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Algorithm for k-means Based on Data Stream in Cloud Computing

WANG Fei QIN Xiao-lin LIU Liang SHEN Yao
(College of Computer Science and Technology, Nanjing University of Aeronautics and Astronautics, Nanjing 210016, China)

Abstract k-means algorithm is one of the most commonly used clustering algorithm. Now data scale is exploding, and
traditional centralized algorithm can not meet the requirements, so it is an urgent problem to design distributed k-means
clustering algorithm currently. Existing distributed k-means algorithms are based on MapReduce framework and don’t
consider the clustering center. Since each MapReduce job reads and writes data from distributed file system, it is ineffi-
cient to express dependencies between jobs. Then this paper proposed a framework based on data stream. Based on Ma-
pReduce framework, this framework models according to the data flow diagram. And it proposed an efficient k-means al-
gorithm on the framework, It uses an improved algorithm based on sampling to confirm clustering center for load ba-
lance and reducing iterations. Experimental results demonstrate that the algorithm can efficiently resolve the large scale
k-means cluster.

Keywords k-means, MapReduce, Framework, Data stream

Vol. 42 No. 11

1 8|8

ALY BT E AR A R G B — > Ze A (7]
B SR RS M AR RSB A E
JTEEBIRMMA . BRSNTRRE R EAR A (e
BHEND MR E S BB AR #2E, F 8 R — KB R
PERoF G 2 (6 B AR AP R BT BB K, TR B AR FE Rl — -2 R A 3K
EMRZENZRERTERIKR. NREZE, FHBRA—%
HERERBRES —E, ARENERERESE. EENE
FKEETABETEE ETUS ETRE.ETERURL
HETFHA 5%, kmeans™ (WEDRABE LR —FI AR
TEMBETUANNRERE L. ZEEG TRRR, BLEX
KA IT RIS B Z A,

B EH R 2014-11-04 8 H #H.2015-01-06

EFZNATREN MBI ANERTRE, &
FAPEBEAT AHT R, Flin, R LG bk LA
RARMENBR RE—RBAMNR SR —FEE, R G AT LA X
XABER T I SEAT N, B S B T RS, EE
LB TR R R RN B SR, 45 I LA R A 3T R 4
BASSRRSR A K, Bildn, M4& B AT REAL A BT (240 . B
HREAES TG BE RSB ER, UE TR AT
BHEREFHE ETRENY ARERMNBATRITFESYR
A F., Hi, ®SFHE T2 k-means BERHI T
EI B AR % % U ) 15] B . MapReduce!™ & Google 2 ti # —Fh
FEER P A KM EIEE N S AT HRERR, W EH
M EREP R OIHTEER . AT AR KRS
WEEER k-means F2E 0 87, A L H B H T EF MapReduce

AXZEREREEELINE (61373015, 61300052) , R M T H B LS iE 25 SE T

BHIAF & ¥ H (20103218110017) , IL A AL B2 L 1R T #2 % BT H (PAPD), P e B Be ZE ARk 45 88 % T30 B (NP2013307), % it

H-EA- KB AL 2T | B A STOR E R .

E k1989, B, B4, FEH Y A =R T IR E AL, E-mail: wangfnuaa@163. com; BB (1953 —), B, # #%, -4 B IF,

FEHRFTAASAABBEERSZL FRELE: N
® EA986—), B Wb, FEHR TN ITHE.

¥ (1985, B, WL/5, ViUf, EEBFFT T A b M M E B E. ABEES;

o 235



HESEH k-means Bk, BITEE P —RKIERRRL T —4
MapReduce {£45 .

