJI'bCTEPUTE, BMECTO HAa II'BJIHA NPMHALJIEXHOCT
K'BM eOuH OT TaAx. Taka ToukuTe B nepubepmsra
Ha KJI'bCTEpa My NOpPMHamJiexaT B I10- MAaJIKa
CTeneH OT TOYKMUTE B cpejaTa My.



PASMUT KIITBCTEPWMHI

For each point X we have a coefficient

giving the degree of being in the K-th
cluster u(x). Usually, the sum of those
coefficients for any given X 1s defined to
be 1.

3a BCcsika Touka X MMaMe kKoebuiIMeHT 3BamarBall
CTeneHTa Ha NPMHAOJIEXHOCT KBM K- Tust
kiecTep U(X). OBuuarHOo cyMaTa Ha Te3u
KkoebnumenT Ba BCsIKa Touka X ce gebmumpa

na Gwne 1. num.clusters

X > u(x)=1




PASMUT KIITBCTEPWMHI

e With fuzzy c-means (FCM), the centroid of a
cluster is the mean of all points, weighted
by their degree of belonging to the
cluster.

* [I[py MeTOnma Ha paSMMUTHUTE C- CPeOHH,
LeHTPOUOET Ha HOalgeH KII'BCTep € CpeagHOTO Ha
BCUYKM TOUYKM, I[peTeIJIeHO CHNpsIMO CTeIleHTa Ha
IIPMHaAOJIEXHOCT Ha BCsIKa TOYKa KEBM KII'BCTEepa.

ZX U, (%)™ X
2 U ()"

center, =



PASMUT KIITBCTEPWMHI

 The degree of belonging is related to the
Inverse of the distance to the cluster
center.

e CreneHTa Ha MNPMHAOJIEXHOCT € peuuMnpodYHa Ha
pPas3CTOsIHMEeTO OO LIeHTHPpa Ha KII'BCTepa.




PASMUT KIITBCTEPWMHI

e Then the coefficients are normalized and

fuzzified with a real parameter m >1so
that their sum is 1. So.

[locne koedpmuyeHTHUTE Ce HOpMaAIMB3MUpPAT U
pasMMBaAT C peajHus mnapamMerTsp M >1, maka ue
cyMaTa MM gJa cTaHe paBHa Ha 1. Taka

1
u,(X) = 7

Z d(center, , X)
I\ d(center;, )

(m=2)



PASMUT KIITBCTEPWMHI

Algorithm

Stepl: Choose the number of clusters.

Step2: Assign randomly to each point coefficients
for being in the clusters.

Step3: Compute the centroid for each cluster
using the formula above

Step4: For each point, compute its coefficients
of being in the clusters, using the formula

Step5: Repeat the Steps 3&4 until some
convergence criterion is met (that is, the
coefficients' change between two iterations is no
more than ¢, the given sensitivity threshold)



MHTYULMAOHUCTKMN PABMUT KIITECTEPHUHT

e A major challenge posed by real-world
clustering applications is dealing with
uncertainty in the localization of the
feature vectors.

* OCHOBHO MNpeAMBBMKATEJICTBO Npe] NIPMIIOKEeHMUSITA
Ha KI'BCTEPMHI'A B PeaJIHUMsI CBSAT € CHIpPaBsHETO
C HeompeqeJyIeHOCTTa IIpM YyCTaHOBSIBAHETO Ha
XapaKTEePUCTUUYHNTE BEKTOPMN.



MHTYULMAOHUCTKMN PABMUT KIITECTEPHUHT

« Considering that feature values may be

subject to uncertainty due to imprecise
measurements and noise, the distances that
determine the membership of a feature vector
to a cluster will also be subject to

uncertainty.

[IpepBun, dYe XapaKTEepPUCTUYUHUTE CTOMHOCTM MOraT
Ia ca HeoIpeneJjieHM NopaaM HETOYHM M3MepBaHUS
¥ MHOOpMALIMOHEH WyM, PaBCTOSIHMUATA, KOMUTO
OIpeneNyaAT CTEelNeHTa Ha NIPMHALJIEXKHOCT Ha OaleH
XapakKTepuCTU4YEeH BEKTOP KBM HaleH KII'BCTEPp,
CBIIO MOT'aT Ja Ca HeOoIpeIeJieHM.



MHTYULMAOHUCTKMN PABMUT KIITECTEPHUHT

e Therefore, the possibility of erroneous
membership assignments in the clustering
process is evident.

e CiqiemoBaTeJyIHO € OuUueBMIHA B'BBMOXHOCTTA 3Ba
[IOT'PEIlHM OLIeHKM Ha CTeIleHMUTe Ha
IIPMHAOJIEXKHOCT B PaMKMUTe Ha Ipolleca Ha
KII'bCTEPUHT.



MHTYULMAOHUCTKMN PABMUT KIITECTEPHUHT

 The importance of the potential

applications of intuitionistic fuzzy sets
have drawn the attention of many
researchers that have proposed various
kinds of similarity measures between
Intuitionistic fuzzy sets.

