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uUDC 004

COMPARISON OF CLUSTERING ALGORITHMS IN DIFFERENT
TECHNOLOGIES

Temirbekova Zh.E., Merenbayev Zh.M.
(al-Farabi Kazakh National University)

Abstract — Clustering is one of the most popular methods for exploratory data analysis,
which is prevalent in many disciplines such as image segmentation, bioinformatics, pattern
recognition and statistics etc. The most famous clustering algorithm is k means because of its
easy implementation, simplicity, efficiency and empirical success. The goal of this study is to
perform k means clustering using Hadoop MapReduce and implement a parallel k means
clustering algorithm with MPI.

Images obtained using space remote sensing of the Earth play a crucial role in research,
industrial, economic, military and other applications. Development of remote sensing
spacecraft and associated ground-based imaging actively conducted throughout the world. [1].
For the analysis of hyperspectral remote sensing images, there are many algorithms. One of
the most popular methods of clustering algorithm is k means, because of its easy
implementation, simplicity, efficiency and empirical success.

Algorithm k means

The basic idea of k means algorithm is to minimize the distances between objects in a
cluster. Stop computing occurs when minimizing the distance reaches a certain threshold.

Minimized function is as follows: j =iid2(xnck)1 where x. € X — object clustering,

k=1 i=1

¢, e C— center of the cluster. |X|=N,|C|=M . At the time of the start of the algorithm must

be known by C (number of clusters). Select the number may be based on the results of
previous studies, theoretical considerations or intuition [2].

Parallelization algorithm k means

k means algorithm can be run on very large data sets , the order of hundreds of millions
of points and tens of gigabytes of data. Because it works on such large data sets, and also
because of the special characteristics of the algorithm, it is a good candidate for parallelization
[3]. In the course of calculation algorithms have been implemented in the form of serial and
parallel programs on the Java programming language using the technology MPI. On a
multiprocessor computer Mechanics and Mathematics Faculty KazNU calculations were
carried out for a parallel algorithm.

Clustering algorithmk means in MapReduce

MapReduce is a programming model and appropriate technology for processing large
data sets. MapReduce divides the input data set into independent parts. Processing takes place
in two stages: using valve functions Map and gearboxes Reduce.

The algorithm works iteratively in several stages, in the following manner:

1. In the first stage, Mappers reads share input and compresses the original data set into a
smaller set of data, the so-called auxiliary cluster. These auxiliary clusters help to present raw data
in case of a limited amount of RAM.

2. Each Mapper creates k initial cluster of these auxiliary clusters, which are then sent to
the Reducer.

3. Reduce combines clusters from each Mapper and recalculates the centroids of k clusters.
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4. The centers of gravity at the moment thus returned to the original broadcast by Mapper

operations.

5. Now everyone can use Mapper new centroids and reassign its subsidiary centers of
gravity of these clusters. Mapper send its local clusters back to the Reducer.

6. Reducer again combines clusters and recalculates the centroid.

7. This procedure is repeated until until Reducer decides to stop repeated data Mapper. This

typically occurs when the algorithm converges.

The work was implemented distributed clustering algorithm k means [4] using the
technology of MapReduce.
Thus, k means algorithm is well parallelizable. Application of MPI and MapReduce
technologies provides a significant acceleration compared to the implementation of the non-

parallel algorithm.

Table 1. Analyze Hadoop and MPI Java.

N value of the time (Ts, sec) time (Ts, sec) technology
points sequential parallel Hadoop

50 0 0.062 0.028

100 0.035 0.031 0.0154
500 1.321 0.781 0.2952
1000 4.924 2.812 1.552

2 000 15.264 10.261 2.9995
3000 28.345 21.547 11.399
4 000 43.78 32.953 16.32

5000 66.155 61.188 21.967
6 000 82.06 66.375 32.617
7 000 105.21 71.312 38.949
8 000 143.671 94.484 48.579
9 000 168.82 125.94 52.313

Picture 1. Hadoop, parallel, sequential k means.
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YJIK 004.75

MAPAJUIEJIBHBIN AJITOPUTM OBPABOTKH U30BPAKEHUI
JUCTAHIOMOHHOI'O 30HAUPOBAHUA

Temupoexona K.E., Mepenoaen K. M.
(Kazaxckuii hayuonanvHulil yHugepcumem umenu anb-Papadbu)

