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Fuvanguuuuaiiu (k-mean clustering) [1] WU AEd WS UM sTangudeyaiilssy
muflsasnnituilvnenmsdangudeyaseniiu k ndu Fsazsossvyd k neuiFiiingzidn
nay A1 k Tadisutsngunuuaii duausomidinnisiarsandt k Adululiimuauas
msaglden k Avnzanagldinatlunsiuindeudisnn swazidsavesisutinguuuy
iy annsaqliluunil 2 shade 2.2

Tudagtuildfnuisefeatuisnisdendt k fumizansingne wdu 3ealy
(elbow method) [2] Tnedaiazidendr k anmadmsisiaiaiaaaeu (sum of square
error) vaayna k Adululd Feduieilidseunisvihnauann Wesandesinuisutngy
WUUASIUaNETOU

failuruisedasiiauedunouisdmsutssanmen k- o9 FBuvanguuuuiaiiy
dotieanalunsfiansand k dlisuludesisrsand k lululadomn Tnsfiarsan
Anuvtuugestoyaluldayaudnuas (attribute) dafiansanaIndnsinisiasuutas
YDINISHANUAIANLAETEY (rate of curnulative frequency distribution change) lagisun

8318 RCFOC Ingseauidunvostuizaninsanlatuuni 3
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2.1 nsuuengy (Clustering)

MsuUengy (Clustering) [1] 1uWisnsawszvidoya Fdldlunisinmiieadeya (Data

L. ' P & 1 o w aa ) = ) =
mining) lnevzuusyatoyasandunagu (cluster) lagideyainiinnanuazivilouiunie
panaiudnlilunguiieaiu Tuneudsnldlunisuuinguazeideainumilou (similarity) 39
AulnaTa (proximity) IneA1uiuanmsinssegsyninedoya tngldn1sinssezuuusng q
U N13inTgezuuLgAan (Euclidean distance) M15IASEELLUULNUENAY (Manhattan

distance) NM¥InseaziuuLltlm (Chebychev distance)

lagnisuuangduludagiuiuivensds W n1suusnguuuuiaiiy (K-means
Clustering), N13wusngELTuAAUTU (Hierarchical Clustering), nsuwusnguatUnasuLay
379 (Spectral and Graph  Clustering) LUusu @935n1sutsnauilasuauiienedng

LWSVIANERB NNSLUINAULUULATIY

2.2 YunaunsusngaLuULAiiY (k-mean clustering algorithm)

FBuunauwuuiaiu (kmean  clustering) - [1]  1WuiSdmsunuangu (cluster
analysis) dnsuigadoya D-Tunisviwmiieadeya Bnsuusnguuuueiuiunisuiadeya

= I3 ! ax i PR = o &
n deanilu k nqu IneBudinquuuuiniiuiaeavidendideluil

W C={C,C,,...C;} Wunramnaguinldianisutinguuvuiaiiu lnen15fiiarsmn

Idumsdanguinvield szfiansannaAnaTuAInaInnGeuf&s@ed (sum of squared

errors) AMUUALTIATUAIAaIRLARDUR&Ida L Tus 9Tl

SSEC) =3 3 ] ®

i=1 x;eC;
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= 1 ¥ 1

guiuazsend wunsesd (Centroid) Yagduasnganszangegeaiiauelugnvoya lag

a q a
v

Tuksazseuraisaiiu Ysznauluse 2 Junau

1) nsivuangy (cluster assignment)

'
1 a

° ! a ! & ] I a v Y
Muuadadeves k ndu YuReudazan x, € D avegluvinalndifssiudiade
vaawsazngy Ivihlianunsadandulasusavngy C, asusznaulumeyaieglndiuaiaie

w4 voanguiunnndtdniadelunguoug Wuftewsiazga x; sveglungu C. o
o & 2
] =argqim {ij T H H } (2)
i=

2) U5uusuaunsasn (Centroid Update)

'
a

Muuawavasngd C,, 1=12,.. Kk uasdnunauauadelnivesusasnguly C,

(%
o

WalUAguA UMY gunSReAlU AN N1sAIMUANqukar TUADUYRINITUTUUTITY
V398 IeALduNITIlEos unIARd g tanlifinnswdsulUasdn vieieuy

P = o = vy
nseenliinisivasullaciues %QL?W@WN']?Q‘VTQ@I@G']
k 2
t 33
Z”ﬂi = K H s ¢, (€)
i=1

P A Y a o g t o a !
e ¢>0 ﬂaﬂqﬂqﬁiqﬂlﬂl'], t ﬂ@s@‘U{jQﬁ]UusU@QSUUW@u LAY ,Lli ﬂ@ﬂ'uﬂﬁ%ﬂlaﬂﬂqm Ci Iu

U t FarwdlAann

1

lnedunowisrasisn1shunauwuuAiiy @l sauanslanatunauis 2.1 [1]

Tuwdvasmnududeulunisdiuia israziuindunsuimuanguldinan O(nkd)

1 ! = o 1 U 1 ! d" = o a aa
wszdnlusdag n 9a InisAuinssesisiusdas kK nqu @il d msadunisluy d 36
ag.’/ o 1 [L 16 ¥ A aa al a
LAETUADUNTATMINAEUNToEA nlEIaT O(nd) ws1gdndl n galuy d A auuidng

NMSALTEUNNT t 50U AIHUIaNTILYRNSATIUAD O(tnkd)
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1 K-Means (D,k,¢) :

9 t=0, Random initialize k centroids: 4,ss,..., 11 € R°
3 repeat tet+1

4 C,«@ forall j=1..,k

5 // Cluster Assignment Step

foreach x,eD do
< argmin, { ¢ — 4|
//Assign x; to closest centroid
Cy. < C; u{xj}
// Centroid Update Step
foreach i=1 to k do

1
ﬂ:(—EZXJ

XjeCj

until =¥, ”,u,t —,uit“lnz <g

A1a8197 1 1ngdaya iris setosa (18aziBenglatuiiive 2.5) lagldanueniniuaen

o

= & < ¥ aa 1% v 1 1 [ 1
LLa%ﬂ'ﬂ'ﬁJEﬂ'}ﬂa‘ULaﬁNL‘IJ‘U‘?JE]H@ 2 1% HRMUIUTRUR N =150 LLa%@l@ﬂﬂ’liLLU\‘]ﬂE}llLUu 3 na

Feaonndeaiy 3 Ussinmuad irs setosa IneliiRiatiu_ Eusilaenisduatadevesngy
i =(-098,-124)  u,=(-296116) u =(-1.69,-0.80)"

lne5UvBINITUUINAUTULTN haAIAIFUN 2.1 WagANRREMEIINANTANTUNTIBULINAY

nanafaguTl 2.2
4 =(1.56,-0.08) 4, =(-2.86,053)" s =(-1.50,-0.05)'

LaZEAYINg NAUTIGLNLEILALANAREAAYTINY NAIINEIUNNTANTUNITNINUA 8 TOU WanIR
JUN 2.3

p=(2.64,019)  u4,=(-235027)"  u =(-0.66,-0.33)
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2.3 NSHINUIIAMURAEL (Cumulative Frequency Distribution)

