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BALZABAZBER THREBRIZIR, ALFEZ IO H E R E s (Accuracy weighted ensemble.
AWE) ke A s L3R B A A & 5 ik s F A F 3 £ % (Concept very fast decision tree update en-
semble, CUED) fiik, A AR AERAS X BORES BT @47 T B3, ™ B E MR BIE X8
BAL P AR m Ry R BRI T B AAZGKE. TR RA LS £ EHE LE.CUE ok
5T AWE Fik., %6 . B R L3545 % £ %4 (Dynamic classifier selection with clustering, DCSC) #
k. GAXRATH ARSI ABNBR AR LHOMAEAF IAR R A ERSG, FBRERBIET
DCSC H ik ey Az B bk, e A KA FLAE AR,
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Data Flow Classification Algorithm Based on Integrated Classifier

Han Donghong, Ma Xianzhe, Li Lili, Wang Guoren
(School of Computer Science and Engineering, Northeastern University, Shenyang, 110819, China)

Abstract: As a typical big data, data stream has the features of continuous, infinite, concept drift and
fast arrived. The features make it impossible to apply traditional classification techniques to classify data
streams. The paper proposes the concept very fast decision tree(CVFDT) update ensemble(CUE) algo-
rithm based on the classic accuracy weighted ensemble (AWE) algorithm. This algorithm not only im-
proves the weight distribution of the base classifier, but also improves the sensitivity of the block size and
the increase of the dissimilarity between base classifiers. Experiments show that, in the classification ac-
curacy, CUE algorithm is higher than the AWE algorithm. Finally, the dynamic classifier selection with
clustering (DCSC) algorithm is proposed, which is based on the idea of classifier dynamic selection. The
time efficiency is relatively high because there is no tedious weight value mechanism. Experimental re-
sults show that the DCSC algorithm can effectively handle the concept of drift and its efficiency is rela-
tively high.

Key words: data streams; base classifier; ensemble classifier; decision tree; concept drift; clustering
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(1) 4 A & o oz bR 3 e SRR BB B i (CVEDT update ensemble, CUE) , 5 154 fin 48 A B o
By AR A AIRLEE o S A IS A o PR SR CVEDT 78 454> dhs e B I 2R 0 SEms, IR 411
GRA5 B W PR S L 03 2R 8% IR IR X A AR L 2 BE O3 R AR B BRI B Lo IR B ER . OO B B S
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RO, 3 B AE — SR IE A5 24 F AR & 10 3 43 2 28 0 P (7 P S5 A5 i ot L0y o B0 B 7 O 2 i
PR AE L DT A 3] 2% AN AH ] 1 Bl A 3 (45 56 4 28 s =2 1) B9 AN AR ARUPE 3G . 224 58 J80o0) 366 73 28 4 47 S8
I SR AT X0 e 43 S A R R AL R AE . SR R T R Y M R .

(2) $EH T B EE 28 5B P (Dynamic classifier selection with clustering, DCSC) , 1% & ¥ i
TN 4 1 3 S B A L T ST B P AT RO R AF R IAE . HUON 2tk SR I8 AR
Beor et . JF HAR B AL ORUEAR L DFEAS B ARGl 20 2 4 o AR5 16 XF S8 0 i A7 4 2RI 23 S AR 48 72 ik
P& 5% ) B A e i AH R A9 FE 43 S A% 5 % S0 1) e X AR S R LAy S A R L A 4 R B TP & BY ik
PRI D SRS BEAR T 5 B 10 56 3 28 4 i BRI 210 09 B8 )1 208 1) i 23 28 485 O 4 O A 381 4 A 7Y
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T 0 AR LA S A A 1Y) S T 4
L1 &R BERHE
CUE S M CVEDT 553 Il ZRHe 43 26 i il 3 £ 5 22 B50Hhs B vb 8 5080 0 & 16 A7 08T
R A P EAEE S, .S, 00 S, SRFIRBR B EHE L . B U T AE ) I B2 25 1Y B B o R B
Sy ASTE S, B CVEDT YRttt 73 25 & Co o I HAE ISR B 45 3] (14 & 43 288 45 A 21 52 OB Al o
B B P S, Bk AL LAl 23 26 4% C B ZR0F In A B 4R U B v o 2 O3 2 o 10 B i R /N T
L2 25 3 R e B AL 1, IR 3R BT M B2, B0 S 4 M RO IR 3 L i 2 IR0 30 . A SCHR Y
AR 73 2R AR Y A 4 33 B BEAS X S0 U HE AT 00 28 B A R AR M F A I EE 1 R .
ik 1 A A
B S (— D 524D
d CdlEd S, iR/
L (5 2685 80D
i E (L MR RAENES)
AR
E<d
repeat
train classifier C; on S, ;
add C; to E and set weight,= 1;
until L classifiers in E
return E
1.1.2 R4 AR 24
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BELEREE PN UE i
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I8 5B B O S A U D B R AR 2 IR 25 Stk . PRI SEPE X S, HEAT A AR HRATE L A5 B I A B A e iy A
() B0 A o DACTITT 85 000 355 4 24 88 48 1 () 1949 AS A DL S 0 0 57 M s 20 4R BB TR 1) 43 S i ) AR B4R . ST IR
A 2 s,
Bik2 CUEHEFHHB®:
BN S (AL D
d GBS, 1K)
k(5 28 85 (9 i)
By ECH & A AT SR A EE 1 R £ 40 2K A AL LAY B A 2R 4D
RS IRUY
for all classifiers C, € E do
apply C, on S, to derive MSE,

