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Abstract In the era of big data, there is a large amount of streaming data emerging. Concept drift, as the most typical
and difficult problem in streaming data mining, has received increasing attention. Ensemble learning is a common
method for handling concept drift in streaming data. However, after drift occurs, learning models often cannot timely
respond to the distribution changes of streaming data and cannot effectively handle different types of concept drift,
leading to the decrease in model generalization performance. Aiming at this problem, we propose a two-stage adaptive
ensemble learning method for different types of concept drift (TAEL). Firstly, the concept drift type is determined by
detecting the drift span. Then, based on different drift types, a “filtering-expansion” two-stage sample processing
mechanism is proposed to dynamically select appropriate sample processing strategy. Specifically, during the filtering
stage, different non-critical sample filters are created for different drift types to extract key samples from historical
sample blocks, making the historical data distribution closer to the latest data distribution and improving the
effectiveness of the base learners. During the expansion stage, a block-priority sampling method is proposed, which
sets an appropriate sampling scale for the drift type and sets the sampling priority according to the size proportion of
the class in the current sample block to which the historical key sample belongs. Then, the sampling probability is
determined based on the sampling priority, and a subset of key samples is extracted from the historical key sample
blocks according to the sampling probability to expand the current sample block. This alleviates the class imbalance
phenomenon after sample expansion, solves the underfitting problem of the current base learner and enhances its
stability. Experimental results show that the proposed method can timely respond to different concept drift types,
accelerate the convergence speed of online ensemble models after drift occurs, and improve the overall generalization
performance of the model.
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Fig. 1 The overall structure of the TAEL model
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Fig. 2 Drift type detection process
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M, B R] 52 24 BE Sl O(s). T8 B3N D7 b 0808 B b g
AW FHRE RSB o BB ] 55 4% B o O(sk), T B4
FEAS B R P Y I (] 52 2% B2 2R O(sk). XF T A
Dy S E5 4l P, AR i il AR AR 58 P AR Y A S Y BE HL A
WM ASFEAS B B 1] 52 2% B2 Ry O(sk). %32 72 1) B[] 52
2RI N O(s) +30(sk) = O(sk).

4) TR E S 25 U G s+1 A>T o) 3% B )R] &2
FRIE R O((s+1)K). B4 ni fi 25 5L > S 1 If [R) 52 2%
O((s+1)k), A1 B2 B B 0] 52 2 BE R O((s + D)(K? + k) =
O(sk?).

3 KBS

SR UE AR SCHE H A TAEL J7 325 B9 A 30, AR SCHE
ELA N [F) 28 RUARE & B %) s 1 5090 6 N L S s 4R
AT, TR MG L B R DL Sl Sk X 3 A
T HEFT PR, SE 56 /5 O Windows10 #:1E R 48, CPU
A 17-3, 2 GHz W, IN A7 8 GB, A J7 iR
MATLAB R2018a 4’5 Fliz 17.

3.1 LIGHE

TR B 7 6 A [) 2 BUAE TR 1 A LR
7R 3l KBS AR 28 43 BT - 5 MOA®™ o 1) 3t 5 4
AR AT 6 B A Wi DL X
MR A RS B . BRIt 2 Ah, A SCR R T 4 M H
TR BRI B R F B AN 1 TR,

3.2 EMIER

it TAEL J7 35 B PEfE, A 5 PSS AU (9 6 2
EREE RS 3 J7 AT T 43

1) F 4 52 i} K B (average real-time accuracy,
Avgrace) 37 15 BYAE B A I 8] 25 1) 52 R B2 (9 °F- 34
{8, S WA Y (1 S PR RE.

| o n,
Avgracc = — —_—, (16)
¢ T%;WA

Horpon AR TIE ¢ Y IE 8 20 A HEAR R, DR
FEA BRI, T 27 W I 0] A0 0. S 45 S5 I R
e UL ISR 73 P R A

Table 1 Datasets Information

x1 HEEER

32 BUESE SLBIEL ZERE SSHIBOR BRI RS A TR
25%10°,
Sea 100x10° 3 2 ikt 3 50x10°,
75x10°

Hyperplane 100x10° 10 2 X -
25%10°,
RBFBlips  100x10° 20 4 FeAEa 3 50x10°,

G 75x10°
B LED abrupt 100x10° 24 10 R 1 s0x10°
25%10°,
50x10°,
75%10°
25%10°,
50x10°,
75x10°