H T FEMA B MapReduce HEZEFF IR SC B Hadoop™ ¥
BT, B4 MapReduce /£ 4 # % EiE 5 HDFS, Bl {f 3 &
MapReduce {5 7= 4 BB (X 2R T, SHBHRT
MapReduce HEHRAE F X BA KIS R VeI it BRI, 7E
BHEPITHBRRFEEEHIE, mERKEN /O FF4, BEX
FBMET, FAXRET—HEHTEZNEEKBIXFE K Map-
Reduceft 45 M EMER-—ETHIRR O EESR, ZER
FHBE Ab 2 RN R AT S A, TR AR R — PR R R
FESRACEE, T 4R R T EAE S MapReduce 247735
HTAFid R, Rl DS B K #i55 R 9 MapReducelT:
FHER—TEKHK DAGHESF . BT ENEFRE KR
MapReduce £ Z [RIRI UG, AEAS SN TFER. B
A LA AME 45 PR A T D

k-means B kM n MEIEXT R P HEVLL R E AR AE
HERE DL, XEEHT RELRTIF U REE R
ZEEZFMARREPLEENRE . ASCRAETERE
BB 7 W AT R 28 BT 2R R O i O Rk AT T 3G, RE
FRERPNRERLSLEFEESI MORLE PO E
FREBEVHRBEL T LT EAN LGRS KL N AR
R, T BRSO EEMERRE . BEIERE R, ERK
BHBA B R B UR VO T BREBENME N

ATHE 2 A48 kemeans BAEHH— AKX THE 53
FRANBT 5 kmeans BEFE; 5 4 WRHET Ma-
pReduce ) k-means B ¥ 5 5 WE o £ B FHIER W
BER, BT RIERRE N REPLRFERE, RFR T DK-
means B ;55 6 WS T LRI,

2 HWXIE

i RFEFEE, RERERE - MR EEMBUEIZ
SRR BN MR, k-means BB ILHMET
RISk, BT i 0A vk 187 B R 3, 76 5 R AL S 4
TR m TR, 1B k-means Bi: A S 77— HEEg,
BT E R AT b E B REPOHEILEE. L/
B EETHRE. Bi, FEERHESE kmeans Bk
BTy R, BRI R BIEETBREANT R,
B TR TSN k-means B, X-means™'® & k-means f
— AR B RARR T EFER LIS E MR, X LR
FERE M E . Joshua AN B TF k-means $# H 19 5 2
B At RME. Alsabti FAVIBETRT
kd WEIREMNE B, bd B3RS RI#T RS B e —
AR5 B — NS B BT TAC R, SRR HEAL B Y T R
BRRKBITER., TFREADRE TR
k-means B35, Hifl it A R REEAN IS £ s, ARIET LL—
EEENFBTF AR BB & A DX A EER
Wbk L ST A S B AT, A BIRAT R IR R . Sk
[4RB TETBRERENEREBREI RMAETGRRLES
Lo 36 4 ) SRR IV L

ENAIREREOL FRSRSREETEPRAT LI
BT, OJLE, SRR 2SR, BAHRESITE

o 236 -

I B 5 AR BR SR R DB K, 73 A AT Y k-means B LR
MZAT AMIRRE., TSRS TR T B 53R A
k-means B ¥, TR FREH B AR T BN FE MY
VREMRE.

MapReduce = HEEZRME R S FEICRE T BYERH
BB —FRAT A RE R TEM. Hadoop £ MapReduce it
BAESRA T IR SC AR, SCHR(16 J48 1 T & F MapReduce i
FH4T k-means B 3 PKmeans,{H PKmeans 2 5184 2 BYI14
RGO HEERIRE, R ERE. [LMFEAN ST
B TAE, AR AR, SCER(18]7F MapReduce 5281
T 3L k-means B3k, f] LSH FMBYESEBSR KRR T
BB ROR B4 28 R E W A BB Bl RIE .

