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2013CB329404) FIZE MBI AA L F R (Hk 'S : NCET-12-1031) 4535 H 1% 130,

BE ABKEEEEAUANEE, ZHEAEDRRREKEFRE. it E 28 R E S AE T
AR Z A 7 AR AR AR K. RS AR B AT K AL, ACH S E I T AKEN
RAEMTIHHEE. ARESERER BN = AE, LR, ot ENEEEF R, B2 T EF
HRAR, AATRR T U BN RBEEE RO TATE, I AT EFEHARELER G
—FWEAWENFHAE, "B, SAKELBOLTERER E7EPoE TAFFEALT T AE
HRE, AT X — Uk ey F A RE HF % T1E.
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il

1 5]

ARG AEHE (R € S, KB 450V A — € I R] P R R0 I A R A T HIU L  BEAT
AbFR B AR S KRB = R + <R AR B . R T SRS T ELIER I A A ) R AL
R, BERIET M TR RS MM RS @0 58 RS, WEALS M MERLE
IR, DU BRI RS Bk RR L AR5 B SRR U [1-3]. 2011 4F IDC A+
RATH CEUA TGRS ) R A BRME B E R W E 21 16, 2011 BRI A N3 R HI i
i Do 1.8ZB. T 2020 4, 2K DI 35ZB MR . KB IS BAtsrh i3k
P TR FARHAL O AR H SRR, TR 5HE ) 5 ko R R HA T 1L 1) 24 3))
EH, REdE Db N 7S 2 B SR i) s it 70t R, 16 40 58 U I 317 “Big Data Research
and Development Initiative” T8 H 1) R K HERE B AR« Vs il ZHGURITT AR A5 AR O 152
AR, $ e AT 2 52 2% IR HCH s Hh S A5 BRI SR IR IR KT e 00 S5 7K1 ORI vh AT 2 42 4
G RRR I  R e EFT s ) j2 —



2 RBIEEZEE IRk

2008 4, (Nature) HIRA L4 “Big Data” MHECMEIAR . WL 522 Y5 IR
HEWEEE LA TN G T KRB R Pk, [4]. 2011 4F 2 H (Science) Z4& TR T i 5 Hdis Ab
L, TR M RE g S AT RO A SN F X LB, N ATTRAS 2058 2 I HL 2 RAERF AR o Kk
JEE IR ERHESN A T [5).

REHE W RFAE W R 4500 4V, B Volume (JEEWE KD Variety (B Z ) . Velocity (HRIHHY
K\ Value (UM EORAHSEE FEARAC) - o, “AM B B ESE FEEARAI AR (R FH 8 20 0 >4 115 40 A
B b PR A 5y B A1 PERAS 1 OB AR, A 48 R i AN (B B e, (BRI R ARAIG. AN SO R
BEX R E A I AMETE AL, RIR S (RS B 1 . 2 A DU R bR 38 500 4 e 1) 54 42 9
PR PR S EORAE AT TSV AT RME S ISP A D TR H PR 70 PR A 1T DAy I T Bk A I v L)
BT ES . OTE S B AT BAHES) R B2 1) A e 5 .