LED gradual 100x10° 24 10

Tree  100x10° 30 10 #ER 3

Electricity 45.3x10° 6 2
fi5 Kddeup99 494x10° 41 23
Bl Covertype 581x10° 54 7

Weather  95.1x10° 9 3
E: RN

2) BFUKE B (cumulative accuracy, Cumacc) 3¢ 7515
RS S 17 B 220 114 52 FRF0 1 B A AR BORD SRR AR R Y
FUARL, J ARS8 DA iy 1) 224 i B 220) ) 3 1 2 i

T,
don
Cumacc = T’:l , 17

'

> 1Dl

Horh 7, 2% 21 SRAR I R) 255K

3) & # bk (robustness, R) ™ & 7R 15 A 14 £ £ A
ZALVE . AS SCHE - 3 SE i S BE A0 TR R ik
(R, 2 R

R(Dataset) =

racc(Dataset) (18

minracc(Dataset)’
H A race(Dataset) 3 7~ H B 1k 18 B0 P8 £ Dataset |
B4 S 35 52 B AE BE, minrace(Dataset) 3 78 TF 30 P54
Dataset |- [T A5 S35 v i fe /N 18 52 IR 2

BEOA 1% B R A R (B VR A T A Bl R
R Y SN R B O U B B R
T VT E5 08 T A e B T R R AR R B P .

4) Wi S50 B (recovery speed under accuracy, RSA)
FE TR AR & B AL A0 e S IR R R R B AR E BT
e B B 1] 2B step 5SS ASUE K AN 05T 34
1RR avge IR

RS A = step X avge. 19>

R —A SR ERE R B R4 K~ 2 A
ST PR B R Y 22 SN T (B y (4 Hi I B R
BN, TR K A2 AT 500 1721 388 43 S 2350 43 1
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T PEREFR DL 2 S/ T 2 CRe PR BB I T 64
) AL A A SR A
i acc,
=1

K

<y H

acc,—

(200

K

2 2

X z;acc,+j— < %
=

k=5+l

K
§ AaCCyyk
2

33 SHIRE

AR5 5% S G ASERY e AH E S BT 4 5508

1) 040 Y KN ke 3k R AR B B rp Rl B A B E A
A%, DT 52 e A5 7R 11 3 SO, 5 3 /N B B i P v mT
AETC A 5 R 0% 22 B FE AR AR, DA TS BN 25 1)
o)k R s R, AR G — B k = 500.

)IEB R EMNS B OMIER XM S 0. %85|
T BCHE A B 10 5 4 M DL M S T RS S R I 2 R
AXBEES=0.01,0=1.

3)FE AR R 7 A FE A RS 45 ) T 3K A il A
(B i, B T YA AR 2] 2% 0 I R, DT AT
Al 23 % B PR 1) 55 78 1 BB i AR L TR O, AR SR TR
21€1{0.2,0.4,0.6,0.8} i 17118, 15 2] TEARF AT B 4
FevERe, I F A U e AR BB IR 5 %) Lb O ik i AT
5.

4)Fe2E ) 48 f AR SCHEFE LIBSVM O 4 4 “ [R) J5i
FrE ) 8% RS ECR B OME g = 1/v, (v B FRIE
4 pg), LT E N C = 10.
34 EWERSHM

MVEASG TAEL AYPERE, A 3G DWCDS', HBP™,
Resnet"™, Highway"™" DL K J5 4 ¥ B #ft 28 W) 4% (DNN)
TEHS BE | B RS 3 A D T AT X B S 56 A
£ T
3.4.1  FRIDRG 4R A A

AT E ST TAEA R AR A LB - AT 4 A
BRI R MM RE. £ 2 JB /R T TAEL L AEARAT
(B AE EE. NE 2 T LB H M A1=04F21=0.6
B (0 37 2 S PR A A, X R B T A TE— 2 R
JE B 5 0 Y R 2 T A% A PR AR, IR e A R
TR (10 S PR B 43 AT R R W g 2 X AT R I
P I B REARBUR 22, LAY OB B T A, U2k
13- 3 (Y 27 o] SR ROR B 2% 5 25 ABUE BN ST R R
ARHOK A, AT RE 7 AE 00 A] A, S B0 2045 3
FR L 27 2 ZRAR T RAUAOIRAS . TR, AR SCE B 38 h AY
PP, SR 250 45 v A = 0.4 19 - 34 S RS B2