AMswankaIAUdazan (CFD) [2] vasmdululaarlansedunsniatuls nunana
NATILVDIAINUDVDIANUUNIDDUNTNIATULU NUANUDUDIAINIBYBIDUNTNIATUNLIYIIAN
ANNIVLA M‘%aqm’jwﬁwumaehﬂmashwﬁq 1YL TUAINUDINNAINLAININNINVDULYAAN

e L AUV ULIAUUYDIDUASAATY

lnefia81990IN15HANLAIANU DazaNvIANEINAURanlug utloya s setosa

TagldmuninedunsnIatudy 0.3 LAAIFIRITILANLIIANLDazaNAD lUT

M99 2.1 NTHANUAIAURALAUYDIANE 1IN UNBALUTIUTBYA iris setosa

Petal length Frequency CFD
0.7-1.0 t 1
1.0-13 10 11
imb- 1 36 33 a4
1.6-1.9 6 50
1.9-2.2 0 50
22-2.5 0 50
2.5-2.8 0 50
2.8-3.1 1 51
31-34 2 53
243 T aq 57
3.7-4.0 9 66
4.0-4.3 9 F
4.3-4.6 15 90
4.6-4.9 14 104
4.9-5.2 14 118
5.2-55 7 125
5.5-5.8 12 137
5.8-6.1 7 144
6.1-6.4 2 146
6.4-6.7 3 149
6.7-7.0 1 150
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Cumulative frequency distribution
graph of the pctal length
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JUN 2.4 nsmivesilandunisuanuasazandmiusiulsduuuulideiiisarasminy

maﬂﬁumaﬂmﬂgm%ga iris setosa

2.4 3510alu (Elbow Method)

FBealu (Elbow Method) [3]1¥uisdmsufiarunaznsvdeuauadioadsiuly
MlATEiLUUAdangy fesnuuuntiiietiglunsmiuunguiimnzandmivyndoya
Tnedstaslilunsnsaseusiuiunguitléannds RCFDC hifleunsiugranntosifiedla 358
wqulefidudvasmnuaaAABy (sum square error) Audnungy Tnensidenldvarengy
Tunsfinsanifiensinsgiswuiunguiiniuy Wedunpanmandennsrveadoiidusives
AMuLUIUTIUMIeauAaLAdout U 1w ungumniinisulaadesidudveadiniiy
wsUsIumsemaniadouiAtanasnn daansdnvazifuyuuinglunsm is1aziden

¥ %,

IUNguNIRt Fusennmisidenyanuuidn “ngunaeiiealy” degsveinisldisealuly

9
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NIMNWIUNGUAMINzaNdmTugIuTeya s setosa WA air passenger (31gazldYn

anansaglatuiite 2.5) ssuanadansnlugui 2.5 uag 2.6 auday

Elbow method of iris sctosa
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JUT 2.5 FWlealuvesgiudeua irs setosa

A =3 1 v { o ISP
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2.5 grudeyanlilunimaaag
2.5.1 gw%’aga Iris setosa

g1udioya Iris setosa [4] Wugnudoyaiieaiunsduunviinuesnen irs daseneu
lumenuansuznIeuen 4 dnyaigaadnen irs Aa ANNEINAULAES (sepal length), A3
AAendAuEes (sepal width), AueInaURen (petal length) war AL enaunen
(petal width) Tnglugtudeyaildsuunviavosmen s sonidu 3 wia léun Is-setosa,
Iris-versicolor A Iris-virginica Gednvaizaesnen iris 1 3 slinazildnuaeiindondeiu
uﬂﬂ%ﬂLLﬁﬂ\‘iﬁ\‘igﬂﬁ 2.7 (ﬁan http://dataaspirant.com/2017/01/25/svm-classifier-

implemenation-python-scikit-learn/)

N
lor

JUT 2.7 dnwadzvadnen iris 11 3 vila

2.5.2 §1udaya Air passengers
a9 U

giudaya Air passengers [5] \Uugrudayaifeanvinudlnearsaenisiuluisiay
woulud 1949-1960 Fslugudeuavzusznaulisae uruglagans (Air Passengers) wagy

A.f MAUNY (Time)

2.5.3 g2utiaya Tooth Growth

g1udeya Tooth Growth [6] Wugnudeyaneiunaverinfiudiunisasyils
vty Belugrudeyadzusznaulue Augnivesilu (len), Ussianemsiasu (VC vive

0J) wazUsunanduiiadnsuse 1 lna (dose)



Ui 3

35 RCFDC

3 RCFDC (UudsnldAwindiuiungy (k) fmangaudmiuisnsudainguuuuiaiiu
dmiuusiazaadeua X lugwdeya D dwisupwdewaly R? legdslaunsauiu

IuungulalaenITFUIALNEIRT IR

3.1 snsan1swasuuUasvas CED

FuunguiduInwedis RCFDC axlduiannisinnsananaumuuvestoyaly
suteya Fsazinnsananuaumutinvesteyalusues CFD veagiudeya lasisnas
dunaldnnisiansansasnisiasuudases CFD Inefdnsinisiasuntases CFD
A duwandiifuinsnaduresgudeyadamminturesdeyainn Tunanduifudh
SnsniswAsuntasues CFD fieties duwansliifiuinuinaduresgiudeyaiaaiy
vuwiuties Tngiethadwmiugudeya irs setosa lunsazaudnuuuansiaguil 3.1 uas

3.2

Isis setosa dataset Cumulative frequency distribution
5 graph of the pctal length
E 160 !
B : el & 10 :
* o 1
5 NN AN o
= i P XK 2L o 100 1
15 : o3 = i
- D w0 .
‘(I-s 1 : ®ave e g 60 L
- i & B 40 & |
03 wie | B 2 o
* 000000 ¢ 1
0 > ' g 0 P 1
0 2 4 6 8 © 0 2 4 6 8
Pctal length
Pctal length gt

JUT 3.1 JUNNULARIANUENTUSTENINANUMLLLYTETBYaANENINAUABN LA AIY

NIINAUABNYBIgIUTBYE iris setosa fUnsN1sAsuLUases CFD
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Iris setosa data set Cumulative Frequency Distribution
8 Graph of pctal lenght
- 3 160 :
‘.‘ $ 140 /m
6 ¢, ¢ * >
{3 2420
% 2 v Y % 100
5, Sapi £ s Ve
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@
0 0 Losmemt :
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JUN 3.2 ANUdETUS T8I UULULYEIT0YaANEINAUABN KA NI NG ULAITDS

§MUUBYa iris setosa AUTMIIMIUBEULUAIYDY CFD

INFUN 3.1 wag 3.2 151aunsadunaledn tdnsinsifiuduves CFD  didnvey

wioliiiuaefnseduduyssoznils tusansiusnatulideyauvinuvsoldiideyasdiae

hnudnvazdunldlunisesniuutuneuisdmsuis RCFDC

UBNAINNITNAITUIOATINTUABULUAUDY CFD Uad §981u15aN1TUIoNTING

WavuuUaswesilanduazaulmyuiu wilsiduazauazyilviainavensnilfgandaans

Faguit 3.3

Cumulative Graph of pctal length
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3.2 YURaUI9Va9 RCFDC