3 4R k-means B E %

k-means HiEE RN AMABE TR SHER T, L
A% BRI W n ANBERM S 2 DYERRE RS L, A
FHBEPHRNEBINE BELSE T BLHPLNES
BEMNRRGBBENEES. BHHTESIRAEMNY
B, EHREPOHME. BREX T, E RN of Fuk
SOk, EE R R 2 T 5 R0 v R BVE R TR T R B

BETHHEE LN V=3 3 e Hh V BRI

SRR EMERBEHTONTHERER. VEBREIE
PRS0l B BB MR, 2 Y AR UM R A, R 2 )
VLAAREE N AR RIER R . & REEANE .« BAENN—
ANIFEL S FRE i ANRIE s S BEHBREFL,

XER(17]4H T k-means FIEHTHE,

BACBEMEAE n MBS AL,

B R ER/IMRER EEE,

A ERAR

(DA M BENSZFEEEEL NI RIEROHBEEL
L

OBBEENREFIAEMNZEOBEEREFO) ITHER
AEFFMN R G X BREEFOLHEE RS REIRE
PR RIT A,

GEFTEBILENYE EHLEHHEEED
L)

WEELBOMG), HFIREAEN BERHE L LML
A1k,

BB AT k-means B AR E B R ER &, N X aXi X0,
Her kAP IEENSE AT ERNEN N80 A E
PR R N E B B IR R BIIREG O it B R
Eohxt R HSREFULIER KR EERE.

4 EF MapReduce B k-means I E %

MapReduce Z 8 HE 4 B Y T & HUK R B UL E B 6k
FE—FR T . MapReduce LASUHE 7 0 B, 8 12
FRABESE TN ARNBIRICRE LW REE, MXT
AHAHE . W%&E(E . BHES M T HGEZ # MapReduce £
B TAL .

4.1 mIEEE
1€ MapReduce i+ EHEH T ., BF A B EWITEREI N —



RIMES . 5 HMARE T P4 key-value X BT
BMEEEEE TEHEANU B : Map BrB# Reduce BrBt. Map
BrEg, A P B B X map BT E &8 ALRHITL
I, P — R B A 45 R key-value X, Reduce BB, map
e BA IR key HR LR key-value XTI tH 25 7 — 1> re-
duce, B E P A E XM reduce & H X [F] key {8 B 5 8]
values #1743, MapReduce BB B B 3X & iR BIIATHAT
1k, HRIER S .
4,2 HF MapReduce EZ2 Y k-means & ik

7 k-means BIER  ITERARF IR GREPLZH
FIBE B X MR BRAE R B VR . A TAERREHR
ARG EAERPLHITER L R e, AR B Ab
YRWET LS b ARAEPOHITEE L, B X S EAR R
YER A5 AT b 3.

3#TF MapReduce fE% #) k-means REE B4, — 1
MapReduce £ 45 %5 T 847 k-means B —RER TR,
T Map BB SEATREREPHIEN RS t M BEPLHER
HEE, 7E Reduce IEHITHMBRFLMNHE. B 14EH
T ZF MapReduce #E4£#) k-means IERIEH AL BIRE,

F, ERRXFR

ERT—RE4H

EP ¥ 130
B 1 #&F MapReduce EZEHY k-means WAEE L

T MapReduce ) k-means BEHZE:

A BEMN L AE n MR RRERE,

Bk R EBUMRER kSR,

LR

(DM n MBI R PEZRERE L MR RIEAVHTRE
B

(2)7E Map T B, it B A BT BN W R GXEREF
OHIBEE B R IE R4S B B Bl i 280 5

(3)7E Shuffle BB 8RS shuffle 2 4B X B
#) Reduce;

(D 7E Reduce BB, EF T B RBEARE PO,

(OO EIREF I AR B, 5 RS M AT IR I H 0
EFELXBEOHW; FMEERLER,

7 Reduce (£ 5 HRZ IR RIFRET T REH. V=3
3 G OB BT 31 F — # MapReduce

125 R V 8, MBI, ™= A5 IR V R e,
F Reduce BT E R BEROMEAFTHELRPL. BT —
% MapReduce {14, HZ2| V Ik S&E®.

7£ MapReduce i+ B BRI H EE S k-means WA H
A 1 SER RS AT, 38 2B T AR RISE A
iX#E, k-means RISE L P B AFER HNITE TS (A XnXi K
BUEXZ SEBEPOLHEE BB BT E T Ak
FEEER. HEBRE, SMTEWTATZR MA map 24,0