2.1 KHRM VS AItE M

HG RS I S 2 I 25 B A2 0, AR5 ) 1 v F B P PR e A e >k T EOR Bk (6, 7). T AL
B i vl v, — S s R T SO IR IE W L. 2004 4, Google 2w T SEHEH T LA MapReduce
SARER ARG R R A BB, A i ) B 43 AR BRI FRAT R ALY AR PR G 1 T 2R SR T
NS R))Z R o AR ) REHE (A2 I H AR TT I, B A E AT TSP R R L, Bk
oy BT A ek 22 LL 2 Hadoop 20 HT D REHE 59 14 &8, IBM B0 T4 R Al Hadoop HEATAERK [8]. R
SEFFRGEH T AE, 38 R A1 Hadoop [PVRFEER I, HEFFATHERL (v HE M Bdis. S AW 5k
LT Weka CGREITF R FFIEHLAS 2 I R P42 48 L 284D A1 MapReduce AL [9]. FrfEf Weka
THNGEAERN EIZIT, HFHATENAAA R 1GB BRI &k Sk I-1714k, 78 MapReduce 4
B F, Weka SEHY 1 )5 )R] A2 25t = ) BRI, wT DURAR OO I 100GB I 24T 70 4. 9 7T
KFRIELT Apache Mahout i H ST, %50 H /&3 T Hadoop “F- & ) KB E R 4E I HL#% 2% >
M AZ I TFIRRE P e, NI R FH VAL T 38 B A Dhfe. B S EaaX, 7r SRR 554
PAZHRAESS, TN LB T AN IR i e 7 . EL i, Miliaraki 28 A3 H T —Mral§ 145
MapReduce HEZE N HEAT A0 E P 1R U420 (0 5092 [10], Ene %5 A MapReduce SZHL T A EHE
(1) K-Center M K-Median K% [11], Yu S5 NFEH T 5 R E 7 FEBIRL IR R 73 2K 5% [12),
Kang %5 NM¥H Belief Propagation 7% (fa/FK BP) AL MU B £ din 42 48 5 A =X [13]. 15 oS
KR 5347, Yang 55 AT TS0 1 (1) RS Pl K004t A BEOR s IS PR U7 ) e i (7 BEARG 26 B i A B
BUIFESE) AT TS [14], $EH T 40 A 2C B B PR B RPN 208 73 8 AR

Iy T SR R ES I T SR R A ) LR AT B SR RO, A I SRAE AT A RS AL /N, DAATER)
AT AR T Brdb AT 5l o A [15]. AR, IX— SR T e 2 9 5 T A e, — 7 1, R ke
APEAL AL BT IR BOAE A A A0 B8 S WO B oA oy — D71, i\ Ry R &4 R, BE T/ FEA
25 IS AR G B Z 38 . HLES 22 S 1R ST R o AR e M DAAR B, S50fd i A 4 45 X g 14X
FREAR B A2 31 B sE.

H5L b, MapReduce S 7E R FUSE G5 39 (A0 (08 212 0 9 ANATTH AL T —Fh AT A BRAEHY. T4
R Es s o A 55 4298 2 T 2 (0 w] SRR T, R O 2 A, (Hik b TfH ] MapReduce
PR AT A S B B, b e T a) B A2 AT 55« BN KB A S S R o R 5 i, DM
X ] SRR R B B
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2.2 BESM VS Bt

ZRA T KB I ) — A R L 4, AR T S FRIZ R T AT HE TN
AFIRARM BRRG . TR S RGP RIS R T RetE, 55— J7 AR AE A0 5 1) 4o
FiR BRI ZBSREAE. Lhdn, FEB PRI, SR a0, B B L X . TR
fi (CT) . BEILHREUER (MRD . 1EH 7 REBZ 4 (PET) . HOL T RIS KZ iR (SPECT) &I
REREILIR S (FMRD) 52 P s B2 BN 22 5% BAHAN AR IR, WA RS BEATE M IRl ik
RIS W R G IT IRE VI Ra K. E R I, KBH KRG AE 3¢ T K B A S5 4 F 3%
SER S OKBHI BRSNS A o K PHAR T IR B A RIS AR R SR AN R s 15, — R AE Bl i
2. X BB 27 55 e B I it skt i ) 22 AR 508 v K BE 20 () ) SRR, DA 7 2 () R AR T
MUER, g 7 ] 5 (1 TR A 2.

YT, ARSI O AT R T 2B EAE T R R TS [16-19], AL Ko AN
P25 (0 550 PP R BRI A0 B 3 AN S KRR AR 23 W), AR 5 A X AN A 2 ) P 3047 3040 40 M S5 2 4.
A 7 8 TR 2 TR J5 1R 40 AT R, AT 8 ARORTARAR Se 30 A VRS U R AIE, o DA™ 215k
B HRB = AT PR R A, I VA B2 R PR PERIAE L F = AN . Ho—, Pkl St
CRTRD RIS P ARG a5, ME TR FH P B 3L MELION A 20 3\ JR IR 48 S i) 1) 32 2 )
AT B0 J2 0 (P A I = Bl R T AR R 2 1T, 3 A RN B A TRORT HE 3 2

W] 7853 R OCEE 1) 22 Ak, R T 1) 52 2% 1) SR e, e ANEIHE R fiE s R B AEAN R )2
TR IR AR, EAT 20 238 23 1A 2 R AU s 2 e 5 07 v 2B R o B i = 224k
i