derive weight w’ for C; using equation (2)

dm 4T

end for
for all classifiers C, &€ E do
if MSE,>MSE, then
update classifier C; with S, using bagging
end if
end for
E<— updated weighted classifiers € E
classify a new instance with E using weighted average
1.2 ZRERDH
SIS JE B AWES BLAG BT 1) 43 285 1 Tff 28 R ABE 2 VB2 % Ak BB 7 L e o AR 3 1 B0 O o 28 5
B TEAS ST SLHG 43 390 7 I (] 4 38 L A A ol P 400 AR 6 10 D/ ko 8 12 ) 2 i B A 3 55 7 T X B A
CHE Y CUE ik AWE BiE 22 5% . TEARSEE b AWE Ry 270 68l il 2 VEDT #43),
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SR FH PR A B8 A DL R0 O B B R A CUE B0 (1 Pk 8 BV 5% 1 356 90 2R bR S i 238 70 0040 4 A I
(1) 58 [ 3K R 2R bR BT 55 28 B R 46 - & 2 L S 1 B0 4R 2 80 T 38 T MOl J) 1 X3 98 A R
RO B A S B 0 Rk 581 012 k. BEFEH Y 50 000 ZK T S25, BF Ak iC st e 54 A
A
(2) PILERLE LB L — A h 342k
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F1 BRUAXESHEE

Tab.1 Default parameter setting

PN — —
T SR TR 40 A I 19 A5 M 7, 2 BH At R
B . Base_num FE KL 15

A NS B, Chunk s —
: unk_size AN 1 000
1.2.2 %o s Sy BLE (S 0.01
PR RS HOR B NR 1 iR, A K Recordpoint S A 5 000
REAHE R 2577 Az 1T 22 8 i ] it s 4 o )Y Tree_height e S B 1 VR 8
EA — BRI F o 7 i R0 A B X L8 - R 7 Grace_period 4324 —A7 g5 5 0 B0 200
BLAR Z B 18], DR B B il A% A TR B A Bl 48 = Rk 1Y T FT 0 e 2 Jd P 2 % ) (. 0.05

MR, AR R R ARy 8, Window siee  CVFDT i sBi 1500
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Fig. 1 Comparison of average chunk training time on [&] % kb
Waveform data set Fig. 2 Comparison of average chunk training time on

Forest CoverType data set
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Fig. 5 Comparison of memory usage on Waveform Fig. 6 Comparison of memory usage on Forest Cover-
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Fig. 7 Comparison of accuracy on Waveform data set Fig.8 Comparison of accuracy on Forest CoverType
data set
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Fig. 9 Comparison of influence of different chunk size Fig. 10 Comparison of influence of different chunk
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2.1 HiEHR
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i I 25 ARG B L b 1 A A 2R A 8 . AR Y W] ROR R : Ensemble = (G, Cyye, C) o FIKRIET, £
A7 DCSC fib B — AN B4 B 5 S 452578 C, Bk F i k¥ CHOSEN _NUM, (i = 1,2,+--,L),
2.1.2 #ME RSy EBE RH#AITH)E
FH DCSC 375 X H5 48 1 25 47 4328 el P08 43 20 A - 8 51 R FH RO L B 72 5 1 0 4 A ik 40 2 4 ki A
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BRI RO B SR Num., | I B AR B KN B A 2 B B 5 1 2 S ) A R AR R
B B SR RN ZAIE AR B B b 5 T 2 ST ARL ) Y Bt 1 B 9 /N L 9T LA 3R 209 2 B K Num
{8 H.4% /s DISTANCE, #5008 B B % 107 (4 3 43 2K 8% . >R Num #1 DISTANCE, #9734 HA%ic R p.
=R (6) N,

- Num
P = DISTANCE, (6)

0L AR EA K p (M2 C 1/ e85 Rfk:
R AR A 2R R R B e B Bl kAR o R A A A
1T B . FLUKAb B R WSk 3 BT R, HLoh, distance g
(centroidi, record) 7 % 0 55 52 Bl record = [ 1Y HE 5. {centroid, n> | 4,
choose_min_k(disti) &8 T 4k ) 5 2L #] record i B & T Ay £ R
s T p A I8 FLAE e B8 43 2548 AR 4 .