[
v

JUNDUITVRIIS RCFDC  Toaanwuulaglgndnnisnalsandnsinisilasunlasued
CFD vasdaya FeazrhnisuisyisvasdeyaiveldlunisAuiudiungulaeiansaniigns
MslagukUaswed CFD dandasninvisawinnualSeuieusnsinisiasuniad(e ) wasdl

AUABLLDIUDITINONS NSRS ULUAIYRY CFD TAtaein ¢ (5)

= LY

NsMAIUNgUYesteta n fuazinmuaudiusnAe X wazAuauURNaRPe v,

q

lngidiondn ¢ uazel & Mmzan (Mann1siEenaA1 & uazA1 & Mvangauaunsaglaly

3.4.2) wiseendu 3 Tumau Felseazidunsail

(1) A CFD  YedAnANUMELINYaITaYa lagliana1dunsAAtuNmvInzay
(mannNsiRenAduRTATUNIMITENESag Al 3.4.1)
(2) AINTUBRIINSIUAULUAWDY CFD AlAan (1) d19ns1n1sidasunladved
CFD fANUBgAINAIoNNINY & hard9nons nN1sasunlaswae CFD dA1tagin
= I Y} a 1 d‘ [ [y [V 5 I~ Y -dl'
Weawhiv e danudeilioudiiy & 1573eladngn x Uy Wugaudstoya Lite
TdlunsAuina CFD dwmiupmaudAnasuoteya Inen1siiansanel & uay

S WHAAWNTUN 3.4 Uag 3.5 AUAIGIY

JUN 3.4 P1sNTANAT &

~ a ] ! | | Y] = Y]
NIUN 3.4 NMITLABN &=2 UNPANNINAANISIINGN X, NU X, %30 Y, AU

i+1

a1 I a 1 <@ £
Yo, delaiAu 2 19y x =4 uay X, =6 1Juau

A A

$ i > ——

s=1 5=2
JU71 3.5 M3z & (e=0)
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NFUN 3.5 M5iFen & =2 AY1TNaA1NTEnInggl X AU X, w39 y; AU Y,

i+1

Ay & Aowlinaiued1ation 2 929 Wy X, =6, X, =6 uay X, =6 (¢=0) 1Judu

Tnedlaasatunauiindrsvuisgieseyaauuflangui 3.6

A A
° .
® S5 o
ol o .
0o® ¢ 0o @
LK) ® 00 o
LY / * o
o e ° e o .
+ K] %0 o ¢ .000’ 00 o
¢ %0,.%, o %o, '..0. o o0,
¢ ® e | - ® 000
® o o ." < ® o o .0. .
S
>

v

A B4 v [ 2 @ A
zﬂ‘ﬂ 3.6 MUY NYBYANAIUFIVVUABDUN 2

(3) Frwane CFD vasdayadutiyg Nutdleegauisiilaain (2) wasiUSouiieudng
nsidguudasves CFD luusiagdas sdnsinisiudeuuyasves CFD dldnvee
oA W Ao = 1w oA W
niwEewiiu & Lazdlmdnsinisiudeunladves CFD fiddeyivisawiriu

& dmnusaliaainiu & 15719glen e Usnautuavanunsautanguls laside

E5ATUADULUAIILUUITIVDITOLATUNA LAGIFUN 3.7

A
°
°
N S
oa® ®
o
® %0 o
e o
o o °
X XA %0 o
¢ ) 0o
R Y ° L4 °
¢ ° °
° ° s 200
® ° ° °

v

d' 1 1 v [ 2 o A
E‘U‘VI 3.7 mnwwawa;&aﬁmLaiﬁmumaum 3

& & Y v a ) aal Yo U aaa
AINYNATUVUADUVNAU Li']a’]iniﬂLGU‘EJULﬂuﬁﬂum@uqﬁlﬂﬂﬂﬂu@@ur‘]ﬁﬂ 3.1



URBUIT 3.1 35 RCFDC

w

Input &, 0, n, X, Y,

c=0, numbercluster =0,

j=0

CFX, <« compute CFD of first attribute

for each i = 1 to n do
ACFx =CFx;,, —CFx;
if ACFx<g¢

else

else

c=0

CFy, <= compute CFD of second attribute at point less than S,

c=c+1
if c=0

j =i+l n=n+1

S]-=Xi

for each K = 1 to j do

numbercluster <— numbercluster+1

numbercluster <— numbercluster+1

for each i = 1 to n, do
ACFy =CFy,, —CFy,
if ACFy<g
¢=C+l
if c=0
else
else
c=0

16
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aa

& v o < I o ' 1 o &
NVURBUITN 3.1 UsTVaNl 1 uazaesazilunisldaruazimundidiegndndu
Uss¥inad 3-13 WunsAanen CFD uarfiansandnsnnisiaeuwlaves CFD vesrmaudh
W3 WWemgARUs UsIViad 14-25 aidunisauiaan CFD wazfiansansnsinisiasuniag

Y84 CFD vasnauaudfnansluusiazdg liomdnuiungudmsuisnsulanguuwuuiaiiu

3.3 Big O Notation 48435 RCFDC

Tundaududoureasis RCFDC a1un5alAT1esituguves Big O Notation luusiag

Aoy Y

TUNBUVDINTAMINTIUILUNGNVOI WTaLAN I Toya n oia lassdl

- M3 CFD vasRaautmusnldiaal O(n) Lﬁmmﬂ%’mﬂaLwiazﬁ’agﬂﬁmim
1 p%s feduafinsfasandiviun n ase (UssTindl 3 vesumewds 3.1)

- msfinnsandnsnisiasunasmes COF UYRIAUANTAWIN Lﬁam"\;mmﬂﬁﬁaa&asl%’
1181 O(n) Lﬁaqmﬂ%ﬁmi%’wjm CFD iemshsnnnsidaeuutas staun
n-1 ¢ (Ussvinil 4-13 gastunous 3.1)

- mseule CFD SUENLm'assn'aﬂu@mauﬁ@ﬁaaﬂ%’nmmm O(n) tasnluusias
$2998fa1sudoya n Ay uAn13sR9ITUIIINTDINAT 98T AN
N +N, +...4+ N, =N 4agn1sHasaIUILNANTRLILAREYI CFD ‘Lu@mﬂuﬁ@ﬁ
aadldinan O(n) Twhweadenfufunisiansansdnsnisildeuwdasues COF

YRIAUANURLSA (UTTVATN 14-25 V039URaUTs 3.1)

o

Aei nsuslunMsiwINIIIunduesgutaNanilveya n f3 IAwindu 4n—2

wazdl Big O Notation winiu O(n)
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3.4 Jadedisinasiads RCFDC