2.3 KM VS B

R EHh 1A LA A8 35 R B A I TP DR R R, SRR, AATTRT A 78 70 R g 5 el A
RG> M0 G HPIRAS, TN SR ) A e 3.V 22 S I ] 408 1) B8040 42 A 55 A B e FR
RMEESR. bt 725 W SAT BRI b, 7 55 & SO J LT Rk I 2 HAE S A 5
MR, PRI H o BN AR 2 P AT A R SURIH Bota 3, DU SRS ME B0 o 2EAT 7 wh A AE
PSRBT RS R, ISR S B A5 T A ) S I 3R, e B B AR R DI A 4 5 B0 R SRONS B AR 8 X
B Pl iR R R OCH . A ML, KR M R L RPIRASEA T A AR, 9 i R TE
BERNE DUILAE AT A RSN, IX ST ) A4 199 5% OB 42 90 1) S I P 5K oK T Bk, OLAP (Online
Analytical Processing) 1FA&4 T 325 X R4 73 A 1R I 2500k 75 SR g th 16 SR, A2 KRB am AR, %k
B A KA AA DAL TP b, i ELAREIAE 734 i o B ) Be A et 184 o (R UL, XA 1% 4t
F) B /N RS LA B L 57 > BOR B0 JRI B o™ S, R Wl B e AR R AE e il o T B, fe
FERIBRAAE T BT R I s R R L DA S s .

gify B el LUE Y, KRB OB, . 2 B VE PR (PR R B2 0 52 1 B ot
Z TN 2 SR, AT AR e R BAT WU OGE, A 2 RS X, Dt 5 BRI T
BCR RRER ., DA AR A S R KB 2530 FA 3 IR 1508 5V, HES R A R R e 5 N .



3 AIHE - ABIEZRENINER

FEVESE L T IR TR M 1 S 3 TR RBURAR A S A5 BAC BRI BE | Jrik . BoRM
TH AR, 2T A s SAC BT b —FlopT VS0 MR BE M R, R SR
SRR T P KIS 2% W 1 19 AR A, IS o i AL ) B2 HE A, T RTAT (096 TR0 AR e A R
peelbS SR RS AN P IR B S Ty e S E R €T VTR P G2 Y P T E SN YA a7 ST BUR B =R 4 €1 T3
s Bk, A BB A T SR EA .0, m RO v S0 vk 55 3 B F A b
s SRR AR B S B G 2R /15 WL HEBE AR OIE I 7. RO IR LR 2 - KA 2 i
I IRl 2% TR B 1) S 3% ) U B R o S R 3245 2 Ak T BER IUAE LR =Ny T

3.1 AHELXERBAZRR/SHNERM

1990 4F, o FE A RAFER ARG AEAE IR S0 (A REET L - TP BB R G TT
20 [20] Hhd <R DNRIREBCA R R G FYFON RN RS, 1T REMERE HA R
A, EATTZ IR SRR R AR R IR R GF A L2 B ARG AR DRI R GRS A RIS,
FIARSE. "Nir Friedman 55528 1 (Science) AR NI SCAAETE IR 2R AL 2% . H 1H BELAE H]
WA 22 S8 A ) KB TR R AFAE R 2R IR 2 REHSPE [21). Clauset 58525 AE (Nature) FARRITIE
SCB AR, AER A2 IS TR A AR AR I JZ IR G [22]. Ahn SR T TRTSE T KB I 2 R R 2%
PERFPE [23]. F AL SRR Watts £EHAR /DS ERATTE Y, i th 2t iR B 1K1 2 4L
DX PN P AL /N TR SR R (R 2SR [24]. RBRAEK B TXHRRIN AR/ N TER GRS, 8
G RGBS B 34 OER s, IR B R G & s sl LA I K B s SR B
HIIXEE RGP IRE K R S AR R DL R IR Z IR, BIEUE I 2R ) 2 )2 L.