BiE 3 {1 DCSC X524 432 11 Hodf Y 4% di 3 09 7% B9 78 7
N INFO cluster (FERIE B K (k=2)
Ensemble (325 884E46) Fig. 11 Diagram of finding the clos-
Record CE 4 3t b 21 20 1) 758 43 28 19 SE 45D est cluster in chunk(A=2)
B, label (U328 88 %) record 432K 125 45)
SRR

for each INFO cluster
for each centroid, do
dist,= distance(centroid;, record)
end for
choose_min_k(dist;)
calculate p
end for
choose the classifier with max p
label <—classify record using chosen classifier
return label
2.1.3 Loy RAAEH
BRI A3 S AU B R I A T 3 RO T PR B i AR T ARE S AR R L AR 0 A AR Ak Y TR R 25 R R
AR I FE 53 4 (0 FH fc 30 B0 VI 58 1) 6 43 S A% I 31 B s T o
TALVE 0 SR AR S W B IR . Dy TP A R T I R R T A, DCSC B VA TE A B —
e Z 5 38 1 7y FEUERG 3 accuracy F1 7y 6 B P i 53 2 4% 4 e £ 19 E used_times R EBR R A E
M)Ay 26 4% . MIN_FREQUENCY IR # 3% £ 1 fe /D IR, MIN_ACCURACY KR f/MER 38, ik
TERCHE He i) Ab 3 2 5 B 8% 43 26 4 1 IR EUIR T MIN_FREQUENCY , W 3 W] 43 248 25 X % A £ A 7 1) o3
BRAR /DS 5 S i A R 28 5 2O RS B o TSR B 45 43 28 46 1 B T MIN_FREQUENCY , i
FALT LOW_ACCURACY , & W12 43 2 f A 38 W Y 1 09 & HLW S B8 R iZ 7y 6 e . JJm il s 2k
B Or e A TR IR A B 53 24 45 145 3] B RO 2 v 58 FiC A RUASE A ) BEB4R A L S8 B R I3k 4 PR .
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1.

SRR
classify current chunk S,
for each classifier C, in the Ensemble
if C;. used_times << MIN_FREQUENCY
then remove C,
else if C.. accuracy << MIN_ACCURACY
then remove C,
end if
end if
end for
if account(Ensemble) <L then
cluster current chunk and train C" on the current chunk S,
add C' to Ensemble
end if
return Ensemble
4 R H EAEA 6 B AR
DCSC 584 H 48 it ) 3 Ay 55 R I 508 B, i1 e R8s B b AT SR 26 R BN 0 26 . Jr 8@ 3

FIA) AL DO S T 2 o 3K S S ) ) 0 SIS o R i e o B PR R 0 R S O T 0 2 A R S B AT 0 2L OF
K4 FUME L B B AR AR . SRR W% 5 FR

x5 DCSCHIL
B S (—AE s i iy 524D
By C OBl b A 5 400 g 90 00 25 531D
RS IBUY
B i R 43 A A T DR /DN 1 4t e
FEWE Lk e B A 508 P )i 25— >4 2 s
for each chunk
classify each instance in the chunk by Algorithm 3
for each classifier C, in the Ensemble
if C.. used_times << MIN_FREQUENCY or C,. accuracy << MIN_ACCURACY
update the ensemble using Algorithm 4
end if
end for
end for

return C

2.2 XBWERNN

DCSC 535 MG s B v 14 2 73 28 A mh 06 £ 5 i 20 288 109 52 091 A5 e o A AL B ) 368 23 28 4 5 1% 52 091

F AR T B B A0 R Y r 8 R . SR A R A AH tE . DCSC B A 3P 43 28 R 1 28 3l 52
RO R I O e SRRl 3 o R
2.2.1 #%3¥EH

ARSI 55 T A SR T R 45 ) KDD CUP” 99 6 26 AR KA 42l SEA 50405 5 R 541
(1) KDD CUP’99"™" o 2% AR B S . 1% 00 S 2 BLSC B0 4R 2 R4 B 2 g b 1 52 3 = A

P14 Jm 3 ) ) A AR P TCP A9 38 30 3¢ B9 08 IE 3 38 A R BBl it ¢ .
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2.2.2 SHaM
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Fig. 13 Comparison of average chunk training time on Fig. 14 Comparison of average chunk training time on

SEA data set KDD CUP’99 data set
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