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Abstract With the rise of cloud computing, Internet of things and other technologies, streaming data
exists widely in telecommunications, Internet, finance and other fields as a new form of big data.
Compared with the traditional static data, stream data in big data has the characters of rapidness,
continuity and changing with time. At the same time, the implicit distribution of the data stream will
bring about the concept drift problem. In order to satisfy the requirements of stream data classification
algorithms in big data, we must improve the traditional static offline data classification algorithms,
and propose P-HT parallel algorithm based on distributed computing platform Storm. To meet the
requirements of Storm stream processing platform, we improve the flexibility and versatility of the
algorithm through sliding window mechanism, alternative tree mechanism and parallel processing
mechanism, and the algorithm can adapt to the concept-drift of data stream very well. Finally, we
experimentally verify the validity and high efficiency of the algorithm. The results show that the
improved P-HT algorithm has better throughput and faster processing speed than the traditional C4. 5

algorithm in the case of no reduction in accuracy.

Key words stream data; classification algorithms; Storm platform; sliding windows; C4.5 algorithm;

paralleling algorithm
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Table 1 The Comparison of Common Classification Algorithms
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K& 1 s

© Wit & Ml n, 7135 Hoeffding H e=

R*In(1/3)
271[ ’

() if 1,72, H(G,(x,))—(G,(x,)) >¢
i # e<r then
@ XF T AR o 1R A HUE
B L I O Y R
PEES (X — 2, ) - WAL T
WA altNodes= ) HNENT
R Ny =03

@ end if
@ end if
@ end for

@® for BB F 45 51 do

® #HEH P-HTGrow pR;

@ end for

for BTG PR TH do
©® B P-HTGrow p&%;

@ end for
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2.4 ETF Storm 1y P-HT &xE i
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(18 325 FH 2 0 A 38 K
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BT o AE B HE 25 B B3R AT DR I 50 H0 4 R o i
AL H — A~ AttAllocateSpout #E 47 32 B, I 6 Il 2
FEA Al 1) Kafka 52400 580850 48 38 19 T8 =0, 76 55 1k

Topology H1 | F KafkaSpout 4% H #Z I M\ Kafka 71 2
BN e 4% o 19 B 9 U . 4% 338 45 TransformBolt. 7
TransformBolt v, ZU 4 i 45 W7 45 s 2 B 1l 5% 4t
I instacnce 2R, L weka R4t —FhBUIE S5
FEAAE A instance 1E Bolt 2 [a] & B 14 i3 71 22 37 ok
FR. P-HTBolt %] 46 LA AR 15 5 roor F1 AL 1 B
% altNodes P IHL G 1T & Ny W R O W.
ParallelBolt /R #E AttAllocateSpout 43 Bt (4 17 B,
W TG B e A7 2 T 45 Storm 48 BE (10 45> 1) R
MRS N 5 R 8 M B3 25 G(X0) I
38 % CheckSplitBolt #1574 % 4% {4 $ 16t » Check-
SplitBolt #E WA JE PE M G (X0 48 H i K AR K
G(X.) I Hoelffding 21 F & (FAT 4. 36T
Storm ) P-HT 551 52 44 FE A P 6 7

Attributes Allocation

AttAllocateSpout

Y

TrainingData  »{ KafkaSpout —>{ TransformBolt

> P-HTBolt > ParallelBolt —> CheckSplitBolt

)

ClassifyData [ KafkaSpout

A

ClassifyBolt > EvaluateBolt > OutputBolt

Fig. 6 The architecture of P-HT algorithm based on Storm
K6 JET Storm By P-HT 53 50 BLAEHY