Table 2 Average Real-Time Accuracy Under Different A
®2 RE A2 TEHIHEE

AT (4

Blne
=02 1=0.4 1=0.6 =08

Sea 0.8389(1) 08378(3) 0.8378(3) 0.8378(3)
Hyperplane 09109 (4) 09110(2.5) 09111(1) 09110 (2.5)
RBFBlips  0.9549 (2.5) 0.9549(2.5) 0.9549 (2.5) 0.9549 (2.5)

LED abrupt  0.6228(3)  0.6229(2)  0.6229(2) 0.6229(2)

LED gradual 0.6205(3)  0.6226(1) 0.6199(4)  0.6213(2)

Tree 0.6671(1)  0.6669(2)  0.6660(3)  0.6656 (4)

Electricity ~ 0.7205(2) 07193 (3)  0.7211(1)  0.7190 (4)

Kddcup99 09384 (4)  0.9449(2)  0.9455(1)  0.9448(3)
Covertype  0.7520(2)  0.7526(1) 0.7517(3.5) 0.7517(3.5)
Weather ~ 0.8969 (3.5) 0.8970(1.5) 0.8970 (1.5) 0.8969 (3.5)

TR 2.6 2.05 225 3.0

T BB Fm i o P R SR L S A4

KT A= 0.68F (172 52 HRE B, S 88886 4 = 0419 1
B 5 HoA AT 6 AT

3 IR T NI 5 WA i A RE AR BT 38 5
RS B R Hegi A HES . 3 3 B/ 1, 6 A U s 4 I,
TAEL i SZ RS B2 e 4 5 78 L SC80HR 4 I, TAEL 952
IR BE HE & B HRA TRTS1. TAEL 78 BL 9280 55 L4
2 B AR TR R BE A T RO AR R R AR Y IR
4R, T TAEL I $cH Mt 47 40 3204 7 U mT g 25
K, 7 BOTC Ik % 3L 2 o S8 04T SIS M 5B, A i
A AR ) MERE R . FE SRR HEAS | TAEL A9 HE
2 H U T T RE A B e AR AR A B A R
A BT AL PR [R) 2 AUME & TS 1

4y TAEL HI1 45N X L 5 ¥ 78 i A $odis 4 -
() BAURS BE, 2% 4 9 TAEL RIS R Tk i X B
TS B FZe S HE4 . R 4 F e 4 0] 0, 76 A o K die
£ I TAEL (1 2 BURS J B i, 72 L SEEE 4 | TAEL
(1S3 BURG B2 A7 B (R HE 44, o0 BT R R DR 2 02 O ik
B X VLR IS TR B A B i — A 3L ) R W g 1% A AR
Xof AN [) 288 28 g MO A VB A B Bk ) 7, R R v Y
R

A S AE 2 B0 56 )7 Friedman-Test™ Xif
TAEL 5 Xt b 7 2 A H A 0 P RE A 34 A7 B8 1T A 56
XF 45 78 1) K(K=9) # J7 1 il N(N=10) %4l 5, 4
rRES A TITIRTESS | AR A Rk, A Bk
E SRS

N

> o QD

i=1

=z~
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Table3 Average Real-Time Accuracy of Different Methods on Each Dataset
®3 PRAATHFERBIRE LN FHLREE
SIGSEPRERE (HE4 )
DWCDS DNN-2 DNN-4 DNN-8 DNN-16 HBP Highway Resnet TAEL

Hobisk

Sea 0.7499(4)  0.7081(9)  0.7155(8)  07495(5)  0.7441(7)  0.7771(2)  07684(3)  0.7448(6)  0.8378 (1)
Hyperplane 0.6812(9)  0.8600(5)  08578(6)  0.8487(7)  0.7227(8)  0.8692(3)  08841(2)  08637(4)  0.9110(1)
RBFBlips 0.8214(8)  0.8256(7) 08716(2) 08655(3)  04718(9)  0.8350(5)  0.8482(4)  0.8300(6)  0.9549 (1)
LED abrupt  0.3700(8)  0.5868(3)  0.5809(4)  0.5311(7)  02784(9)  05692(6)  0.5893(2)  05796(5)  0.6229 (1)