3.2 ERESBEZINZRER/ZHERFMT

B2 R I ) SEBr N AT K, BRI [R] e g, R @R 02 200 2R R TRt pE T
FEWAE S5 N2 SR U0 20 R B PE. Ln, E SRR B AR, PR SR AT 55 R R 1T 70 [ K= T DAk 1
B IS SR A, LA I 1A 2 ARAT ;R AT R T ) AN TR SR K DR, s . XA
A HRAT 55 0] B [ IR T ) AN (R 2 T AN 1. 3598 AT 55 14 22 )2 IR ) 22 B R P 00 R SR Kt 12 i
THRAEENS WA [FIRL A R 2 R AN A2 e (o, iy FLIE RERSREAT SO &« A3
Bk, LRATHE 5 1.

3.3 AWEIZRERBLEASHULMKRRMY

FE 2012 4 H RS OR B & 41 CRBAR AR A4S AR YR RS [24] PR KB R
WRAT BT AT i . KB AL AR JCTRAE — e I 1) A R0 T ER L Py A AT AT 7 BRI AR B [ 2
Pase . DL, RECH 42 0 v SE B v« KB RES A 1m0, 3 At SRR R Bt AT BE AR 0 i, B
REARAE IR, SR 5 R AT A PSS, MapReduce 1F 2 5T 1 Ff SR £ K B0H 45 1 7 THI A 52 i 45
R

B RB e 1 S 2% )RR A T R AT MR LA R I A5, 0w BRI i Sk R 44 AT 551
SR A B BN T WO E s S A G B 22 0 2 R SRR Ak, O REAEIX AN 2%
Gk EREATHERE, DLIK B8 U H A5,

4



REIEAZ I LN RO SR ARREIE, FEOR AT M HZ RS« $29 45 R Rk 205K, K
e () B KA EXHE AZ R HORSE ) T/ IR Pkl 5% ge i)/ D Bdla S EINTEd8 5 52 S AR, K8l
(RITR AL  ANHE L« LAB R Pt BT[] o)A R (KIRBEIR AL A SR )l ) S AL / RS i e A2 45 L1
ANATRE, EAEBAT 17 31 ) A S B 53— g T, RO DU AEAR 22 A58  CREAR A b 2
SRR AR A B, oG WRIB SR ) (K AIE /RS A i

gr B praran, MBS T KRB IR AL, KRB IZ AT 55 (M2 RN AL, BRBE 2 5k
[RIPERERFAL, LR IXEEAE, KEARAZ I T SRR BT SO 45 i v S s B AT m R A [67).
ST A, ATRAER: R SR D K BRI Z PR I SRR 1 B iR 12

4 IURDHh

HLAE 1979 4F, K ZH L IEHIR LK Zadeh HUTH AR T BOBIE EURLAL Ia) & [26]. il h, A&
FHRE ) ATREFE A kiAL (Granulation, AR5 A0 ) « 4121 (Organization, #7352 B A 344D FTA R
(Causation, BIFIPOCER) = AT LRFE. 1985 4, Hobbs[27] $&H TR EE (Granularity) S, 75 it
2l 90 FANH), F MK B GE 1o SRR BARAETL L35 (ISR B8 SN HT ) FRRs i di )« NI REI
—ANANER R B AATT e IARASAH [R) Rk B2 E UL 3 A ] — ) . A ATTANL B AEAS [R5 1
HEAT 1) ) SR A, T ELRE S AR DRt I — A0 B2 T S 21 5 — SR EE T 1EIR B 4, 22 JC IR AE [28,29].
XA BEAN [ B2 T D BE ), 1E 2 NS IR BUR AR K 98 AT SR I, Yager 1 Filev[30] ¥E—2D4RH «
MNICTEHCT — AR TR R AL, ., FEOULRCT, NSRS i BRI B A1
BLJE R SC R HEAT I . IR RGN, REAGAE 9 NS B TSR IE 2 —, R S 28 5 iR A U IR
HHEEMEM. 1997 4F, Zadeh F—X$EH TR (Granular computing) FIMEE [31]. b5 E Fr LV
2 AN [A) UK ) 272 AT 4R ST A XA ) L, I K 1 R e A5 RAL B — AN BT I 53 1)

ERE SR — MRS H Dok, KR TRV SIS 2 AR SCAH AR &, 7E IR B LB R T 2 T 1
R, ek, [ e LN 25141 “IEEE International Conference on Granular Computing” 5
“International Conference on Rough Sets, Fuzzy Sets, Data Mining and Granular Computing” #2575
— R AEE P, 2001 LK, BTSRRI P AE R E RS« T EDRDRE SR L B SR 10
FHCERIZ IR, TRV AR IR IEUOR S, 2007 IR B2 SR < P ERLTHE SRS R
10 R 2N 0 e BB R v SRR (R HIRN S m. kL vk 55 38 1 o Hits
I AT R 73 3, AEBEERIAL L 2R AR AU I LA KR AR B A5 U T WE R S S T — SeE 2
HERE.