N300pakeHusi, moydaemMple C TIOMOIIBI0 KOCMHYECKHX CPEICTB AMCTAHIIMOHHOTO
30HAUPOBAHUS 3€MJIM, UTPAIOT MCKIIOYUTEIbHO BAXHYIO POJb B HAYYHBIX HMCCIIEOBAHUSX,
NPOMBIIUIEHHBIX, XO3SIWCTBEHHBIX, BOEHHBIX M JpPYrUX MpuiokeHusx. Pa3paborka
KOCMHUYECKHMX aIllapaToB JUCTAHIIMOHHOIO 30HAMPOBAHMS M COOTBETCTBYIOLIMX HA3EMHBIX
KOMIUIEKCOB OOpaOOTKM H300pa)K€HUIl aKTUBHO BeJeTcsl BO BceM Mupe. s aHanusa
TUIEPCIIEKTPAIbHBIX M300pakKeHUH JAMCTAHIIMOHHOTO 30HAMPOBAHUS CYLIECTBYET MHOTO
anroputMoB [1,2]. OnuH u3 Haubosee MOMYJISPHBIX METOJOB KJIACTEpU3ALUU SBISETCS
anmroput™ K means, u3-3a e€ro JIETKOM peanu3anuy, OpocToTe, 3P(PEKTUBHOCTH U
AMIIMPUYECKUX YCIIEXOB.

Aaroputm K means

OcHoBHasi wjaes anropuTMa K means 3akio4aeTcs B MUHUMHU3AIMH PACCTOSHHUN
MeXIy oObekTamMM B Kkiactepax. OcTaHOBKa MPOUCXOAMT, KOTAa MHUHUMM3HPOBATH
paccTosiHUs Oosnble yKe HEBO3MOXHO. Munumuzupyemas byHKIUA
TaKoBa: J :iidZ(x“Ck),xi e X 00bekT KnacrepusauuC; € C - 1eHTp  KiacTepa.

k=1 i=1

|X| = N,|C| =M. Ha MoMmeHT crapra airopurMa JODKHO ObITh u3BecTHO uucio C

(komuecTBO KiactepoB). Breibop umcma C  moker 0a3upoBaThCsi Ha  pe3ynbTaTax
MPEIIIECTBYIONINX UCCIEIOBAaHUH, TEOPETUIECKIX COOOPaXKEHUSIX WM UHTYULIUU.
PacnapasuiesimBanune K means aaroputm
k means anroputm yacto paboTaeT Ha OYeHb OOJBIIUX HAOOPOB JIAHHBIX, B MOPSIKE
COTHU MWJUTMOHOB TOYEK W JECATKU TrurabaiT naHHbIX. [IoCcKONBKY OH paboTaeT Ha TaKuxX
0onbpImMX HAOOPOB JaHHBIX, a TaKXK€ H3-3a HEKOTOPBIX XapaKTEPUCTUK alrOpUTMa, OH
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ABIIIETCS. XOpOLIMM KaHIuZAaToM Juis pacnapauienuBanus. [locnepoBarenbHbIl U
napajieNbHeld K means ajaropuTM KIacTepH3allMd peajln30BaHO Ha s3bIke Java ¢
npuMeHeHneM OuOnmmotekn MPI [3]. Peanmsanus mapaiienbHoro K means aiaropurMa,
ocHoBaHHLIN Ha MPI, HassiBaeTcs MK means.

Anropurm MK means

Ha nepBom stane, untaer N 00beKThl M3 BXOAHOTO (aiina, U paznenser nanHbie N
00BEKThl PaBHOMEPHO MEX]Yy IMpolleccaMu, CIy4ailHbIM oOpa3oM BblOMpaeT Touku K B
KaueCTBE HAyaJbHOI'O LIEHTPOMJA KJIACTEPOB, a 3aT€M HUTEPATUBHO IPUCBAUBAECT KAXIOMY
00BEKTY B COOTBETCTBYIOUIHMI KJIaCTEP ¢ MUHUMAJLHBIM PacCTOSIHUEM. DTOT Mpolecc OyaeT
MOBTOPSATHCS /10 YKa3aHHOI'O [10JIb30BATEJIEM ITIOPOrOBOTO 3HAYECHHUS.