3.4.1 A27UNANDUATNIATUVBY CFD

1Y

A v ! v 3 C v aa o < !

nsiienAUnIvelsiardunsnIatuves CFD duiluthifenianuddyiduegis

11N Weanndsdenanunindunsniatunnaiull e1avgihlisldainsaniansan
gnsINsAsuklas CFD vesdayals s1gindunsaiatuiniteasyilidiunisiuanud
Tugafideyaiuiunly ibisuiuignnisasuwdasintuegaaonlifiuinailiingg

A a4 A X o~ < v = @ I Y > =

WuvTeruuiigadntosiay Juansitagisvainsmialanisld CFD vuaLeIndunen
Y93g1UTaYa iris setosa luA1ANATVBITURTAIATUTIASTY TnglilaidanAI1unI1aTes
gunsnatdu 1 9ldnn91e CFD fanns199 3.1 uagaslinaivves CFD fagui 3.8 Tu
a

usfediuliodenaunitvesdunsaiadudy 0.5 uaz 0.1 agldnsmves CFD fagud

3.9 ay 3.10 UaINU

AN 3.1 NSHINBAIAINUDALANVBIAINYNINFUADALUBUNTNIATUWINAU 1

Petal length Frequency CFD
0-1 1 1
1-2 40 50
2-3 1 51
3-4 15 66
4-5 a2 108
5-6 33 141
6-7 19 150
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Cumulative Frequency

20

Cumulative Frequency Distribution
Graph of pctal lenght

Petal lenght

'
=

U 3.8 09 CFD yuAINY1INAUABNYRIIUTaYA iris setosa A1BUATAIATY 1
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N3UT 3.8 awiiiuinuserlioswestniifidnsnisidsundasues CFD Al oy

Wuluyiildanunsaudsdastayala

160
140
120
100
80
60

40 TS

Cumulative Frequency

20

Cumulative Frequency Distribution
Graph of pctal lenght

Pectal lenght

U1 3.9 N5 CFD vuAINgINAUABNTBIIUTLA iris setosa ANSUATAIATY 0.5

N3UN 3.9 iudnuselieaweiiilidnsinisiaeunlaes CFD Al 11N

[ '
=

JuNI13UN 3.8 vinlvienunsauusiadeyalanvy
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Cumulative frequency distribution
graph of the pctal length
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U 3.10 319 CFD UuAIHEINAUABNTBIIUTRYA iris setosa AURTANATY 0.1

N3UT 3.10 Agiiiudinsel oot filgnsinsiuAsulUawes CFD Al 11N

¥ '
=

JunI13UN 3.9 ilvianunsauusinadeyalafvy

Tuyhuesigafiuiieg1avamnsnilanisly CFD vunaiviun1svesgIutoya air

passengers lWANBUATAIATUNANIY AIUT 3.11 uag 3.12

Cumulative Frequency Distribution Graph of

time in Air passenger

160

140 W

120
LY oo

100 0®
30 ’0“

60 \g

Cumulative Frequency
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air passengers

JUT 3.11 N5 CFD UuiWIuNglagansvedg1ulaya air passenger ANSUATAIATY 10
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Cumulative frequency distribution graph of
air passengers

160

T
o N B
o o O

8

S

Cumulative Frequency
8 3

<)
4

0 100 200 300 400 500 600 700

air passengers

U 3.12 N3 CFD UWIWILALAEE5U83g1UTBYa air passenger ANSUATAIATY 2

Tunanaududiidenladunsaiatuiiuesunng daudanazvinlianiauulaiainu
walugh wiAazyilAldanlunisyii CFD 1nTuLilnda1n@aaia1sINaNg s uATANATY F931n
WAuALIN T 9991nA1 AN NI TR DNATTUATAIATUANB LML AT A UL U L UTY

wazoraylnAnnisulsnguiisnanninenanduasale

FalneUnAal198aeNdunINIATUNNRean lALERTI NMSLTINUDIAIVDITaYAT

Upgian LYUIINAIBENVBIANNYIINTUADNVDIFINTRYA iris setosa 1313ELHONAITUNT

=

AATUWNAL 0.1 TnefpgnuesnisidenArsuniniatuintesiiuanudnduasuansnagy
3.13 uag 3.14

Cumulative Frequeney Distribution Cumulative Frequency Distribution

Graph of petal lenght Graph of petal lenght

58
o

-
~
o

e

5 R
8 8

N

]
o
]
o
*

Cumulative Frequency
& 8 8

Cumulative Frequency
§ 88

- 1“
| R

o

U 3.13 N5 CFD UuANENINAUABNYDIIUTRLA iris setosa ANTUATA1ATY 0.1
uag 0.05
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Cumulative Frequency Distribution Graph Cumulative Frequency Distribution Graph

of time in Air passengers of time in Air passengers

5 5 &
S & &
5 5 &
s & 3

5
=3
=
15
5

Cumulative Frequency
8 8 8
Cumulative Frequency
8§ 3 8

B
8

o
o

=)

100 200 300 400 500 600 700 o 100 200 300 400 500 600 700

air passengers air passengers

5UT 3.14 n91vl CFD UuianfiiiiuniauesgIutoya air passengers AN8UATAIATY

WINAU 2 hay 1

9INFUN 3.13 uar 3.14 azmiuldindnsiniswsuiiaiveansml CFD vaarduns

aatusaasunuliifianuuand 9y duduadruunguitiiuialadadaliuansneiy

3.4.2 N1SLAINA £ WAL O

A ! 7 I AT R V) o ' v Yas
n1sidendr & way & duiludsdrdglunismaiunguuesgrudeya lagldis
RCFDC flpannn1slden ¢ way & nuandneiu agvililanadnsiuanaiaiy falusnds
Iudusendenal ¢ war & Winuizan lneduediuninuieinisvegldinfenisniny

aziduauINToeLiedla LazAUIILILYBIgIUTRYS

Ao = =

lpanisiiendl ¢ doglaz & uINIBNEAUgIUTeYaNIanYAIUIULALEIYT

'/LIdSJ = = dldo 1%

uilveyanseidanddnuudeyatiey n1sidenel ¢ dssuar 5 Uegavimunziugiuteyad

RV

v dld

fdnwaziuiue udliifivisliiveyaviedivenidiudeyatos madendl ¢ wnuag &
WINVEAUTIUTLANTE N YUE MU UUKAEEYINTIUIUTRLAUIUINTIYIBU) 113

