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Abstract

In the era of big data, with the rapid growth of data size, the requirements of data processing in-
crease constantly. It has put forward many effective algorithms for data stream clustering these
years. However, with the continuous development of social technology, single machine environ-
ment has been difficult to meet the needs of data mining. Cluster environment is used more for in-
formation collection and data processing, the traditional clustering algorithm does not adapt well
to the new processing requirements. This paper made some improvements from the data stream
clustering algorithm D-Stream, used the big data processing framework Spark and designed a dy-
namic data clustering algorithm PDStream based on distributed architecture. The new algorithm
is proved to be more efficient and able to perform dynamic clustering tasks under distributed ar-
chitecture from the results of experiment.
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2.3. Spark #1 Spark Streaming

Spark & M KA 5 R 43 B2 1 AMP SE5G 5 BT FIR 192440 MapReduce [ AT THSEHESE, B4
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FEX 3.1 B S G d ANERE, S =8, xS, x--x Sy, MXHEFNFAM S, [ —MELLTFES, |
Syj, XSy, X+ x Sq i, AT AL AR —MEUNBHRE 1] K, 1228 IB0E SO

X 3.2 Bk Ed 4ES AP AT LLRR N K =S xS) x---x S} » KREAT210 S %N P AN, N
A K AT LRI R EO N = [T P o B g, BB K AR g 7255 p /4 B FOAE AT I
O<ps<d. #IFFEg, <2, M g RH K KDL,

SEX 3.3 AR K I K, W5 p e rasim s, s, 7E55 p g BAAR, I K A K, RAHAE
B

3.2. PDStream E3E7%12

FEHRBAT 20T, A S R oh p MEAMA S, B s =K UK,U-—-UK,, KNK;=@,
1<i<j<p. XHEAHR K, 43513247 D-Stream %%, PDStream SyEfEansiik 1.

XK, AL, 1217 D-Stream Hik, E NELEMBEL)Z. £4:= K, _online_component £
TR, (R AR IR IR ) s B4R)E K, _offline_component 45R& AT iHFIZE R K, BRI R FE. 4
a8 K, MEBEERGEEG, A A K MRS R G EHT G, SRR R e 2.

Algorithm 1. PDStream

H3% 1. PDStream

t=0 -

while data stream is active do
X =(X,%,, X, ) arrive at time t
calculate block K; that contains x

send x tothe K,_online_component
iftmod AT =0
on each module K, call K, _offline_component

Merge sub-clustering result
end if
0: end while

BOO NSO A WK

Algorithm 2. Merge sub-clustering
B2 AHORER

1 for block K;:

2 for border grid g, , get the neibouring grid g, onblock K;

3: if (g, islabelledas ¢, inblock K;)and(g; is labelled as Ci, inblock K;)
4 it fe,|<lc,,

5:label all gridsin ¢, asin ¢

6: else

7:label all gridsin c;, asin ¢,

8:end if

9:if (g, islabelledas c, inblock K;)and (g, is labelled as NO_CLASS)
10: add grid g; tocluster c,

11: else

12:if (g, is labelled as Cy, inblock K;)and (g, islabelled as NO_CLASS)
13: add grid g, tocluster c,,

14: end if

15: end if

16: end if

17: end for

18:  end for
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i, OB - MUETRRRESTHTAECER, IR AR AR S5 R sz 1) BT 46
o IF BT AR ERAE N AT DU AT B R 4, M E R AN R EEREE R M IR AL RE
RERMEE., UFREGLE S p ML S q &R NEAR, JLHBNL A p L S p’ 145 5 q 1
Jeghiriq s B op' AN o AR, XU R AR RS 3T T A IE, M RIAR o R RPASE S
HIFE AR S, .