JlanHble OOBEKTHI PABHOMEPHO DPACIpPEAETSIOTCS BO BCEX IMpoleccax U KiacTepHbIe
HEHTPOUIBl peruMuupyroTcs. ['mobanbHbie omepanuu A BCeX KIACTEPHBIX IEHTPOUIOB
BBIMIOJHSCTCSI B KOHIIE Ka)XJOH WTEpaluyd C IEJIbI0 CO3JAaHMUSI HOBBIX IIEHTPOB TSKECTH
Ki1acTepoB. M, HaKoHell, BBIBOJ pe3yibTaToB kiactepusaiuu: K nearpouasl, 1/0 Bpemenu u
BPEMEHHU KJIaCTEpU3AIIIH.

Anroputm MK means:

Input: yucno knacrepos K , 4nciio 00bEKTOB JaHHBIX

Output: K meHTpOous!

1: MPI Init // nauano mpouenypsl;

2: Urenue N oObekTOB M3 daiina;

3: Paznen N 0OBEKTOB JaHHBIX PABHOMEPHO MEX]Y BCEX MPOIeccax, U MPEAroI0KUM, YTO

KaK/IBIH Tporiecc uMeeT 06bekTaM N JTaHHBIX;

4: Jlnig kakaoro mpoiiecca, BHIMOTHUTE S-11 mary;

5: Cnyuaitno BbiOpath K TOuek B KauecTBE HayallbHBIX LIEHTPOUIOB KiacTepa,

obo3nauaemas kak 4, (1<k <K);
Nk 2

6: Paccuutate J B popmyne J = zznxn —Ck| , 0003Hauaercs Kak J ;
n=1 k=1

7: Hasnauenue kaxoro o6bekta X, (1<n < N) yo 6mkaiimiero kiacrepa;

8: BEIUMCIIUTE HOBBIN HCHTP TSXKCCTHU JJIA KaKA0T0 My KJIaCTCpy B My =— Z Xn ;
k necy
2

Nk
9: Mepecuntate J B J =D > X, —¢,| ;
n=1 k=1
10: TTosTopur mraru 6-9, moka J - J <mopor (J - J <threshold);
11: Co3nanue kiacrepa HACHTH(PUKATOP ISl KaKAOTO 00HEKTa TaHHBIX;
12: Coznanue HOBBIX IIGHTPOB TSDKECTH KIIACTEPOB B 3aBUCUMOCTH OT pe3yJIbTaTOB
KJIaCTepH3allii BCEX MPOLIECCOB B KOHIIE KaXKAOH UTepalny;
13: Coznanue okonuarensHoi Centroid HaOoOp TsHKECTH MO (GYHKIMSIM CIUSHUS U BEIBOJUTD
kiacrepusanuu. Pesynbrar: K 1meHTpounos;
14: MPI Finalize / / 3aBepiienus npouenypsl;

k means kmacrepusanuu B MapReduce

MapReduce sBnsieTcss MOJENbIO MPOTPAMMHUPOBAHKS U CBSI3aHHOTO peaIM3aIMK s
00paboTKkM W TeHepanuu Oonbmux HaOOpoB maHHBIX. MapReduce oObr4HO pa3zOuBaer
BXOJIHOW HAOOp JaHHBIX HA HE3aBUCHMBbIC yacTH. KonmuecTBO wacTel 3aBUCUT OT pa3Mepa
Habopa JTaHHBIX ¥ KOJWYECTBO JOCTYMHBIX y3710B. MapReduce myure Bcero moaxomauT mis
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00paboTKK OONBIINX HAOOPOB JAHHBIX U MOATOMY HCATBHO TOIXOAUT IS KJIACTEPU3AINU
k means aixroput™mos [4,5].

Anroput™ paboTaeT UTEPaTUBHO B HECKOJIBKO ATAIOB, CIEAYIOIIEM 00pa3oM:

1. Ha nepBom stane, Mapper untaer 10yis BXOAHBIX JAHHBIX U C)KUMAET MCXOIHBIN
HA0Op JIaHHBIX B MCHBINNN HAOOP JAaHHBIX, TAK Ha3bIBAEMOW BCIIOMOTATEIBHBIN KIacTep.

2. Kaxnaeiii Mapper cosmaer K HavajdbHBIN KjaacTep M3 3THUX BCIIOMOTAaTEIbHBIX
KJIaCTepOB, KOTOPBIEC 3aTeM HarpasisitoTcs B Reduce.

3.Reduce ob6bemuHseT KiIacTephl OT Kakaoro Mapper v mepecuuThIBACT HECHTPOUIBI
Bcex K Kiactepos.