LED gradual 03804 (8)  0.5773(4)  05898(2)  05350(7)  0.3031(9)  0.5650(6)  0.5839(3)  0.5700(5)  0.6199 (1)

Tree 0.5558(2)  0.1948(6)  02057(3)  0.I338(8)  0.1141(9)  0.1432(7)  02036(4)  0.1992(5)  0.6669 (1)
Electricity 07346 (1)  0.6228(6)  0.6231(5)  0.5635(8)  0.5154(9)  05676(7)  0.6317(4)  0.6343(3)  0.7193(2)
Kddeup99 0.9829(1) 08796(3)  0.7186(6)  04763(8)  03017(9)  0.7670(4)  07537(5)  0.6535(7)  0.9449(2)

Covertype 0.8486(1)  0.5251(9)  05739(8)  0.6243(6)  0.6269(5)  0.6465(3)  0.6354(4)  06183(7)  0.7526(2)
Weather 09566 (1)  0.8478(3)  0.8050(6) 0.8057(5)  0.8043(7)  0.8139(4)  07813(9)  0.8034(8)  0.8970(2)

T 430 5.50 5.00 6.40 8.10 470 4.00 5.60 1.40
S EE TN G ORI [ WNE R
-=—DWCDS DNN2 -a-DNN4 -+ DNN8 —+DNNI16 -« HBP —»Highway —e-Resnet —+TAEL

jmd

1.0 1.0 0.8
0.9 by 0.9 brr | 0.7
o 08 =g = sl ik i 00 1
sz 0.7 L #2 e Y - = HE gz 0.5 HE
= 06 = 0T et & = 02 =
ﬁ\?; 0.5 ﬁ, 0.6 V¥ e E;t § 0.3 E;\, - ]
R 8% %05 g_/*»Hx R R 8% X 0.2 FMM
0.2 0.4
0 50 100 150 200 0 50 100 150 200 0 50 100 150 200 0 50 100 150 200 0 50 100 150 200
NN EIREDS IR 1) 55 R IR LTREDY NN EIREDS HRF T4 5
(a) Sea (b) Hyperplane (c) RBFBIips (d) LED_abrupt (e) LED gradual
0 18
. etk .
0.6 «f«i w08 P P P
g 031y %ﬁqﬁ & 07 pu i &
= 041/ F¥reieees] K 0.6 = = <
w03 ;.fr = 0.5 5 i = B
B 0.2 B 04 Bk Bk Bk
0.1 0.3
0.2 0.4
0 50 100 150 200 0 20 40 60 80 100 0 50 100 150 200
INHEIREDS PR T4 5 I )45 A5 [N EIREDS NN EIREDS
(f) Tree (g) Electricity (h) Kddcup99 (i) Covertype (j) Weather

Fig. 4 Comparison of cumulative accuracy of different methods on each dataset

P4 AR EEAE RS B AR ) BBURE I LA

TARBE Hy 58 BT A ik B A R . 7RI 2,069 8, 28 114 7] 5 75 A 7] ¥ BE 4 b5 F B9 Friedman
B2 R, 24 N 5 KR8 KR, Friedman S8 H B o RN Goi{lrp, W35 5 o5, 32 5 0T LIF L, A s5embks
—HHBEEK -1 B ARBENEK - DN - DETF A0 e i 4 BB B F e85 31 18 3k F I A1

rp= BT (22)  08,72), L E L Ho, YL BT Jr Ak REA7 7E 12
NK-1)-1,: v
. 2 5%,
rp= 2Ny KL 2% 3] Bonferroni-Dunn M5 55 T B4 7 1
K(K+1 J 4 . .
R 9 880 22 51T LB 2 0 o 2 R A

AEABMGEIER TR - BEEKTETF 258 20 fhorkmi o2 5k F il 2z, m
O AT SE, AR 26 MR8 Hy, RS ITERIBAE X 0 Mo sk VR RESA 7 B 5 22 5.
TE 533 22 5, BDIIR 5 ok PR AT 7E 8.3 25 S IR 2 XKD
B R H,, BT 7R NP AR W 25 5 CD=q.\ N