Wi 2, A=A K, KGRTK, B KA R o ¢ K TARE v s 0 KA
B v Cro

BN TRANRNEERE, R F hAERE &4 S TN, RN EEER— 1S £
BEATHARBIRAR I AP RIS, X THK,, BRI S A I, RBLRAR o ARSI K| T ¢
A LLEAT G 9F, TRAE F R E] ¢ fl ¢, I AL M A IREAE KIS R A S, JFHIFAE
TE—MEG, W o fFN e METE R, RREE oM oo C&HT T E& 3, GIFRRNEENART
N Cgo FEMEIHE K, NI AT MRS, FRCORBLERR ¢ v LAFIER K, ) e #4765 9F, T RAERM F i
HE ¢y W ceLN TR FIREK oo MM miy, i B AR R4 ] DL EHAE ¢ BN e %
FHi. FIREREWE 3 FR.
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- ¢ |
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Mgy RO . R B IRET, T BRI R IR LSS B IR F o, BUHORY F
BEATRIIGAE, Do ARAS I 5% 3.

VIR TARSERUR 2 RAFBRIRAR T 2T &, T g s K iR p B K R
1% q EIFIERE (5L 4).

ZHIER S AT T FindRoot BREL, ZER BT DL — AN s TR AR R RN AR S 4 i
AR R AR, W] U B AR IR AR SR EAT D04, R %% 4 b R B 4 il R N AR 45 )
By o N4 HZR B AL (5 5).

STRITA & IF RS, F s N s AT R RS, 45 & F R RRS R

#IHC, C
! n}f:c C, %&E’ﬁ

Figure 3. Use union find to merge clusters

El 3. HEESHRRE

Algorithm 3. Init (clusters_L.ist)
B3 HEEMHRKL

set forest F as {}
for block K,

ifblock K, hasclusters {c,,c,.-c,,}

1

2

3

4: for each cluster p

5: add p asanode to F
6: set p. father = p
7 end for
8 end if
9 end for

Algorithm 4. Merge (p,q)
Bk 4 BFHBEEPQ)

p' = FindRoot(p)
q" = FindRoot(q)
if p'=q’
label p" asachildof ¢
end if

Algorithm 5. Find Root (p)
BiE 5 SHMRAEFT)

1 if p.father =p

2 return p

3 else

4: p.father = FindRoot(p.father)
5: return p.father

6 end if
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PDStream HRIGATEN MR N, I EMEH = ablastgd— N ERE, PSS REN 4 %
CPU 4t %, 16G WAF, TEAERFIHAMTSS BT %A T AT LR . Spark HEZECREZ MG S, K
A java 5495 Spark Job, JFIRACHIEERFHIZAT. 78N AT B FTA Lo h S B RS — 2
C,=30, C, =08, 1=0998.

4.1. SEERHHE

TAVE W B R AT 5050 . B — o — N LA EdE 48 KDD-CUP 99 [11], HI MIT ARESLER =
15 1998 4 3% [ [ 57 35 v 2 K1) 28 g 57 7 RO S [ 2 78 ey 3 1) — /N IR 28 30858, ISR T 9 AL TN TCP
TR, ViEAAFR PR, SRONFE R A S T B, AR — N E S N A Xt
JRAEEAR B 7 APy 7 R YIZREE, DA 2 FEE R IR, X e v DA SRR
VRV o ARE Sea 3 0 IR BE 44T 500,000 SERCS, XA EUEE T OS5 MNER, &
MRBRRE R EENIEREERILRE, /7% DOS, R2L, U2R, PROBING L NORMAL,
—ZIERRC RO 42 NEME. RIEB], KA 34 NMESN B A RERRN, RAERE RN
5, FRATEHE4T PDStream S350 11E 45 5 (1 IE A .