#TF MapReduce HEZE Y k-means KB 5L MRt E] B & %
HEXnXiXOBEREXnXiXO/M,

5 EFHIBAM k-means BHH %

A%t 5T MapReduce #2232 ) k-means 3 5 1% it
—EHAL, MR EETRAFE. §5 80T -1
THEAMNTEERE., HR EZER LRE THHEED
DEBEE, BRERETETRIERNM kmeans BREE
DKmeans,

5.1 EFHB\RMATHIERER IPO ETHRE

MapReduce 248 844 8 3 #2 % B, Map H1 Reduce
BB, RS RBENGEF A R EEER, HE—%&
MEABES, N T EH MapReduce 1 R4 P [6) B, KGR K
[RIRE 43 R . T RO R B T 8188, -~ F M B X B —
A~ MapReduce fE\k. PA_BZFT1EME I A EHRAL, RAIR
HEE Z BB ARE RN, T2 &8 HDFS f£%
HEBIREFHERR, - EL GG~ ENRIET A
HDFS, 5 —/M&# F ek 8946l 75 B M HDFS b EH i
BER#HTLE ., BRAERRNFRXES —MELEEE™
HERBHREE A KB TREL, AT AR VO A,

ETFEIE R ITEESRE R T MapReduce HE2E, ¥
Map F1 Reduce B ¥ E# — 3547, Bl Map #i#54 BL In-
put, Processor, Sort, Merge 1 Output, Reduce # #% 43 i In-
put, Shuffle, Sort,Merge., Processor #l Output %, X484
SRR TR AR IEA S, P R R 1, X SR e 2t 4 3
B B— M REEL.

ETHRER AT BERAE L B Map-Reduce 217
B, £ {8 Input-Processor-Output (IPO) #3217 Bf L &,
MapReduce F & — 7 {87 B A4 £ 48 Ab FRAE R, T8 HdiE ab J 0t
&4tk Map 1 Reduce B ~BY B, X FR#1 7 MapReduce B
HERKGET. ETRERNVITREERAR, B LML EE
BENMELEN B, BT —FEMREB R REER,
PO iZ4TE AR A Y MapReduce A EHHYATY RdE .

ETHRERMIHTBEESIELBAT R BAES R
B, TR R EIE R E R, & 2 9, () &ETF MapRe-
duce HHEMERMELREERE, (D EETFHERITBEELKN
e AR A, RFAEET IR AT AR Z 5 1Rk a9 4R
R AR X RE LR — e, EHE
FRAR W A9BSR, 3 MapReduce JEN KB X BT T8
], 3% SN/ MELE B — KRB, AMUBS THE R,
B .8/ T HDFS 25 W, W& T 7k 9 047
fE.

I L
Job2
I T
Job3
I Mapfr 4
) B Reduce{: %
@ )

B2 PR AR AR AR A
+ 237 -



5.2 ETHRMOMNBEARORFREE

JRERH k-means BILTEBEM n MEHEXT R RV LR
ke AXTRAERVIHRRES O . MBRRLPLHEELXEREX
RBIRELS R A IRAEIEBE, B T E X REYLEE
FERE LM NSFTHE . A SCRFRE TR I Bt B
HMIEE P L,

X ER A TREDURAE , (18 R AE 0 B U8 BB A 4R B SR 4R
PARE PRI THHFE . 23R A k-means Bk XF RALL
AR BRIR AT T R R BRI E MR LM
ZAKR, EBAT RUA B BEYLURRE 7 NG B B 6B 8 I
BR SR B HE 4R P B B0 A, TR RR O & T L
WHREHL. A TRERFEIE, BURCREREBEE R &M
[, P AR R P OB AT RER R, TR Rl AT SR 2l
NERHBEENRESRE, FENREEROLET4HER.
E, R T 9 BEHLRAE BT BN — R B , R A T 2 W
REROTT 15 IR AR B4 46 o 4T R YR ST BEALRAE, KL R
AREPLRAEREA . XTIX R M5 IR k-means H 1515 5]
BEAR RIS, RERAHEN R, ITE R ARFREF
OBIIRZE 7 HR B, 45 R B/ DR A R OB E R A
BRERWIEREHOC,