Bonen & wnuaz & unsmgiupudeyanidnvasnuwiukaslifivaiidnuiudeys

LUIUNNINGIDU

a

F9919819009015910a9lAN ¢ nar & Mwane1enuisUSsuisunanleannis

RCFDC uugudaya iris setosa UanIRInTIN 3.1
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M50 3.1 MIUSEULgURAENEYRIT RCFDC il & war & Nuanssiuuugiudeys

iris setosa
& value o value Number of clusters | Sum of square error

1 3 0.169

0 2 2 0.457
3 2 0.457
1 5 0.066

1 2 3 0.169
3 2 0.457
1 8 0.037

2 2 3 0.066
3 3 0.169

= LW A i & v = i - = = v

INANTNN 3.1 FAUTNLDEINAT & WINTUILABUFINAT & NUNTUAIY LiNDln
Ionaansidu 3 anuvdavesnen s wazdudensn 6 deanuluasvdmaliiAnnisutangy
auamAueudndy wazdndondr & win szvbiiianisuusnguitesuieliinianis

wUInguLag

3.4.3 dnwzvasgIulaya

o s

dnwaizresgruteyatiududnvilsladeninarenadniveeis RCFOC Tnodnwmy
vosgrudeyaiivnyanduis RCFDC avdiuegiudnuvnsdeyaiiuzaniuisnisutngy
WUULAIY AD gm%’aaﬁmwummgu (convex  set) Lsﬁugmsﬂjmﬂa iris  setosa W@ air
passengers  @9IBENIMARRIFUT 4.1 waz 4.6 puddu drudnuazvesgiudeyaillsl
wingauiuds RCFDC wagniswlanguuuuiaily Ae grudeyanuuldlyienyu (non-convex
set) Wy gnudeya tooth growth #sgufl 4.10 wazdnwazgiudoyaililiiwayuuuudug

uamasagul 3.15 [1)
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JUN 3.15 nudeyanilywnyu

Inggmudayawuulildignyudioldnisuunguuuuiaiulunisudinguudassildnadnsnle
nnsuuinguliinssiuauduass Famegenisldnisuusnguwuuiniu gudeyanuy

non-convex b3gUINEUAUNITHUINGNUUUBUS wanaagUN 3.16 (M

KMeans DBSCAN SpectralClustering

d‘ I i P v PR ™ a o 41'
E‘U‘V] 3.16 ﬂ'ﬁLL‘UQﬂQNLL'UULﬂuu;ﬁaqucﬂaiﬂaw‘lﬂﬂ‘ﬁL%WH‘NL‘IBEJ‘UL‘VIEJ'Uﬂ‘Uﬂ'WiLL‘U‘U@uG]
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NANI3YNAABIVB9I5 RCFDC

4.1 NAaN1MARBIYRLIS RCFDC Augudaya Iris setosa

91nN5I8 RCFDC fugudaya iris setosa lngidan muenauaaniuauning
ndusan W 2 padnwaziioldlunsmiaunungy Salidnvasvesgiudeyadgun 4.1

Iris sctosa
3
2.5 ¢
$00 %00 S
ode’s ot
2 ?‘ R
£ @S weee
EBas X P> 4 .’
8 S
(=N ’ *
1 209
0.5 X .
00&0
A e
0 1 2 3 4 5 6 7 8
petal length

JU7 4.1 §1uTya Iris setosa

Fanawunsaiunisnal lneden =1 way 6 =2

1) A CFD UNAMUENINGUABNYBIFIUTRYE irs setosa tnBLABNdUATAIATY
1y 0.1 azldns w CFD AaguNINd 4.2
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Cumulative frequency distribution
graph of the pctal length
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3UT 4.2 N5 CFD UuAINg1INaUABNTaegIutaya irs setosa

ANDUNINIAYY 0.1

2) WsansnsIMIUAsuLUaed CFD 989N IndunaniienIgnuuidaya

ARl Usfen 2.4 uansfegun 4.3

Cumulative frequency distribution
graph of the petal length
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3) Audn CFD veeAunIendunentuudasysikudnegauuintaandunau

neunth naidenanuninsvesdunsniatudu 0.05 agldnsnves CFD Asgud
4.4 UagNaveINsiTUAgnsINsIURguwUAes CFD ¢lagua 4.5

Cumulative frequency

Cumulative frequency distribution on the
petal width (petal length less than 2.4)
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Cumulative frequency distribution on the
petal width (petal length more than 2.4)

o
4"

”»

*

[~]

petal width

JUN 4.4 n5 CFD Yeusiavdievaininuninaniunen

Cumulative frequency

Cumulative frequency distribution on the
petal width (petal length less than 2.4)
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JUN 4.5 manisuuanguluisiazdiavesnunienaunen

IN3UN 4.5 Alidn Prwsnvesgiuteyaaunsanuingulaaangu dugieiiaadl

anansanUsnaule dstusagladuiunguvesgiudeya irs setosa fie 3
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4.3 HaN15NAARIVRIIS RCFDC fiugudaya Tooth Growth
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1. g'm?’faga Iris setosa

sepal length | sepal width | petal length | petal width iris

5.1 35 1.4 0.2 Iris-setosa
4.9 3 1.4 0.2 Iris-setosa
4.7 3.2 =3 0.2 Iris-setosa
4.6 3.1 1.5 0.2 Iris-setosa
5 3.6 1.4 0.2 Iris-setosa
5.4 3.9 Vit 0.4 Iris-setosa
4.6 3.4 1.4 0.3 Iris-setosa
5 34 1.5 0.2 Iris-setosa
4.4 2.9 1.4 0.2 Iris-setosa
4.9 . 1.5 o=l Iris-setosa
54 3.7 1.5 0.2 Iris-setosa
4.8 3.4 1.6 0.2 Iris-setosa
4.8 3 1.4 0.1 Iris-setosa
4.3 4 0.1 Iris-setosa
5.8 4 1.2 0.2 Iris-setosa
5. 4.4 1.5 0.4 Iris-setosa
54 3.9 1.3 0.4 Iris-setosa
b N, 3.5 1.4 0.3 Iris-setosa
5.7 3.8 1.7 0.3 Iris-setosa
5.1 3.8 145 0.3 Iris-setosa
54 3.4 1.7 0.2 Iris-setosa
5.1 3.7 1.5 0.4 Iris-setosa
4.6 3.6 1 0.2 Iris-setosa
5.1 3.3 1.7 0.5 Iris-setosa
4.8 34 1.9 0.2 Iris-setosa
3 1.6 0.2 Iris-setosa