TEHAT 43 JE 0 W R A ] Kafka 3 5 o (] 4 7
Az SN U A KafkaSpout 42 145 Kafka i
BB A% Ok 1) 5 4y AR AL 15 3 45 ClassifyBolt
#4733, ClassifyBolt ) Redis i /A H i S i)
fR 73 S A% X B o0 AR AR EAT 0 28, OF o o S 25 A%
3 45 EvaluateBolt 347 #E #f 2 i) 11 2. OutputBolt
K 73 J L RRPE A 25 2R B B SO B B e At
4. P el DL ad Redis B0 12 B A 1k AR
T oK. AT DL o 7F Redis B0 2 @57 key {H R
windowsize WREFOCREHIF L g s d 18K/
AT DL 3L ST key (H A P oo 138 B0OK 45 1 5% 14 9F
A BE 5 o ] AR A A AR g A 1 ] o 0 A ) 45 £
FEAS B 55 728 B, 5 78 P-HTBolt rfr 4] 4R 16 I M
Redis PEEHUH P E N HE O K/ windowsize Hl
AT EE P LA BRI 0] B FFAT BE P A Storm £
FEAUTHSEALT B E TR R £ 035 B T AR Y
IFA]. 2EF Storm -5 /9 P-HT JF 47405 2% D A5
WA 2.

Bk 2. BT Storm By P-HT 553,
f A : KafkaSpout 422 Wt i Il 25 B0 4l 3 S =
(X2 C (X0 Coy v o (X Co b TRAT I B T 47
JE P B KN windowsize K AR 2 5 (1) [A]
B checkinterval KR8 K B REAR L 1 5
By 3 - P-H'T Jesp.
D TransformBolt Yt KafkaSpout 1& 3 1) %%
P o B B U 5% 8 8 Instance 28 AU (1)
S 5

@ AttAllocateSpout f# #71 iIl 4k & Jg@ 1 7] =
Attribute JFRRYEIFATHEE P 4270 1L I
7 5

© P-HTBolt S 42 W 52 4] . 4] b A A% AR 1 A5
root FIE A F W 4R altNodes . ¥ 16 1k 58
I Ny WIS 0 W

@ if n, mod n,;, =0 then

© B YHTIRM classifier, M HT ik 8] 73 R 5%

{14 7 5 G 45 ParallelBolt;
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©®  ParallelBolt 8 #% AttAllocateSpout 4y Bt [
JEATRE O B A7 T % X 5 43 I 47 Storm
BERFA A W BT A R AE GE T & N
RN EENE R LG G(XD);
@  CheckSplitBolt # W & E R G(X,) .,
HTHAFK K GX)) IR Hoeffd-
ing 1 SR AT 40 B
® X FHEIEWR S TR KA (2. ),
ID) il id P-HT 4 A1 BT A7 15 45 B9 AR
T HEAT 3 2T 5
©  ID AREART &I i 5 G R Rt
FID 5 ARKB MAEEAR ((x,y),ID) 5
7
1) end if
O if B0 NEEEARR W >w then
@  BECE O RS — RS R R W
® P-HT WakZi K
@ end if
@ if 40253 24 B0k B I8 B 45 8 i A
6] F§ checkinterval then
R 2 A5 KA SIS 5
@ i T8 P-HTGrow PR ;
@® end if
2.5 SXELHW
BT Storm V5 1 P-HT A7k 0 K50k 5
SR T Storm ZERE Y 52 IR AL B AR e A0 L [A] If
) P e 3 AR BRD vk A G iy BT AT AL AR RO
Pos T R I AN 1 Ak B AR RN B L kL B
YRR R ) W S 0 W S TR A Y SR L
PFF T R R [ A A TE BT R R
1 g 0 SRR R AR 3 R B I S ) AT T R OK Y 4
. FEEE T Storm 1 P-HT Sk, 5808 2 Firifi iy iy
FEOLF T SRR R S i A B ML R A $ D
BABHEE AR KAV MM C e £5
AT VEDT 8k 19 5 4% B2 o O Gndoe) s A
5 &5 0 B AT R 3k VEDT, 25 VEDT 355
N A& P05 3 45 T 75 i (8] 2 T 000 22 Ja 7k A %k
D RFIFATEE P I 5 £ Storm HE/F b HEAT 7155 r
B E) A T/ P s BV 2 BT 55 09 N A KN R
OUmdve) | Py