HTLZRREFENHRBELE P OB, RIELTHE
FATTEAESE SO, B BRI A S R IF T, H
HPFEFRMT

A RENEAE n MUEEXNRMRERE,

Bk MR RE L,

XFFRIEE V RS p 7 R DBEVE v, e )5

v PH o RFHEEE ¢, WK p SHASE A
BAA;

PR RASRERES, FHBBEE] R 4 Reduce {5515

X MHEAGHAT k-means B2 BBIRE L

IHH R AREFOMREF M, EBERED—4A
BARBPOEATHEE DL
5.3 ETFEIRAKY k-means F % (DKmeans)

BTG RERP OMEHFEEREX AR RESR WA
HIEHIRE, I DKmeans HHEAHE TR MES : DWHR
B ALOIEREG 2 R BB £ W kemeans B2, XHMMEFH
HEERTHREROITEESL ELRK. HPEs 1A
EHTHER AR AR R P ORBE G R D WHRE SO
% 2 ERMES 1 ARBRE R ORI B DO, X REE
PHRRIEAT kmeans B2, BRI BB FEE 1 BHE 2 X
.

Ei% 1 DKmenas B TFRETLIYHE R
A BB RELEPL
B S
1. min-distance=MAXDISTANCE;

2. foreach point p in V do
3. for(i=0;1<k;i++) do
if (distance(p,c[i])<Imin-distance)
min-distance=distance(p,c[i]);
cID=1i;
Emit(p,cID);
#i% 2 DKmenas BEP.LEITREER
BN B AR BT R BRI R
B RS AL
« 238

4
5.
6
7

1. foreach point p in cluster do

2. Num++;

3. for(i=0;i<(dimension;i++) do
4, sum[i|+=p[i];

5. for(i=0;i<{dimension;i+-+) do
6. newmean[i]=sum[i]/Num;

7. Emit(cID, newmean) ;

B 1 HATHREIE S P ABERIC R R 5 B3 B 2K 5%
ORI 2 HTITERBNRE PO, Bl NRE 2 BRE
ETHEMB T EAER ELIM, 578 MapReduce THHHESE
LR HAFR — WS E BAE A —4 MapReduce £5,
TR EA k-means FBE B — N KK IHTEAES, A 3 BF
7N TR RAE S G T H /DT EAES X8/ Y
HEAL SR ERIEIC RIERBATR AT B RER R L
b, XE/NRITHEES ZRIFEE —ENWKRBIER, HX
Se/N T EAT 5 H FR B T EDR A

Task2 |——>| Task3 HHDFS l

Single Job

B3 ETHIEMIELRY Dkmeans BERE

5.4 Ko

BUHH DKmeans BEBEEE T REMNMBERE PO
MBS R A, By TR B AT D T R EEE . B
HERRREBAR D, BATEERE. YRBEEENRER
e R KRBT, BT RAER B 16 B 26 L Ry s (8] T L 2B R
AETEHEROHBEEE P, AEMTEY SHRIER k-
means BBEZEK ., BEEMTETRAZEMMES UET
BARMITEIER M k-means RAEB XA RIZ BN £ X
aXiXO/M, {BHTFETREMREHEP.OE LSRN
WA AP O LLREVLE B A P IR B AP O E BRI E RS
B A UL, F R B | ER & K KRR(R, B ik et
(& 2 4 A, BRI ITH R TR,