4.1 BUBRICHHRE

e bi A R RS0 Bt 7 BT K At 42 SR 20 5 (VDR SRR A2 2 Sl 20 e D4 45 EORE R id
R AR AN R R B A H AR AT 7 755K, 7T DUCR ] 22 22 A (RRAL S B 4l st cdls 1) 5 DR AL
SRS R 22 T LAYA S 0 H T8l — 00 AR APREAL S, JLAS TR I AL TG RE SCIK —J0 50 A I A Eodls
FEA YL 2[R — Ak b 3 2 S5 SR . ARG R . BRI L BRI SR G AR L
PIABLIC AR L ARG AR« MR ARTE Zou R AR iR i b A o A Y (K 0 k464 [32-39]. 541, %k
P P 73 3¢, MR AT 1 L Al e, DL IR TR AR IR T IRSRI R A
AR T UK R, HERAE ARG, i MEAT IR A I8 B T Hdls
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PR A S5 R [40). ST LU B A S HCHE 15 T 45 A6 1R R I U7 v, A mT DA 3 D — P Bl o A SR s
TEIRIA AT AR R I BT 0 1k, it o e dE R, HARRYE AT IR L [41]), BRG
7 [42] LRIE T MRS [43] 55 AR 2480, Brendan[44] 7E {Science) KK T — AN TH B %
SRR, I N T GG SRS SERANE R IL . PR O AR50 D S R R T
i 1% 2B, Ahmad &5 [45] $&H T —FEUE BRI BUIEA7 1) 2 RS EdE 1) K-Means 51k,
Huang [46] 321 T H TR 55 Bodh B8 251 K-Modes 532, IS K-Means SEVEAHENS H T 245
BEERAE. esh, 78GR, 7 — 2B S A G IS D% KSR, I
AR Ny Z B RFAE R IEAT UG (kAL 732 [18,19,47).

R PR St A A SR 5 7 AR A 2% R8I W KA R m] oA R, 2 8 B BERIRFAIE A, A
AN AR AR I 2 1) B A TE S 4l i o) 85 SR UEAT SR, T VA WA B BT Ry, ANRERS fRAIE
FCTE SC— B s SR OGN, JevEAT i o HLAT 22 SRR 1) s B T R A 1] 2L

4.2 ZHREBRALZIMRER

% RIEBE KDL R R SEREAL TS A PR RO 19 GBIk TR R, TLLR B4
MO O BRI A TAI . SRR BAAE R, BT LR FLELRAEIR (0% /5 sk
oPIRZER, BN T I AR ENER. T AR i B 2 e, 31
SR ERILI BT AP A AR S BLEK R, (RIS B AT
S AVHT « 9% « WIS XU 0T BRI RO 2R R RO I 2 M BB T A5, 1%
A A BEAS TSt A RIS 2 AR 100, B AT 2 MR AE RO R DL 65
Tyt FATIOBFICE 0 = AT 6T 0 ST B BEAVHR A 48], 6T 5 I Ak
% BEAHORALRE [49] RS TVRIES: 3 10 % BEASHORR S, (50, Lo, 76 SHIAIUAIE T, Hershey[51
HERLSER UL P K, L2 MO J7 VA 29055 5 AU 1 5 0 5 2 D A
THEH. Dareel % [52) W T —FPE T2 MR IB k. K08 SR Ty 19 h T
o BPE A IRPERA . L A Web PR, 1 JT LB 0T 2000, WA BOCA %
A R T SR A R . — 0825 R TV SO ke i S R 2
etk FERIFISCA BHE N 17 R IORE R, 2 B PG R R R A Find [53] 4241 T — AR 30
AREHRBLIE (2 B A R BTTE, W46 (54) FROEHOITAT T MU BRI 5 BB D47 10 2 L
ASHCR NS 7V, SPGB TR T AR M) o B 55 U, Hrwamg
% [55) SE T 2 i S IS WA, A5 FEHGMR  I0500E IR S S BRI S A S
SRTFIL. Wang 45 [56] 45 10 GO 1 P8 0P 4 ) TS5 BE S S 0040, SRLETAS % 2 )0 TR P
7S RS (A 5053 — e, A48 T SRRSO H 2 AR, Qian %5 [57) FRSEHE
Ht T 2 RSB, TR R DR F 0 P B H BRI RIS (P 221,
TR BTV, AT, BTS2 400 e 0 TR0 2 RS R DL B T 4
102 S 2 MU 492 O, AR 18I T2 R 0402 BV RV 56 3 4 BT 4 I 47 155,
IR E B SRS 2 % G0 TS BT AT A I, Jdh, %SRS 2 I R
S SLAIE, 20 A R 5 7V i TR 2
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4.3 RITEERBHRHER