TEa =005/ 15 L T F 4 Aii I 7 {H 799%(8,72) = Hrp K =9, N=100F, A] DL & R 3 g,00s = 2.724,

(23)
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Table 4 Final Cumulative Accuracy of Different Methods on Each Dataset
x4 FRAAFEERREELNREARRBE
- R R (HE4)
DWCDS DNN-2 DNN-4 DNN-8 DNN-16 HBP Highway Resnet TAEL
Sea 0.750 0(8) 0.749 5(9) 0.7543(7) 0.786 1(4) 0.782 0(5) 0.808 3(2) 0.7977(3) 0.780 3(6) 0.8370(1)
Hyperplane 0.676 3(9) 0.860 0(5) 0.858 0(6) 0.848 3(7) 0.723 0(8) 0.869 1(3) 0.8840(2) 0.863 6(4) 0.911 0(1)
RBFBlips 0.823 1(8) 0.834 5(7) 0.8828(2) 0.870 8(3) 0.5379(9) 0.847 6(5) 0.858 6(4) 0.837 4(6) 0.948 1(1)
LED_abrupt 0.368 1(8) 0.586 9(3) 0.580 3(4) 0.530 5(7) 0.278 6(9) 0.569 3(6) 0.5893(2) 0.579 6(5) 0.622 9(1)
LED_gradual 0.382 1(8) 0.577 6(4) 0.589 8(2) 0.534 4(7) 0.3032(9) 0.565 0(6) 0.5843(3) 0.569 9(5) 0.619 9(1)
Tree 0.555 8(2) 0.4329(5) 0.457 5(3) 0.3330(8) 0.3033(9) 0.359 1(7) 0.4472(4) 0.4310(6) 0.663 6(1)
Electricity 0.740 4(1) 0.643 4(6) 0.645 0(4) 0.584 0(8) 0.573 5(9) 0.596 9(7) 0.6447(5) 0.6502(3) 0.667 4(2)
Kddcup99 0.983 3(1) 0.9832(2) 0.919 5(7) 0.7813(8) 0.616 0(9) 0.982 3(3) 0.961 4(4) 0.927 6(6) 0.956 2(5)
Covertype 0.848 1(1) 0.698 3(9) 0.733 6(8) 0.767 6(6) 0.768 5(5) 0.7919(2) 0.7823(3) 0.770 9(4) 0.746 3(7)
Weather 0.957 1(1) 0.8872(3) 0.874 3(6) 0.875 4(5) 0.866 4(8) 0.882 4(4) 0.8362(9) 0.870 8(7) 0.8933(2)
FHHES 4.70 5.30 4.90 6.30 8.00 4.50 3.90 5.20 2.20
T TR B 1 e 2 RN B HLHE 44
Table5 7 of Average Real-Time Accuracy and Final &2}
Cumulative Accuracy g 8' ?
x5 FHIMEENRERRBEE TR _TAEL LDNN-16
Highway DNN-8
b " 48, 72) pWCDS DAN2
PRI 72260 DNN-4
ik BRI 45747 oo (@) FHIEHRE
CD
2T 54 B 5 MK OF @ = 0,059 15 B CD = 3.336 2. L 2 3 4 5 6 7 9
ORI 7 5 - 5 R ORI 0553 o] | e
ST LR AN S R 22 PR R AT b 2 S Highway DNN-S
5V A L AR 4 R R R SR X I DWCDS Resnet

TAEL J7 3 HE 4 S B ELAT B S A (e 34
3.4.2  BIAVEHEVES BT

J T A A TR B R RN, AT RS
MRS DB Lk, B 6 JBR TR
SEOL. B 6 RS /INEE T 1 TERRAR 2 1 2 R A
B AR L E EEEE R KD, B3 F R i EUE
R B A T AT B 4 R T (A R, R
BRIk E B hE e AL, ERZEEE T,
TAEL (& Fe PE#0 B iU B ar Y HE 24, B AR & 1k
T 1, X U B2 v e A 1 W s R S (LA
SR (B R I, B A e A USSR (1) R A2 AL PR R
3.43  AEAIISCSOE S BT