3HaYEeHMEeTO Ha MNOTEeHLMAJIHUTE IIPUIIOKEeHMUSI Ha
MHTYULIMOHNCTKNM PaSMUTUTE MHOXECTBAa €
IIPUBJISIKJIO BHMMAHMETO Ha MHOI'O y4YeHM, KOMTO
ca NpPenJIoOXKMIM PalIMdYHM BUIOBE MEPKM 3a
CXOIOCTBO MEXAY MHTYMLMOHMCTKM PaSMUTUTE
MHOXeCTEBaA.



PASIPEIOEJIEH KIIBECTEPHHT

e Traditional Centralized Clustering methods

require all data to be located at the place,
where they are analyzed and cannot be applied
In the case of multiple distributed datasets,
unless all data are transferred to a single
location and clustered.

TpaIuUIIMOHHMTE MEeTOOM Ba LeHTpalmMsupaH
KII'ECTEPMHT' MB3MCKBAT BCHMYKM HOaHHM Ja ca
JIOKAQNIMBMPaHM Ha MSICTOTO, KWBIeTo e O6mpgaT
AHaANINBUPAHM, M Ca HEIPMUIIOXKMMU B CJaydast C
MHOXECTBO paBsBnpemelieHM MHOXeCTBa OT HOaHHH,
OCBEH akKO BCHMYKM Te He Ce NpeHecaT Ha egHO
MSICTO, KBOETO Oa Ce MBBHPUM KIBCTEPUMHI'BT.



PASIPEIOEJIEH KIIBECTEPHHT

 Due to technical, economical or security

reasons, it is not always possible to
transmit all data from different local
sites to single location and then perform
global clustering.

[lopammu crobOpaxeHmMsi 3a CUI'YPHOCT, KaKTO U
TeXHUYECKM, MKOHOMMYECKM CBOOpaxeHmsi, He
BMHAIrM € B'B3MOXHO Ja Ce IpeHecaT BCHUYKU
OAaHHM OT PaBIMYHM MBTOUYHMUIM HA €IOHO MSICTO,
K'BOETO na Ce MBBBpUM IVIOOaJIeH KII'BCTEePMHI.



PASIPEIOEJIEH KIIBECTEPHHT

* In the real world, distributed clustering

applications frequently involve disparate
datasets that also consist of
Inconsistencies or outliers, where it is
difficult to obtain homogeneous and
meaningful global clusters.

B peasiHOCTTaA, I[NPUIIOKEHHMSTA Ba pasnpeneryeH
KII'ECTEPMHT' YEeCTO BKJIOYEBAT HECHMUMBMEPpUMMU
MHOXEeCTBa OT JOaHHM, KOUTO CHOBPXaT
HEeCBIJIAaCYBaHOCTM M BBRHIHM €JIEMEHTHM UM NpHu
KOMTO € TPYOHO Jga Ce mnojydaT XOMOI'€HHM U
CMMCJIOBO KOPEeKTHM IVIO6aJIHM KII'bECTEepPMH.



PASIPEIOEJIEH KIIBECTEPHHT

It is obvious that alternate distributed
clustering algorithms reduce the
communication overhead, central storage
requirements and computation times by
exchanging few data and avoiding
synchronization as much as possible.

OueBMOHO €, Ye aJTepPHaATMEBHUTE aJITOPUTMM 3a
pasnpenesieH KIBCTEPUMHI' HaMaJsBaT pecypcure
B3a KOMYHMKALMsSI, HyXJaTa OT LEeHTPAaJIHO
XpaHUIMIEe Ha HaHHUTE UM BpeMeTo 3a
UBUYNCJIeHEe, KaToO OOMeHAT MAaJIKO OaHHU U
n36aArBaT CHMHXPOHMBAaLMATA LOKOJIKOTO MOI'aT.



I[IPUWIIOXEHUA HA KIIBCTEPUHTA

Biology
Buonorusi

Medicine, Psychology and Neuroscience
Me,um.mr-la, I[ICUXOJIOIT'UA M HEeBPOHAYKMU

Market research
[lasapHu mMBcClIenABaHUS

Educational research
NscienBaHmuss B obpasoBaTenHaTa cbhepa

Social networks analysis
AHanms3 Ha COLMAJIHM Mpexu

Software evolution
EBoJiouMsi Ha paspaborkaTa Ha codpryep



I[IPUWIIOXEHUA HA KIIBCTEPUHTA

Image segmentation
CerMeHTauusi Ha obpasm

Data mining
NsBanyaHe Ha uHopMalusi OT HOaHHU

Search results grouping
[lasapHu mMBcClIenABaHUS

Mathematical chemistry

MaTeMaTndecKa XMMUS

Climatology, physical geography
KnuMmaTosiorussi, o¢msmuecka reorpadpms

Crime analysis
AHajimn3 Ha NPEeCTHIIJIeHUS
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