HERE N R R 2R ) 2 —. e —FoE U84, 2 TR, B DL &
BRI RR . SRR T TN SN AT 2R A AT R SR R A S R
oz slbr 2 [R) HEAT IR (V18 4 O V.

AR EATUR R, O S TR S EF NI ST. Yao 25 [58] XL THEL LA ) B, KEA Ty
AT T RAIESY, W R A OB HEE S (DL- 35D SRR Sk, M kLt A B AR HE S,
VARG KA AT RS SR B ORIV AT Bl DR 5 b 1A ORI AL AU & A ) R A T
WS R BRI B BOPAS IE S T — 3000 2825 2] il IG5 [59] JE TR AR 9T 7 H T8 4R 4
(R SR UDRL AL 75 . Helmut Thiele 1= 1998 4F &R T i v 5 BRIE I 7E OB [60] A1 Zadeh KK
P8 3C [26] fERE Tl SR I A RE, XS HES B 7 MR ORI 1 ARIE S, BEATADR AR ZI R A 07, DASK
DUBCRA A Fedas . Lo LERIF TR, AN IR 1 U n ) DA kAN [ R FROASER £5 JEORE R 20 i, 4R i ) FH A%
RS RAATHEBL RNV, e T R A B ARG BRI R 2 UL 2 £ A M 4%, Koller
85 [61] B T MR EBR R TR 2 TRV AE A DG SR TR BE 2 ) (R HE R R B, O TR T £l 4y
WAk b — PP E L IV, Friedman 25 [21] FHAEZR BRI 6 40 i X 48 14T T H#EEE, 0F59 T ASIRD R
FEZ R SCT AN 25 2544, Gelman %5 [62] 2R 2 4k B R BIFFT T 3t 20 A 1 [R1)A
o) /. Fan 45 [63] W 2 45444 28 ARG 2 22 Ik UG SCEZH i) U3EAT T ¥R ABIFSE. 1990 4, 5KEK
Bt ERER A HAZ R T RS LS (28, 29], LT IR R E Z ISR A S70r S AR AHERE,
ot TP O TR 2 R D)) RO B R R (Bl B R

JUEAERAHE R 5 TH O HUS T — 281 5 FIRFFUSR, SR A 738 E 0 B — R B T (R Ak 4
B, ARG N2 RLE L R AR, e 2 R = OG- 2 RS A R B A RO V2, i 2 R
B~ R RE HEBIA 1A A RO B s TR SR AT 55 1) B2 B

4.4 ETRIHENSMHEEEMRTER

RS SRS B A N FEA (Ris S A, T ATAT i A AU AR RS i i, 7Tl
PV mPERESEAI HK.