WA DT IR TR SR B & L R IR S R,
AR I T 45T IEAE 5 A B R 48 1 R
AL RS A L B S B AR ST A B ) o
o BEE OO E Ry = 0.02, B A7 5 AN BUK = 20.
6 IR 45 A 7 IR TEEE AR 0 © RIE A A A
AR B A U SRR B T A O TR AR TR RS A

(b) BZ AT

Fig.5 Analysis of critical difference in average real-time

accuracy and final cumulative accuracy of different

methods
B 5 ASIRI 7 ik 76 1 X8 SRS B A i 2 BRUR EE L
2 R AT

218

|:| Sea
Hyperplane
RBFBlips

& i| B39 LED abrupt
= LED_gradual
&ﬁ ree

Fig. 6 Comparison of robustness of different methods
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AbKE AR AR B, DR, XL S AU BIGH BEARN B i BRI i 2 oF 4% A G B DR BT A4 B o3 A
geit, -5 3Rm . NSk 6 i LUA i, TAEL 7 A S MEAS B 52 i . 7 8 A4k 44 h TAEL 4 T4 —,
ZRONOU T WEA R A BOE B, SR OZ T s DEIZ DT I B A R B W SO B, W SR R L

Table 6 Recovery Speed Under Accuracy of Different Methods on Each Dataset
Fo6 FRIAEESBIRE LRKSEE
VeI DWCDS DNN-2 DNN-4 DNN-8 DNN-16
Sea 0.67/0.25/0.45 0.97/2.63/0.70 1.24/1.15/2.18 2.36/1.55/2.78 2.60/1.66/0.20
RBFBlips 0.56/0.85/0.16 1.17/1.56/0.41 0.38/0.61/0.22 0.56/0.94/0.21 -/-/-
LED_abrupt 3.70 9.77 14.92 19.85 17.94
LED_gradual 2.20/1.95/- 10.70/7.43/6.01 10.91/7.89/3.58 14.24/11.48/3.70 14.83/9.61/4.55
Tree 9.29/4.69/4.70 -/23.81/0.87 2.62/15.22/7.69 4.44/0.88/0.88 0.89/0.88/0.88
FIHE# 3.54 5.85 4.85 5.54 5.77
A/ HBP Highway Resnet TAEL
Sea 0.77/0.51/1.82 2.76/0.49/1.81 0.57/0.56/0.73 0.45/1.97/1.50
RBFBlips 1.14/0.83/0.21 0.85/1.14/0.42 1.01/2.02/0.62 0.03/0.29/0.01
LED abrupt 20.20 9.80 11.65 5.28
LED_gradual 13.12/10.86/7.42 9.66/6.68/5.37 12.80/7.06/5.47 8.25/5.34/3.71
Tree 3.56/0.87/1.75 -/17.56/1.75 -/21.49/1.75 3.85/3.92/3.85
FIGHES 5.38 5.23 5.69 3.15

TE: "R YRR RO SOR A TS BRARCT ORGSR S s LED abrupt 8% 1 MERALAL, W RA 14 HAWBdREm S 3

ANEREALAL, XL 3 S

4 HFRIE

Bt U S B RR R A I, A R R Y TG U Rt
W 157 K548 B 4 A A T BOZ A PR RE AR Wi SO B2
i R £ [, A SCHRE HH — b I 1) AS (] 6 TR AR 2 TR AR
FO 7 B B 1 36 I R IS > T 1 A SO A A T R
5 2R S TR A 2R R, I SR 1 — B B oF IR A% 2 2R
AT FLIE I ] B A 9 5 B R A Ak BEAL . AR ML
— 77 ThI 38 2o R AR o SR e Py S R AR e b Al Ok
SRR, i 3 S0 B A1 T ST 2 A T R o A
P 7R AR B M O — T s i REAR YT
RS Sy > AR AS 4R b T Al R A Py s SRR AR,
fifp D T 2RI 2 ] Y A T AL, [ R T
T B AN . BT B R 5 T A 2 ) B A
BRI AT RCPEAR B T 3 e, AN [ S R Y M A TR AR
RE AL SN o B I A o 17 A 4R L ST v B R 22
FEE [ RE 52 e 1 4R JSORERL (M RE, TE RO I TAE
K 2 — L WP T ET S A [R) R AL 2 B4R TH 5l 2 A 1Y
Ik
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