5 34 1.6 0.4 Iris-setosa
5.2 3.5 1.5 0.2 Iris-setosa
5.2 34 1.4 0.2 Iris-setosa
a.7 3.2 1.6 0.2 Iris-setosa
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4.8 3.1 1.6 0.2 Iris-setosa
5.4 34 1.5 0.4 Iris-setosa
5.2 4.1 1.5 0.1 Iris-setosa
5.5 4.2 1.4 0.2 Iris-setosa
4.9 3.1 1.5 0.1 Iris-setosa
5 3.2 1.2 0.2 Iris-setosa
5.5 35 1.3 0.2 Iris-setosa
4.9 3.1 1.5 0.1 Iris-setosa
4.4 3 1.3 0.2 Iris-setosa
5.1 34 1.5 0.2 Iris-setosa
5 85 1.3 0.3 Iris-setosa
4.5 2.3 1.3 0.3 Iris-setosa
4.4 3.2 1.3 0.2 Iris-setosa
5 3.5 1.6 0.6 Iris-setosa
5.1 3.8 1.9 0.4 Iris-setosa
4.8 3 1.4 0.3 Iris-setosa
5.1 38 1.6 0.2 Iris-setosa
4.6 H2 1.4 0.2 Iris-setosa
53 3.7 1.5 0.2 Iris-setosa
5 348 1.4 0.2 Iris-setosa
3.2 a.7 1.4 Iris-versicolor
6.4 3.2 4.5 (3 Iris-versicolor
6.9 3% 4.9 1.5 Iris-versicolor
5.5 2.3 4 1.3 Iris-versicolor
6.5 2.8 4.6 1.5 Iris-versicolor
5.7 2.8 4.5 1.3 Iris-versicolor
6.3 33 fleh 1.6 Iris-versicolor
4.9 2.4 3.3 1 Iris-versicolor
6.6 2.9 4.6 1.3 Iris-versicolor
52 2.7 39 1.4 Iris-versicolor
5 2 3.5 1 Iris-versicolor
5.9 3 4.2 1.5 Iris-versicolor
6 2.2 4 1 Iris-versicolor
6.1 2.9 4.7 1.4 Iris-versicolor
5.6 2.9 3.6 1.3 Iris-versicolor
6.7 3.1 4.4 1.4 Iris-versicolor
5.6 3 4.5 1.5 Iris-versicolor

37



5.8 2.7 4.1 1 Iris-versicolor
6.2 2.2 4.5 1.5 Iris-versicolor
5.6 2.5 3.9 1.1 Iris-versicolor
59 3.2 4.8 1.8 Iris-versicolor
6.1 2.8 aq 1.3 Iris-versicolor
6.3 2.5 4.9 1.5 Iris-versicolor
6.1 2.8 a.7 1.2 Iris-versicolor
6.4 2.9 4.3 1.3 Iris-versicolor
6.6 3 4.4 1.4 Iris-versicolor
6.8 2.8 4.8 1.4 Iris-versicolor
6.7 3 5 1.7 Iris-versicolor
6 29 4.5 15 Iris-versicolor
LY 4 2.6 35 1 Iris-versicolor
5.5 2.4 3.8 1.1 Iris-versicolor
5.5 2.4 KA 1 Iris-versicolor
5.8 2.7 3.9 1.2 Iris-versicolor
6 | o 5.1 1.6 Iris-versicolor
5.4 3 4.5 -5 Iris-versicolor
6 3.4 4.5 1.6 Iris-versicolor
6.7 34, a.7 (b5 Iris-versicolor
6.3 2.3 4.4 1.3 Iris-versicolor
56 3 4.1 (S Iris-versicolor
55 25 al 1.3 Iris-versicolor
5.5 2.6 4.4 1.2 Iris-versicolor
6.1 3 4.6 1.4 Iris-versicolor
5.8 2.6 al 1.2 Iris-versicolor
5 2.3 e 1 Iris-versicolor
5.6 2.7 4.2 1.3 Iris-versicolor
5.7 3 4.2 1.2 Iris-versicolor
5.7 2.9 4.2 1.3 Iris-versicolor
6.2 2.9 4.3 1.3 Iris-versicolor
5.1 2.5 3 1.1 Iris-versicolor
57 2.8 4.1 1.3 Iris-versicolor
6.3 33 6 2.5 Iris-virginica
5.8 2.7 5.1 1.9 Iris-virginica
7.1 3 59 2.1 Iris-virginica
6.3 2.9 5.6 1.8 Iris-virginica
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6.5 3 58 2.2 Iris-virginica
7.6 3 6.6 2.1 Iris-virginica
4.9 2.5 4.5 1.7 Iris-virginica
7.3 2.9 6.3 1.8 Iris-virginica
6.7 2.5 58 1.8 Iris-virginica
7.2 3.6 6.1 2.5 Iris-virginica
6.5 3.2 5.1 2 Iris-virginica
6.4 2.7 53 1.9 Iris-virginica
6.8 3 5.5 2.1 Iris-virginica
5.7 25 5 2 Iris-virginica
5.8 2.8 5.1 2.4 Iris-virginica
6.4 3.2 53 2.3 Iris-virginica
6.5 3 5.5 1.8 Iris-virginica
7.7 3.8 6.7 2.2 Iris-virginica
7.7 2.6 6.9 2.3 Iris-virginica

6 2.2 5 115 Iris-virginica
6.9 8.2 5.7 23 Iris-virginica
5.6 2.8 4.9 Iris-virginica
7.7 2.8 63 2 Iris-virginica
6.3 2.7 4.9 1.8 Iris-virginica
6.7 3.3 B, 2.1 Iris-virginica
7.2 3.2 6 1.8 Iris-virginica
6.2 2.8 4.8 1.8 Iris-virginica
6.1 3 4.9 1.8 Iris-virginica
6.4 2.8 5.6 2.1 Iris-virginica
7.2 3 538 1.6 Iris-virginica
7.4 2.8 6.1 1.9 Iris-virginica
7.9 3.8 6.4 2 Iris-virginica
6.4 2.8 5.6 2.2 Iris-virginica
6.3 2.8 5.1 1.5 Iris-virginica
6.1 2.6 5.6 1.4 Iris-virginica
7.7 3 6.1 2.3 Iris-virginica
6.3 34 5.6 2.4 Iris-virginica
6.4 3.1 5.5 1.8 Iris-virginica

6 3 4.8 1.8 Iris-virginica
6.9 3.1 54 2.1 Iris-virginica
6.7 3.1 5.6 2.4 Iris-virginica
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6.9 3.1 5.1 2.3 Iris-virginica
58 2.7 5.1 1.9 Iris-virginica
6.8 3.2 5.9 2.3 Iris-virginica
6.7 33 5.7 2.5 Iris-virginica
6.7 3 52 2.3 Iris-virginica
6.3 2.5 5 1.9 Iris-virginica
6.5 3 52 2 Iris-virginica
6.2 34 54 2.3 Iris-virginica
5.9 3 5.1 1.8 Iris-virginica