B BAE R N T AR R — 48R 4:, N T 55 D-Stream ST, FRATELA[3] 48 A9 T
AL, HdhE N 85K, REMEWEN 4. XK F L RS PDStream i th 1) 58 e 45 2 2 75
B, FFEZ TS T LAY R D7 s 5 sz o

4.2. BANAERE

1 el KDD-CUP 99 1E N SEIGHE 4L, 1 20 Jlig AT FHLIZ 1T D-Stream ik HL1i241T PDStream
Hik. Z2FEIE1T PDStream 83, & 4, W LUE HAE ML HL T PDStream F1 D-Stream 1Eff 28 (R FF—
B, MES AR ZLFEABE T, PDStream HiL M IER RKIRGER B BIMIE, AT UMNESREH, HE
LRFERINE N, WERARE IR TR, REECN 2 MFHEEE ST, XU RIS EE . ka0 iR
DA K SRR ) o AT 5 SR 4 A A R R B

TENTHAEES, — G688 Ll 4 MEFLZEIT PDStream 5092, 84 85 K, L 1 K/s HIs 2K

D-Stream 5 PDStream:#i 2 4}t

0.98
L
50.96
g
5
%0.94
0.92
0.9
D-Stream HRTR 248 4472

Figure 4. Accuracy comparison of D-Stream and PDStream
[E 4. D-Stream 5 PDStream JEFfZEXTLE
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6 7, MR CLE 2 B B R T 4

%

WA RVGEATHE Y, HEHTIMAZ RS A, % t=10s. t=50s. t=85s =[] S W5
REAE RSN, i 7. B 8. K9 s, MEX LR CUAHEL, BT 3 ANAAE, B Rz

PR BRI AR R, Bk 100 8 R . A RIS R DUR BOWL B 51 PDStream

P AT (8] LA A SR SRER, IRIE 1 Sk AR 1 -

Figure 5. Artificial datasets including four clusters
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Figure 7. Result of clusteringatt=10s

7.t=10s BB fkLE

tlass 1 disappéared

enerated:

class

enerdted allittle

Figure 8. Result of clusteringatt =50 s
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Figure 9. Result of clusteringatt=85s
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4.3. MEERI

BTN T HETHELM AL, PDStream s 1T 2% 5 D-Stream #3211 #4277+ . 7E KDD-CUP 99
B F Ay HIEAT BAHIEAT D-Stream 551 PDStream 535, 105 A FIEHE &8 AL B AR 1A, fn
10 fiok. MEHETLLE i, BEEHE RO 2, PDStream 7E 1 [A] 508 1 R0 Bk B .

ME L LFE T PDStream FIPERERINL, TEN THEIREH /3 HILURLRE . 2 Z6FE. 4 LFE. 8 LftigtT
PDStream 3%, Suil A Al & T RAR R A Bt ], 4l 11 B

BRI DU Y, A ZRFR I I,  SRARAE s i (] B B4R R, 7EE EaA B 85K B, 2 LRFRAHLL
FRLRFRIZATIN 8] R 4500 T H2T 20%, 10 4 LRAR4EH T 40%, 1T W4 Ai A EE R o ez 47 SRR L6 15
RFAFRNRT o AR T ARSI N LR AR SRR/, Bl 2 RN, I LB A2 80 H i, B
MR EEAZ, Pz MREREHFRAER T BEF s, FubEH T 8 L6FRHR 4 LRI T
(B IR) A 2R I C AT, M AA BT R, A7 DB AN R UE AR BE 4, 75 BEARARE S b i vl & BRI R FR 4L
343 HLIA B i BAR HIE AT 3R

D-Stream 5 PDStream# Xt kb

—s—D-Stream PDStream#.41

BER F(s)
= N
- 3] N [¢)]

o
(<)

5 10 15 20 25 30
B & (K)

Figure 10. Efficiency comparison of D-Stream and PDStream
[E] 10. D-Stream 5 PDStream 3 &3ttt
% 272 T PDStreamiz 17 i [A]

—e— BT 245F8 —e— 4L —e—B8L TR

35 45 55 65 75 85
i & (K)

Figure 11. PDStream execution time in multithread
B 11. %%%2 T PDStream &1THTE]
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5. B4

AL T —FpFET Spark Streaming ft1 43 A7 S F 2L 5% PDStream, 1% 515 7E D-Stream ()34t -,
TR EIT T A YORT A, ERBEREGBFIENREN T, WA TETFIHEEMRAEE, B
e T EIERBAT R . SLG 45 R W] PDStream fEIZ 473 LAHEL D-Stream A B KRR, FHAEE ]
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