AR, SRRV S RS AEDRSR AR O EE R AT — L5 (MR R Ye 55 [64] T RIS ot 23 8] A1
AR 23 ) FRREAL, ISR 12 2 BORSEBL T KRR (1 2R 2K 90 Hr. Chang 5% [65] 3R 1 T FiA
YA B AR K E G i 53, R AEREAS R KB RE_E 235505 3] SVM 702K 88, KSR T SVM
K157 212805 Gopal 55 [66] WIAIH] T B0 2 [0 (290 &, R4 T — MR Bayesian Bk
FETHHRZALPERE. Miao 4% [67] FIH] MapReduce I 70 il B T —F] FAT 05 S 1L i
J7i%. Liang %5 [68] L4 73 UG K HE G0 24> 5 T A BRI JSORE, S8 1 SR AR AN Rl 5 B A5 SR _E
T RFIEEFREE IR, 25t T — Pl B KB R B R 505, Qian 45 [69] A FHAE EURLAIE T RS SR 1Y
IE AL, FFRET G TR R RS, ) s RS0 17 ST A R IR IL R FE L. Chen
S [70] A5 R R T REFE AT I ZRIR TR SCOh T T PRORLTH AR D — Bl RO K E i e i e BeR, 47
s ANTR] 0 JEORE P B 2 AN ) AR AR A, T STy At 25 e v WL 2 ) AN B A2 4 .

X RIS i R E T I S, X7 K AR DOEREAT 14125 2. e e ok
il FEEAABAE AT (D) Wl & BEMREA T BRIk, DL ORI I A5 B IR AT 250 (2) i
TSRO L SR A A5 R VIRG FE, LA At A5 T A7 AR 3 e A A



5 JLAMHFEE

KRB HIBL, e, RIS, 20 PR AR EXE B . BRI S G 1
ARV LB IS H  IRIA O BEER I T IR B, WP S S R )

5.1 {EENL

KA A A e BEAT 3 AR, LB T M () S5 FS K e B A (R SRR AL Y. B T e
P IRAR R LS 8 AR PRI 50 A, U VT e e T RELSR AR T T AR AEZE L BEAE L VRO R
Xt JR3FS Ecdhe ) AL TR R HEAT R 23 5 AH 8. KA G TR oHSOAE SRR S % ) AL PR Al K 1
TR 5 SRR FEA RIS (e B RRR A RSP vy 4R P D51 i KBt (1 R M R AR B
ARGV IR MEAE TR 2 I 1) e, B SR BRSO 1) 2 U RS TR LK 2 Bt A
RIGi R S 2 . KB ORI« S 2R PR AR P20 (1 I TH S SRR DR 42590 4 SR I B A
LN IR I T EORB, IX LR EOR BT R E S N —A . 24 e WA FA G5 I S IR AL AE
A AT RLAL.

5.1.1 KMEHEHESHIL

DA I A€ QU6 S St R S NI = S O TR DS N W 4 €[TR P S - €Y K
PR — A2 LK i R ] SR BEATL A ANGE S A DS I L. B RAR ) A 2 R A, 4 SR A
SRS, R R HE B A T AN AR, R R A N R SR A T HET, AR5 K/ B R B
W R 5 T s A BEAAHE IR, DA A B S RO H s B (R B L8 AR YR . 3% 23 O AS R R HEAE ] 23 At
DRI ECE FO e CRERE, B2 BEAARFAE. WP ROWTFUR M. 0T R B ROk AL n] 8 i 2~y =
ANHEN: LTRAPE S A3 e DI [67]). AR RS AR 5 A ARE NS SORE HREAS 1Y) 3 A 2 B AR
(R 3 A AT e — 50 AR B VESR 2 RN SR 18] (R B A e A S BAT AR I Ji D e i 2
Jsa R A BRI P AEA B T BE RO . e o AL 3K =R (5 BOREA VR 2 AR AT
BB

5.1.2 ZiRFHMSIESHIRNERANL

REHE T RERE AN R A B I B (B YA 1) S R B, SRl R AT 2 BEASRAIE, L AR
P20 i RN M NS RS €T I U SIS SN N I 7 S D 0 0 AN N N B
WA EARSCAS S R MU . XS UESREE, B 2 A — Jm o N AR #E s a) iR —
FR G, WABEI S ILHA R AT L. RAFS Bl R FRA L BUR SORRIA: 2 I 45 S5 S5 o —
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Abstract Big data often presents a large scale, multiple modal and growth characteristics from its external
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form. In this paper, we discuss and analyze several challenges to data mining in the context of big data, which are

computability, effectiveness and efficiency. While granular computing is a kind of effective methods for complex

problem solving in the area of intelligent information processing. Through analyzing the feasibility of large data

analysis based on granular computing, we argue that granular computing could provide a highly promising new

way to data mining in the context of big data. Finally, we also analyze several important problems in data mining

based on granular computing, which are used to draw further deep thinking and propulsion.
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