BFHETF MapReduce i+ EHEZEH k-means B H, F—K
H RS FEAE Map B HDFS B MRS . 7
Reduce FrEt B H A G RE AE| HDFS #r, i F HDFS
EERETHAN, HILIEE #EHMEE, A% HDFS
FEASIEHERIAE 3 H1. SRERTLEWERAE S
&R IFATEFARE, HibET MapReduce I B HELE
) k-means BE:H /O FFHEB R MARR D OG ) ik
Rtk OGi % n), M FHEIFEBRITEHEIRL k-means HiE
EEEEERREEN, S MESFZ RN EEEERREN,
HI L& B HDFS fE A R ER WA R L, — I ElK b 38
FErEE BRI EREERAT — e, DKmeans BRIESE 1
RS 2 R AR TR OG , B AR H OCn) 14 1
Fos AT BEEANIT RS 2 M B ARAH D OGn) . TEHIE
BEEHIRKMERT,1/0 B BN EN, DKmeans E s 1/0
K+ 58T MapReduce IHHHEZER k-means BIEAH AL
W/l AR T BN AN PATRE.,

6 LWHERSHH

6.1 SCIEEE
HBEBEA 8 AN CPU. Xeon E5-2620 (34 2. 00GHz);




AT : 8GB; B % : 6 TBCRE R SEBR W] FH 25 8] 2 44. 03TB) ; #24E
F 4. CentOS6. 4 (64bit) ; 435 2 34 R 4t : HDFS; MapRe-
duce HEZRTFIHL AR : Hadoop; B T HIFBRAITAIELET
MapReduce 248, H A — 445 & 8 master, Bl T H ¥ S K
worker 7 &,

SLIRBRGE R s B P B, R s P R AT R R
BIRFERERROR . S&BERRET 35 13
RARBM. BT R 5B R EITHEERT I, A
BABREPREYEIR T 3 HEIESE . IE 1 9L BERAEM 5 1
BEHAG,

£1 TBREESL
HEL  XHEAN/MB  ERE/105
A 2023. 46
B 4101. 34
C 8221. 01

HERH
5. 321423 78
10. 824012 164
20. 912323 322

6.2 HROW

(OAY BEERER SO

B 4Rl TR S 3R 2,4, 8 B, BT
8. WEHELIE S, AR BSEENET  FEEE DT AH
B i3 1< , DKmeans B X PATHT A IR L ER B, WInSs
EHEBARRE RGN FEEAENL RS .

Execution time(s)
‘s‘?ggg g888¢

4 5 1
NC¥ 5480
B4 ARBEEAERT o R S BB A

B 5 THEHEWABEER 8 BB AF G, BEH
PATEE . BT LU H , FEE 0 SR B R BT K, DK-
means B PATH HEERBEAEE K EREZEHHER, X
PRHAZ DKmeans ik B BIFW I BE. HTENV ARG
BV BN —ANEERE, STEESAE, Y EH A
In—f& e, BRAT B[R] L 2 > — 2% . R E LR B LEAT
AR, 2R BREFSE T EEE W, AT E
PI—FOE R R . HEEER/NT, E 5 R E
B A FEEY SN, SR ARFERENBLL, WRH
AEEB B — S MR .

200 176683
fg 1500 o
g 1000 B39
g
& 500
]
A B C
BS A 8 R B A R A
(O LR ER 504

BE R FFATEIE N AR B R IE L, B Y R g h
TR BRI £ FERE, INE LB k. BER THEY S
B, W R Z EEGEFERA RS K, BB % AT R R RS

Bk M L.

B 6 Rl TR SRR 2,4, 8 BIWESFR A,
B,CHtEyfmaE k. MEH A LIE 4 DKmeans Bk BA B IF
BN Lo BB GEZR ) 5 7 5L, BE5 2038 48 A9 38 K, hn th bk
BEFE L. B, DKmeans B0 T KMBERIEE. X4
AR BN, B R HAR R A B BEE T R AR N, &1
BRYE VR PR B 6016 00 B e e R Lo B B Y R 0 T A8 B
—FHRT

speedup
O N O - |

?NEAMD
El 6 DKmeans BEHHNE K

(3)5 PKmeans B ;{188 tH 3R

B 7 R THENTEEESIN 2,4,8 BT, A FEHE I
Tk 16748 #4 % PKmeans B 3 (B E R H MR k-
means) &5 DKmeans B g9804T8E] . B T2 MapReduce #E
3, 4~ MapReduce {£ % # % BEiLE HDFS, B fif 3L 4k
MapReduce {£457 7= 4 ISR LR G B0 . BAR, X Fp Rk
FEMLARHI R R 5 N E AT . T H PKmeans 8 3% 83 54
RO REIERL, B RER. NERTUES, &
AbEEAR IF BB AR BB BT , DKmeans B 153 % Lt PKmeans
BERRPBER; T HEEER R ETHERMIT
HIEZR LE T MapReduce ERMELE M FE ML X R H
FETFHRERMITBEERLBED T ESEEENES, Hit X
KT /O FF44.