2. srudaua Air passengers
&9 Y

time AirPassengers
1949 112
1949.083333 118
1949.166667 132
1949.25 129
1949.333333 $1
1949.416667 135
1949.5 148
1949.583333 148
1949.666667 136
1949.75 9
1949.833333 104
1949.916667 118
1950 115
1950.083333 126
1950.166667 141
1950.25 135
1950.333333 125
1950.416667 149
1950.5 170
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1950.583333 170
1950.666667 158
1950.75 133
1950.833333 114
1950.916667 140
1951 145
1951.083333 150
1951.166667 178
1951.25 163
1951.333333 172
1951.416667 178
1951.5 199
1951.583333 199
1951.666667 184
1261k > 162
S OPB3Bp 146
1951.916667 166
1952 171
1952.083333 180
1952.166667 193
1952.25 181
1952.333333 183
1952.416667 218
1952.5 230
1952.583333 242
1952.666667 209
1952.75 191
1952.833333 172
1952.916667 194
1953 196
1953.083333 196
1953.166667 236
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1953.25 235
1953.333333 229
1953.416667 243
19535 264
1953.583333 272
1953.666667 237
1953.75 211
1953.833333 180
1953.916667 201
1954 204
1954.083333 188
1954.166667 235
1954.25 227
1954.333333 234
1954.416667 264
1954.5 <ine;
1954.583333 293
1954.666667 259
1954.75 229
1954.833333 203
1954.916667 229
1955 242
1955.083333 233
1955.166667 267
1955.25 269
1955.333333 270
1955.416667 315
1955.5 364
1955.583333 347
1955.666667 312
1955.75 274
1955.833333 237
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1955.916667 278
1956 284
1956.083333 207
1956.166667 317
1956.25 313
1956.333333 318
1956.416667 374
1956.5 413
1956.583333 405
1956.666667 355
1956.75 306
1956.833333 271
1956.916667 306
85/ 315
1957.083333 301
1957.166667 S¥Te)
1957.25 348
1957.333333 355
1957.416667 422
1957.5 465
1957.583333 a67
1957.666667 404
1957.75 347
1957.833333 305
1957916667 336
1958 340
1958.083333 318
1958.166667 362
1958.25 348
1958.333333 363
1958.416667 435
1958.5 491
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1958.583333 505
1958.666667 404
1958.75 359
1958.833333 310
1958.916667 337
1959 360
1959.083333 342
1959.166667 406
1959.25 396
1959.333333 420
1959.416667 ar2
1959.5 548
1959.583333 559
1959.666667 463
1959.75 407
S OP83BP 362
1959.916667 405
1960 a7
1960.083333 £} o
1960.166667 419
1960.25 461
1960.333333 ar2
1960.416667 535
1960.5 622
1960.583333 606
1960.666667 508
1960.75 461
1960.833333 390
1960.916667 432

44



3. g7udaya Tooth growth

len supp dose
4.2 VC 0.5
11.5 VC 0.5
1.3 VC 0.5
5.8 VC 0.5
6.4 VC 0.5
10 VC 0.5
11.2 VC 0.5
11.2 VC 0.5
5.2 VC 0.5
J VC 0.5
16.5 VC 1
16.5 VC 1
15.2 VC 1
17.3 VC 1
22.5 VC 1
NG VC 1
13.6 VC 1
14.5 VC 1
18.8 VC 1
15.5 VC 1
23.6 VC 2
18.5 VC 2
33.9 VC 2
255 VC 2
26.4 VC 2
32.5 VC 2
26.7 VC 2
21.5 VC 2
233 VC 2
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29.5 VC 2
15.2 OJ 0.5
21.5 OJ 0.5
17.6 OJ 0.5
9.7 OJ 0.5
14.5 OJ 0.5
10 OJ 0.5
8.2 OJ 0.5
9.4 OJ 0.5
16.5 OJ 0.5
9.7 0OJ 0.5
19 OJ 1
03 O 1
23.6 OJ 1
26.4 OJ 1
20 OJ 1
252 0OJ i
25.8 OJ 1
21.2 oJ 1
14.5 OJ 1
27.3 OJ 1
25 OJ 2
26.4 OJ 2
22.4 OJ 2
24.5 OJ 2
24.8 OJ 2
30.9 OJ 2
26.4 OJ 2
27.3 OJ 2
29.4 OJ 2
23 OJ 2
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Abstract

In this paper will presest new algorithm for calculate number of clusters for k-mean
clustering with data set on R%. The algorithu consist of there steps as following. (1) Com-
pute the cumulative frequency distribution (CFD) of first attribute. (2) Find number of
group by consider rate of CFD change on first attribute. (3) Compute the CED of second
attribute and consider the number of cluster in each subgroup. The new algorithm has time
complexdty O(n).

Keywords: cumulative frequency distribution, k-mean clustering.
2010 MSC: Primary 62H10; Secondary 62H30.

1 Introduction

Today big data in storage is very necessary to make decisions. The use of effective big
data is required through data classification. The most popular method for grouping data set is
K-means clustering [1}.

The k-means clustering is a way for a clustering of n data into k clusters. Normally k values
for K-means are chosen. Choosing the appropriate k for a dataset needs to be determined by
several factors in the dataset. which is very difficult in a large data set. Therefore, selecting the
appropriate k for each data set is a very important issue.

There are currently several ways to help for selecting the appropriate k. such as the elbow
methad [3]. These methods need to rely on the k-means clustering trial data for many k to be
used for decision making. This method takes a high iteratively and takes a long time to choose
appropriate k.

In this paper will present new algorithm for calculate number of clusters for k-mean clus-
tering with dataset on R2. The method used the rate of cumulative frequency distribution
change of each attribute, which is called RCFDC. The RCFDC method can calculate k without
considering of posible k.
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Ladkrabang
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2 Preliminaries

In this research we have used the basic knowledge of k-means clustering and cummulative
frequency distribution to develop the new algorithms.

2.1 K-means Clustering

Given a dataset with n points in a d-dimensional space and dataset 0 = {z;}]_,. K-means
clustering [1] introduces the clusters implies by randomly choosing k point in data space.In each
iteration of K-means comprises of two step: (1) cluster assignment. and (2) centroid update.
The group was divided to be effective is determined by the sum square error. The function of
the sum square error as follows

k
SSEQC) =" l=y—ml’ (21)

t1 160

Given the k cluster, in cluster assignment, compute the mean of k clusters, each point z; € D
is assigned to the closest mean. with each clusters C; comprising points that are closer to g
than any other cluster mean. So each point x; is assigned to cluster Cj- where

5 = argmin (i — i’} (22)

Given a set of groups 4, i = 1,2, ..k in the centroid npdate step. and calculate the new
mean of each group from the point in ;. The cluster assignment and centroid npdate steps
are carried out iteratively until we reach a local minima. If the centroids do not change from

one iteration to the next. we can stop if Z [l - y,"'" < &, where € > () is the convergence

threshold, ¢ is the mrrent iteration and ,u‘ la the average of the gronp % in the cycle ¢. which
is caleulated from pf = L 2 zy where n, is the number of points in cluster C;. Which steps

ﬁ‘

of K-meau clustering are qhmm in algorlithm 2.1

Algorithm 2.1 K-mocans clustoring

K-means (D,k.s) :
£=0, Random initinlize K ocntroids: g, 46,0 e € %

ropeat. £ <—1+]
CJ<—@ for il j=1,..5k

// Cluster Assigument Stop

foreach X € D do

J* «arg min, {"x, —;l,'r} fiAssign x, o closest contraid
L Cp ‘—C:V{"J}

[ Centrand Update Step

forcach =1 to k do

,11:(—— Zx
(Celws

i 35, [ - <
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In terms of computational complexity, we see that the grouping process takes O(nkd), since
for each n point there is a distance calculation with each k group. which is executed d times in
the d-dimension. The new centroid takes (J(nd) because there are n points in the d-dimension
is assumed to be f rounded. so the total time of the chemical method is O(tnkd).