3 XBWERELHHM

SHEGE P 9 & T Storm 19 P-HT Jf 474k

S A PRAIE S NG B i BE Al B OR R TR Y
WNZRACR. ARSCRHA 2 R EEE ok K- D i g Storm
(1) Spout 13 B 7 Az B4 i ok I 5 35 A2 A TR
UCT £ 5 F B9 MERR 5 2) 38 i Kafka #5240 H 525
P N B T AT A RCR: UL S AR 1 RE
Br R B AT R 3 AN D7 TR 3 A 5k 7E Storm F
ERMIPIRFE e N
3.1 HERERE

D SEE s

A SCAE UCT HL o7 ) B S 1 vh BEPIL e 5 7
A~ categorical FE Ry R F P £ P-HT 5 L4
Storm FEHE EAEAT I, $2 PO 1) J8 1k £ A0 K s
eI I3 A N AR AR B8 SCAF e it Spout 152 L.
IEH B 12 8 3R weka-3-7 XF C4.5 43 Z5 4% F
Naive Bayes 73 ¢ 4% #E 47 91, B 6 0 B9 UCT %4
S SEAE DL 2 PR

Table 2 Description of UCI Data
®2 UCIHiE&EHR

Number DataSet Samples Attributes  Category

1 Car Evaluation 1728 6 3
2 Breast_cancer 699 10 2
3 Abalone 4177 8 5
4 Cmc 1376 9 2

5 Statlog 1310 16 7

6 Yeast 1484 6 4

7 Nursery 12960 8 3

2) SIS AEE

O FMHEE

Storm {4 : apache-storm-0. 9. 1;

Redis Jilt4s : Redis-2. 8. 13 64 {v/ ;

Java jifii4s . JDK1. 7. 0_55.

ORTELEIS

Storm 2 # H master,nodel ~noded £ 5 4y

PHAY 5 2 R 40 ) 6 ¢ Storm P 4R FN R Y 455 I AN

T AR o g 69 458 master, [ AIEST Storm
) Nimbus i 2, 71 5 15 & 4 nodel-4, I TH i& 17
Storm HY Supervisor J5 & HEFE M B 18 B ) Worker
HERE.

3) SLEEs R

FH weka-3-7 Explorer PN B iy J48 (B C4. 5)
512545 Fl Naive Bayes 4325 &a % UCT Bdls 48 #4700
R [ R UCT %l 4 1 Ja 1k SR RARE A SR A7 A it
AL A Storm £ BE Y 32T A SO e il
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storm jar iy 44 B R 470y VEDT B35 P-HT &
2 jar WS F| Storm ERE s T b, X B E
P-HT iy 647 B 4. @ i PrintBolt i i iy H
AR SRS B0 5 A HERA 3 R R AT AR

Accuracy= N et/ Niowl s (6)
FEr s Nooree R B3 FE 8 TE 0 53 B BE AR S N
KRS G EM A REARZH. 545 815 A [H
B B 0 FEE A R SR A5 R R 3 PR

Table 3 Accuracy of the Classifiers
RI DEBVEWERINER %

DataSet C4.5 Naive Bayes ~ VFDT P-HT
Car Evaluation 77.31 75.69 70. 22 75.54
Breast_cancer 68.72 67.51 65.33 68. 21

Abalone 78.89 78.52 76.63 78.28

Cmc 81. 36 80. 85 78. 65 80. 24
Statlog 65.55 68. 38 62.52 64. 37
Yeast 79. 34 78.67 76.57 78. 88
Nursery 83.12 82.56 80. 23 83.32
Mushroom 78.21 77.35 75.56 78.11