4. DTy LEHTpPBI TAKECTH BO3BPAIIAIOTCS K NepBoHavyaabHOMY Mapper no tpancusuuu
onepanui.

5. Tenepp kaxapiit Mapper MoryT UCIoJib30BaTh HOBBIE IIEHTPOU/IbI U IEPEHA3HAYUTh
€ro BCIIOMOTaTeNIbHbIX KJIACTEPOB OSTUX IIEHTPOB TshkecTd. Mapper HampaBiisieT CBOU
JOKaJbHBIE KiacTepbl oOpatHo B Reduce. Reduce cHoBa o00beAMHSET KiacTepbl |
MEPECYNTHIBAET LICHTPOUIBI.

7. Dra mporeaypa MOBTOpseTCs 10 Tex mop moka Reduce pemraer ocTaHOBUTH
MOBTOPHYIO JaHHBIX Mapper . 9To 00bIYHO MPOUCXOAUT, KOTJa AIlTOPUTM CXOIUTCS.

®ynkuun Map u Reduce anst anropurma K means Beirisisr tak (puc. 1-2):

public static class MapClass extends Mapper<LongWritable, Text, IntWritable, public static class Reduce extends Reducer<IntWritable, Text, IntWritable
public void map(LongWritable key, Text value, Text>
Context context) throws IOException, InterruptedException ¥

t public void reduce(IntwWritable key, Iterable<Text> values,

String line = value.toString(); Context context) throws IOException, InterruptedException
StringTokenizer itr = new StringTokenizer(line); S
while (itr.hasMoreTokens()) String res = "";
{ ArrayList <Pixel> p = new ArrayList <Pixel> ()
int p_id = Integer.parseInt(itr.nextToken()); Pixel average = new Pixel(-1,0,0,0);
double mindis = Double.MAX VALUE; int count = 0;
int 1 = Integer.parseInt(itr.nextToken()); //(OLD API)while (values.hasNext()
int a = Integer.parseInt(itr.nextToken()); <
int b = Integer.parseInt(itr.nextToken()); Top, {Textvalsivatues)
Pi i = Pi i ; : 2 :
ixel pixel = new Pixel(p_id,1,a,b); Pixel pixel = new Pixel();
Pixel tmp = new Pixel(); String line = val.toString();
for (Pixel p:c centers) StringTokenizer t = new StringTokenizer(line);
{ - pixel.pixel id = Integer.parseInt(t.nextToken());
if (pixel.find distance(p) < mindis) pixel.L = Integer.parseInt(t.nextToken())

o ) . ] pixel.A = Integer.parseInt(t.nextToken());
mindis = pixel.find distance(p); pixel.B = Integer.parseInt(t.nextToken())

tmp = p; average = average.find average(average, pixel, count
} count++;
) context.write(new IntWritable(tmp.pixel id),new Text(tmp.toStrinc //output. collect (key,new Text(res));
} res += average.pixel id + " " + average.L + " " + avera
context.write(new IntWritable(count) , new Text(res))
} - }
) b R 2 - - 2
Puc. 1. @ynkums Map  amroputma Puc. 2. @yskums Reduce anroputma
KJIaCTepu3anuu KJIaCTepUu3anuu

W3 moux pe3ynbTaroB, K means sBIseTCS OYCHb MAapaUICIU3YEMbIM aTOPUTMOM,
KOTOpBI MOXKeT ObITh 3 dexTuBHO peann3oBaH Ha MapReduce, yToObl 1aTh 3HAYUTENBHOE
YCKOPEHHE 10 CPABHEHUIO C PEANIM3ALIMN HENAPaUIEIbHOTO aJrOPUTMA.
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COJTYCTIK KABAKCTAHJA ©CIMAIKTEP CUPEK KE3JJECETIH
OCIMAIKTEPAIH HIOFBIPJIAHY AH KEPJIEPIH AHBIKTAYIbIH KEUBIP
MOCEJIEJIEPI

Tneyoeprenona I'.C., PaxumoOepiiuna A.A.
(M.Ko3zvibaes amuvinoazet CKMY, Ilemponaén K.)