b
£

3000

[
I‘EEE
g>mn

>EO

£3 2000

1000
0

2 4 5 8
N AN )

B 7 Y5 PKmeans ®EpMEBELLEL

(4) SHEVLE R R R A P O E SRR RE ok
B8t THEWAKBAHK 2,4,8 8, REHE MR
T DKmeans 8 8: 53 5 R FA B WL B E W2 .0 (R k-
means) FIEL T RAFLE B 1R WK H0 (D k-means) F 5 &
RIhATR ], 7ESRBYIRRE PO, I ERE L E TR
REEFEEWERE. HEH THRREPONREEER
REIRELRNTIRME SN R, HERHmBERE
HOREHTREAERMNEN. NEBFRTUEH, RAXT
REEFRAA R A PO E IR R R TR AR
HEENTE, HEEE AR K, £ T REEEMHELS
OHEEMSFEMG R, B i aoa 4 B3 0 BB K KR
DR RIS, T REE BRI 3 K, — AR
SEKR,
(F#% 265 1)
e 239 -



45(4):1036-1040

[14] Sternberg R J. Innovation; Lighting the creative spark[]]. Na-
ture,2010,468(7321).170-171

(15] Liang J J,Qu B Y,Suganthan P N, et al. Problem definitions and
evaluation criteria for the cec 2013 special session on real-pa-
rameter optimization [ R7]. Zhengzhou: Computational Intelli-
gence Laboratory, Zhengzhou University, Singapore: Nanyang
Technological University, 2013

[16] Caraffini F,Neri F,Cheng J, et al. Super-fit Multicriteria Adap-

tive Differential Evolution[ C]//2013 IEEE Congress on Evolu-
tionary Computation(CEC). IEEE, 2013.1678-1685

[177] Tanabe R,Fukunaga A. Evaluating the performance of SHADE
on CEC 2013 benchmark problems[C]//2013 IEEE Congress on
Evolutionary Computation(CEC). IEEE, 2013:1952-1959

[18] El-Abd M. Testing a particle swarm optimization and artificial
bee colony hybrid algorithm on the CEC13 benchmarks{ C] //
2013 IEEE Congress on Evolutionary Computation ( CEC).
IEEE, 2013:2215-2220

(L% 239 1)

6000

g

g

Execution time(s)

BT
El 8 SHIEENRERPLOEENTELR

HHRIE AXHARSARAE T RHAEHIEED k-
means R, H R B T X T FifTH MapReduce 18 HE
BT R k-means B 3%, MapReduce {242 F B T & MapRe-
duce (EFHFEELE SRR S, H it MapReduce ik
YEb 2 [B] 4 i 56 7R B B AR A, X 3 5 BB A RS 3 F Map-
Reduce M IE I ARE . 45 37 MapReduce HE 48 B 2 6
TRETETFEERMGESR, FEZELE FRET —F/ET
BRI BHEZE /) k-means E 3 DKmeans, % & £ k-means
BAIRIAE AT LB, AT B REHmA &
FHIRE ABEREALEPH VO RN, X HH—F
AR P LEFN NS, ACEE TR FRENBERL
IR BRRE . FEE R SRR L R BRI
FERIE S, TR WITEHELLH k-means B 5 (8 & 2 AL
R IEHAE R k-means WA TE, LW RP, A EEH
R REMPITHE, BASAMME.