T 3 S0 G 6 He ] DU L A H AR G I
B E 4B C4 5 fl Naive Bayes, P-HT &
RS B T A K 1 B SE AR W] DL 2 1Y)
R 230 [l 2 W I B AR G p SR B oy R B A
Storm | (S E0 U A R A 5 [ B 78 5 4 1) 300 B4 2R
BN M BT VEDT 835, P-HT 53k 09 i 2
15 T AR A BIL o R Al B AT Ak Ak BEIL A 1
HIXF3EF Storm 1746 P-HT Bk e R4
B o 1 B2 THRUR
3.2 HEMHTHHRMEHE
3.2.1  SERBUE

W 2 48 U8 S UCT #0088 & 1 b i 04 46
Nursery , £ 45 48 J& P AR 3k 4 s .

Table 4 Attributes Description of Nursery Dataset
X4 Nursery HIEEBHEEH L

(@ relation nursery

@ attribute parents{usual, pretentious,great_pret}

@ attribute has_nurs { proper, less_ proper, improper, critical ,
very_crit}

@ attribute form{complete,completed,incomplete,foster }

@ attribute children {1.,2,3,more}

(@ attribute housing {convenient,less_conv,critical}

@ attribute social {nonprob,slightly prob,problematic}

(@ attribute health {recommended,priority,not recom}

@ attribute class {not_recom,recommend,very recom,priority,

spec_prior}

FIH] Kafka-2. 8.0 77 A= 11 5 BA I 452 411 S B 5 41
i » 43 ) a2 S U 2 B A R K BOHE TR 2 A topic,
AR Topology Hl 4 2K 44 4h b 9 KafkaSpout 33
. i i storm jar Ay 25 B2 47 a0 P-HT 8 jar
WL #) Storm R LT, X B E P-HT
BIEWFFATEE N 4. FI A Storm Ul WAL Z 171
R T FAE g
3.2.2 SLIGIIE

D) A HupE

CPU 2. 13GHz.3. 11 GB N A4%;

Eclipse Release 4. 2. 0;

JREL. 7.05_25;

Redis-2. 4. 5.

2) SRR

O #fH5E

Storm {4 : apache-storm-0. 9. 1;

Kafka 4 :2.8.0-0.8.1.1;

Redis {iAs : Redis-2. 8. 13 64 1} ;

Java R4 :JDK1.7.0_55;

Zookeeper A : Zookeeper-3. 4. 6.

ORIECETS

Storm £ i master,nodel ~noded 5§ 5 -9
BT A AL 43 ) 5 5% Storm W R FMNER RO 45 AN
TR AR o g 69 458 master, FAIEST Storm
#) Nimbus #F2 , 71895 5 8 nodel ~noded , |8
17 Storm [ Supervisor i & i K H B B
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3.2.3 HESHLE

D YU & PR E B G AR TH) 50 22 3R )N
SIA ties {H . EBN PR A] LLor 298 BUHT 19 4
tieCon fidence=0. 05.

2) T i+%8 Hoeffding bounds & {1 i) 7] {5 )3
0=1E—4.

3) WM B % 1K/ windowsize=200 000.

4) HG AT 43 A SOk ] B A A 20 000.

5) K D ARE & B L [E] B 2l 1000,

6) A D ABE & B AL I SRAE AR AR 1000,
3.2.4 SLEGgER

D FEATAROCR 53t

P-HT 53 73 26 ¥ M 1E 3E A7 43 S8 g 52 A1 H]
Redis 132 R 52 I 5ORT 9 70 26 4% . 4% Kafka % 3%
(O TF 3 S KM 43 C 45 22 A SRR iE AT 43 A A AT b
58 I HAEAY 2R 45 AL 3R Bolt 4 3-8 i f5 Map
ARSI EE AL, 4 I AR 1 A R A 3 ) BB
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Fig. 7 Relation graph of thread capacity and parallelism
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g. 8 Performance analysis of anti concept drift of
P-HT algorithm
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Fig. 9 Comparison of parallel P-HT and serial CVFDT
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