2.2 Cumulative Frequency Distribution

The cumulative frequency distribution (CFD) [2] of a possible value, or any class, is the sum
of the frequency of that value, or that of that class. or the frequency of the value or of the class
of frequencies that have a lower or lower overall score range. An example of a table and graph
of the cnmulative frequency distribution of the iris setosa dataset [4] is shown in Figure 2.1

I’M:m"d' : 'l Y | Cuiard ; frvrwevcy Cumulativo Troquency distribution
i % % 1 19 e
2 1 @ [[*— | ¥
25 " Ui — .g' w._ | »:
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Figure 2.1 Table and graph of cumulative frequency distribution of petal length

2.3 Elbow Method

Elbow method (3] is a technique which takes a gander at the rate of fluctuation clarified as a
component of the mumber of clusters. This strategy exists upon the possibility that one ought to
pick various groups so that including another bunch doesn't give much better displaying of the
data. The principal groups will include much data however sooner or later the peripheral pick
up will drop significantly and gives an edge in the diagram. The appropriate k i.e. number of
bunches is picked now. consequently the "elbow rule®. An example of using the elbow method
to determine the k value of an iris setosa dataset in the properties of petal width and petal
length and air passenger dataset [5] as shown in Figure 2.2 and 2.3 respectively and we get
k=3 for iris setosa and k =5 for air passenger.

Elbow method of iris sclosa

100
" | 2 $ i 5 "
Number of dustor(k)

Figure 2.2 Elbow method for iris setosa
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Figure 2.3 Elbow method for air passenger

3 RCFDC Method

The RCFDC method is a process of computing for get k values for k-means clustering on
R?. The RCFDC divides the data by considering the rate of cumulative frequency distribution
of each attribute change. If the rate of the cumulative frequency distribution is non decrease
in some interval implies that this dataset has a small amount of data at this interval. So we
can divide the range of data at this interval. An example of a sparse data interval is shown in
Figure 3.1.

Isis setosa dataset Cumlative: feequency distribution
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Figure 3.1 Interval of sparse data of petal lenght

The RCFDC method as shown in algorlithm 3.1 is divided into 3 steps. (1) Caleculates the
CFD of the first attribute of a set and selecting the appropriate scale. (2) Consider the rate of
the CFD from (1) change. If the rate of change of CFD isless than & and consecutive is equal
to &, then the point x; is breakpoint for calculating the CFD of a second attribute. The £ and 4
obtained by choose. (3) Calculates the CFD of the second attribute of the set using breakpoint
x; are given from (2). Considering the number of cluster as well as considering breakpoint in
(2) for each CFD for each breakpoint.

In terms of computational complexity, we see that the CFD process on first attribute takes
O(n). since iris setosa dataset has n points. The time to consider the breakpoint on first
attribute takes O(n). The time of calculate CFD on second attribute takes O(n), since number

m
of all group is ‘me =n. The time of consider rate of CFD change of second attribute for

finding k takes O(n). So the total time of the RCFDC is O(n) + O(n) + O(n) + O(n) = O(n).
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Algorithm 3.1 RCFDC Method

Input £, 8, n, x,, ¥
c=0, unmbercluster =0, j=0
CFX, ¢ compute CFD of st attsibute

foreach i = 1 to ndo
ACFx =CFx,, —CF,

il ACFx<s
c=c+l
iflc=4
Jo=i+lon =0+l
8, =X,
el
el
¢=0

foreach k = 1 to jdo
CFy, ¢ compute CED of second attribuge nt paint I than §,
i perchister € nnbercluster & 1
foregch i — 1 Lo 7, do
ACFy = CEY,,, ~CF,
if ACFy <&
c=c+l

if c==
{ wtinberclusteg ¢ mimberclu=te 41
elye

else

L ¢=0

4 Experiment

We are using RCFDC method with the iris setosa and air passenger dataset. For the iris
setosa, we chosen two features such as petal length and petal width. On the experiment, we are

compute the CFD on petal length with data seale 0.1. The graph of CFD as shown in Figure
4.1

Cumulative frequency distribution
graph of the potal length

Cumizlative frogueney
s a0 2 =SNG

3
*

i
.

Petal leeth

Figure 4.1 cumulative frequency distribution graph of the petal length

We consider the breakpoint for the data by rate of CFD change with £ = 2 and § = 2. the
result as shown in Figure 4.2,
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Cumulative frequency distribulion
rraph of the petal kength
1w
w N
-f I
™
2w
E
g w
o
E ;
+ > ‘ ‘ -
Fetal bunsh

Figure 1.2 Divide point of the petal length

Then we compute the CFD of petal width with scale 0.05 with breakpoint obtained from the
previous step, and find breakpoint for cluster on the petal width of the first group and second
group. The result as shown in Figure 4.3 and 4.4 respectively. So we get k = 3 for k-means
clustering.
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Figure 4.3 Cumnulative frequency distribution on the petal width (petal length less than 2.4
and more than 2.1)
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Figure 4.4 Divide point of the petal width

In the RCFDC method. the £ and § values are very important because both values affect
the breakpoint of the groups. The key to choosing the appropriate £ and § values depends on
the density of the dataset. We performed clustering using the iris sentosa dataset using various
e and d values as shown in Table 4.5.
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& value & value Number of clusters | Sum of square error
| 3 169
1 2 ] 0,457
3 2 L A57
1 3 . (Nif
2 2 3 (. 1649
3 2 0,457
1 *s 3y
3 2 3 . (Hifi
3 | 3 (164

Table 4.5 The various of £ and § and the number of clusters of iris setosa dataset

Cm experiment we find that if £ is small value, the algorithm will give a low k-value, if 4 is
small value, the algorithm will give a high k-value

By comparing the results of the clustering of the RCFDC with elbow method on iris setosa
and air passenger data set. We found that the valnes were similar, as shown in Figure 4.6.

Fdhow methiod ROFIMZ
Thacn set |
bl Bam sg
kormdue oot T ke vl | Rk

BT BT :

Iris setosa 3 0, Lk 3 0, 160 l E=2a=2
Air 1

A I L5 3 LGAs | s=L5=3

R

Table 4.6 Comparison the results of clustering of the RCFDC with elbow method

5 Conclusions

The clustering dataset by using the RCDFC method, we found that the effective clusterings
was based on the £ and § values and selection the appropriate £ and & values for the data set
depends on the density and distribution of the dataset. If the dataset is very distributed we
must choosing the = is high and the 4 is low. The clusters of datasets obtained from RCFDC
selected the appropriate & and § that is effective.

In terms of Big{O) of RCFDC, we see that for the CFD caleulation of first attribute in the
dataset takes (}{n). The time of consider the rate of CFIDY change for finding breakpoint on the
first attribute takes (Wr). The time for CFD caleulation of second properties in the dataset
takes (Mn). The time for consider the rate of CFD change for finding breakpoint on the second
attribute takes (n). So the total time of RCFDC is Q).

Acknowledgment. The anthors are grateful to Prof.Dr.Sorin V. Sabau for comments on the
algorithm and advise program for k-mean clustering .
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