& % x o

[1] Han Jia-wei, Kamber M. Data mining concepts and techniques,
second edition[ M]. Elsevier (Singapore) Pte Ltd,2006:251-263

[2] Kiriegel H P, Kroger P, Zimek A. Clustering high-dimensional
data: A survey on subspace clustering, pattern-based clustering,
and correlation clustering[J]. ACM Transactions on Knowledge
Discovery from Data (TKDD),2009,3(1);1

[3] Forgy E. Cluster analysis of multivariate data: Efficiency vs. In-
terpretability of classifications []]. Biometrics,1965,21(3).768

[4] Malewicz G,Austern M H,Bik A J C, et al. Pregel; a system for
large-scale graph processing [ CJ // Proceedings of the 2010
ACM SIGMOD International Conference on Management of Da-
ta. ACM, 2010:135-146

[5] WangJ,Su X. An improved K-Means clustering algorithm{C] //
2011 IEEE 3rd International Conference on Communication
Software and Networks (ICCSN). IEEE, 2011:44-46

[6] Kumar N S, Rao K N, Govardhan A, et al. Undersampled K-
means approach for handling imbalanced distributed data[J].
Progress in Artificial Intelligence, 2014,3(1):1-10

[7] Dean J,Ghemawat S. MapReduce: simplified data processing on
large clusters[ J]. Communications of the ACM, 2008,51(1);
107-113

[8] Apache, Hadoop{EB/OL]. (2014-4-10)[2014-4-22]. http://ha-
doop. apache. org/

[9] Ordonez C, Omiecinski E. Efficient disk-based K-means cluste-
ring for relational databases[]J]. IEEE Transactions on Know-
ledge and Data Engineering, 2004,16(8) ;909-921

[10] Pelleg D, Moore A W, X-means: Extending K-means with Effi-
cient Estimation of the Number of Clusters[ C] // ICML. 2000,
727-734

[11] Huang J Z,Ng M K, Rong H, et al. Automated variable weigh-
ting in k-means type clustering[ J]. IEEE Transactions on Pat-
tern Analysis and Machine Intelligence, 2005,27(5) :657-668

[12] AlSabti K, Ranka S, Singh V. An efficient space-partitioning
based algorithm for the K-means clustering[ M // Methodolo-
gies for Knowledge Discovery and Data Mining. Springer Berlin
Heidelberg, 1999 355-360

[13] ESPSR, KA, BB M. BT AEBE k-means BKIE M
WHERT]L HENFRS KR, 2007(22):69-74
Wang Shou-giang, Zhu Da-ming, Han Ai-li. A Constant Approxi-
mate Alogritnm for K-Means Problem Based on Inital Point Se-
lecting [ J]. Journal of Computer Research and Development,
2007(22) :69-74

[14] Z=7C, B, WAL A0HA PO kA K-Means BB 1], 3+
BHLELE£,2002,29(7) :94-96
Li Fei, Xue Bin, Huang Ya-lou. K-Means Clustering Algorithm
with Refined Inital Center[ J]. Computer Science, 2002,29(7),
94-96

[15] Dhillon I S,Modha D S, A data-clustering algorithm on distribu-
ted memory multiprocessors [ M] // Large-Scale Parallel Data
Mining. Springer Berlin Heidelberg, 2000;245-260

[16] Zhao W,Ma H,He Q. Parallel k-means clustering based on ma-
preduce[ M]] // Cloud Computing. Springer Berlin Heidelberg,
2009.:674-679

0170 @/AF, ZE e, 18130, %. K-means RIS B 34 MapReduce 3
TTSEE U] R k2R (B AR, 2011, 39(1) .
120-124
Jiang Xiao-ping, Li Cheng-hua, Xiang Wen, et al. Parallel imple-
menting k-means clustering algorithm using MapReduce pro-
gramming mode [J]. Journal of Huazhong University of Science
and Technology (Natural Science Edition), 2011, 39(1); 120-
124

[18] Li Q,Wang P, Wang W, et al. An Efficient K-means Clustering
Algorithm on MapReduce [C] //Database Systems for Advanced
Applications. Springer International Publishing,2014:357-371

« 265 -