Conrycrik Kazakcran oOmbicel aymarsl 97,99 MbIH MIapiibl MIAKBIPHIMABL KYpanibl.
Kazipri aymarsl 1999 sxbuibl 8 coyipae OenrinenreH, Contycrik Kaszakcran Bbateic-Cibip
oinaTelHBIH OHTYCTIK OOJIMIH aJbIll XKaTbIp, OChIFaH OalIaHBICTHI Oy aiiMaK (hPM3HUKAJIBIK-
reorpaUsIIbIK XKarblHaH 0acKa OOJIBICTBIpJaH TaOMFATHI €PEKIICIICHE/I].

Conrycrik Ka3zakcraHHBIH TaOWFaThl, OHBIH JaHMA(THIH aydaHIapbl TOMBIPAK-KIUMAT
dakTopnblK epekmienirine Tikeneil Oaitnmanbictl. Conryctik Kaszakctan keneci aiimak
TapMakTapbiHa (TIOJ30HBI) AKBIPATBUIAABI, OJIAP: OHTYCTIK OpMAaHIbLI Jajia, Oy aiiMak
TapMarbIHBIH HET13T1 KepiHicl CHUIaTTanaabl; CONTYCTiK — Eciia opmMaHabl ganackl, KeJal Teric
ITKANTapbIMEH CHUIIATTAIA/Ibl; IOKTHl OPMAaH/bI alIKall TapMarbl kaTaabl. [IIOKTeI opMaHIbI
aJIKarTa Ke3/JeCeTiH TaOMFM OTaKTap: onap, Ecil mOKThl — OpMaHbI Jajia MEH KeJJi TeTic
aNKanTap, KAJBIITHl KYPFAK JalalblK aiMakK, IIaribl TEHI3 KAJBIITHI Jajdabl OpMaH
JKambIpaKTapbIMEH CUITATTaa/lbl.

OpmaHabpl JallaHblH —~ KOFaphl OCJICEHIUIITIHIH €pEeKIeNieri OHJaFbl Ke3JIeCEeTiH
YCaKCOKNaKThl (MEIKOCOIMOYHAs paBHUHA) JKA3bIKTHIK, aca Oip epekiie OOJbICTaFrbl TaOUFu
naHmadTeiH OipsecTik Ecin e3eH1 ankaObIHBIH KOPIHICI.

CKO xepiH TaOuFu aiiMakTBIK >KaFblHAH JKYHENemiK: opMaHAbl Jaja aakaOblH OHBI
eKire — IIOKThl OpMaHJbl Jajara >KOHE OHTYCTIK OpMaHJbl Janara axelpaTambl3. OHTYCTIK
OpMaH bl Jalia eKire aKbIpaThlIabl: KOHBIPKai-TanaiblK alKkaObl )KOHE COKIMAKTHIK OPMaH/IbI
nana 0enzeyi (J1ecocTenb Ha METKOCOTTOYHUKE).

Conrycrik KazakcTaHHbIH (IOpUCTUKATIBIK KYpPaMbIH 3€pTTEY, OHBIH KE3/I€CETiH CHUpEK
JKOHE a3 MeJeper: OeCIMAIKTEpIl 3epTTey OJIapJAblH TYPJIK KOHE CaHIBIK MeJIepiH
aHBIKTAy ©T€ KON FhUIBIMU YHBIMIACTBIPY JKYMBICHIH, Ka)K€T €TeTiHI TYCIHIKTI Karaai op
eJIKe/le TaOWFATTHIH KAJIBINTACYhl Y3aKKa CO3BUIFAH IBOJIOMUSIIBIK IPOIECC-OMOIEHO3IBIH
KaJIBINITACybl €KEHI FBUIBIMU TEOPHSUIBIK Heri3fenreH. Herisri OMOIEHO3IBIK KaTbIITACYhI
0allTaHBICTBI  OMIPJIIH  TOMBIPAK-KJIUMAT KaFJalibl HEMece OKOJOTHUSIBIK (akTopiap
JKUBIHTBIFBIHA JKOHE T.0.

PecniyOnukanbiy — diopackl JKOFaprbl  caThigarel  eciMuikTepaiH 6000-HaH actam
TYypAepiH Kanrtansl; onapiablH 90%-blHAa JKYBIFBI OpMaH KOPBIHBIH ayMarblHIA ©Ce]i;
oywrtapasiH 600 Typl PHIAEMHKAIBIK OCIMIIKTEPre KaTaabl. OCIMIIKTEpiH KBI3BLI KiTarKa
enrizgenred 306 Typi Oap.
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