FE50E FTH H 3 th % &k Vol. 50, No. 7
2024 £ 7 H ACTA AUTOMATICA SINICA July, 2024

P HRIERAELERSNFIHIA
FHu O ERT IRET FEE

W OE IR RREOE RIS DUE T AR SS, B bR R WA i O T R W 2R . B AT, JL
T A HEZE T DL R I A S R R L 22 SRR BRI IO RE A A B IR L Tk, SR bR
RIRIRAE 2 £ 8% 21 J71% (Online active learning method for imbalanced data stream, OALM-IDS). AdaBoost f&—
Fioks 2 N85 0 2R 2 kAR A BB 23 2R3 AR U 287778, AdaBoost. M2 51\ T 850 KA B G, WRFHFHTHS
B, 8 L7 BT R L 2R A B & RS S RN A A B A AT AdaBoost. M2 77 3 H T JE-~F 4 H4is Uit
FEFET AEP A AR IR AR A R AR MR B R K T B R AR R () [ 3 TR RS T VE, ARAL T BRI SRR AN RS AR R
ANERM SRR, B T IR T SRR R AU BE RS T, ST TR S R . 7R 6 AN N AR 4 NS
HHa IR o Ee SEgR R WY, 52 A ST B IR AR B T B A 2 DT VR IR 23 I BE O T oA 5 A Sl B IR A 2D O vk
KR FEEhE, BRI E, 2T, MR

SIS A, AER, TR, PEE. SR TEEERREL L3 %2 00E. AR, 2024, 50(7): 1389-1401

DOI 10.16383/j.aas.c211246

Online Active Learning Method for Imbalanced Data Stream

LI Yan-Hong"? REN Lin"? WANG Su-Ge"? LI De-Yu"?

Abstract Data stream classification is an important research task in the field of data stream mining, which aims to
capture changing class structures from the ever-changing massive data. At present, almost no frameworks can sim-
ultaneously address the common problems in data stream, such as multi-class imbalance, concept drift, outlier and
the exorbitant costs associated with labeling the unlabeled samples. In this paper, we propose an online active
learning method for imbalanced data stream (OALM-IDS). AdaBoost is an ensemble classification method that
iteratively generates a strong classifier from multiple weak classifiers. AdaBoost.M2 further introduces the confid-
ence degree of weak classifiers, which is suitable for static data. In the method, we firstly define an importance
measure of training sample based on imbalanced ratio and adaptive forgetting factor, which makes the
AdaBoost.M2 method applying for imbalanced data stream and improves the performance of ensemble classifier.
Then, we propose an adaptive adjustment method of marginal threshold matrix, which optimizes the label request
strategy. Finally, we define an adaptive forgetting factor based on the concept drift index by bringing the degree of
concept drift into the construction process of model, which realizes the model reconstruction after drift. Comparat-
ive experiments on six artificial data streams and four real data streams show that the classification performance of
the online active learning method is better than those of the existing five learning methods for imbalance data
stream.
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N TR SRR, /R R, DL BT
B B ShR ST AR ) DR A B
T

1.2 BUBREFEIFE

FEREARREA RGO T, E3h% 27k
B [ FEAAR BRI AT, AT AT BT 20 b 26
A R, A3 S TN A TR REAR KRR AR
FTARZEE R AN IR 5. ST R 2577 SR SR g
AN RE VE SR BEATL S AR A SRR ANE SE
A SR S AR 5 TR o A5 A ) T A A A P A R A

A, T AL SR i A B U B AL R A, VR A SR
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ur.

HE 1. AdaBoost.M2

BN kB n DR, EH (24, ) (1=1,2, -,
x; RN IREAR, g, RIRHE ¢ MR LT

WL WK hy,) = argmaxyey L lg{(1/m) x
he(z, y)}, Y ={1,2,---, k}.

1) WA SR « MEEARDIALE O01()) = 1/n, WIEILFEA
MR BAR R y MR W} | = O1(3)/(k — 1).

) EHIER T IR, t=1,2,---, T.

a) HEE ¢ POE R PR BB CE AP ARE. FEARE
N Ou(i) = ME/SS7 ) ME AR g0 (6, y) = Wi,/ M}, Ho
Ml =30, !y FORBRIETAREE y; AN HABSERIAREE.

b) FT O(3) M qe (4, ), IZRITIF KA he.

o) T he IR 0= (1/2) 7, Oc(i)[1—he(zi, yi) +
2oy at(is y) X he(zi, y)l, FHo by (4, yi) RAFER z; J8 T 25
ys RIREZE.

d) EENEFHFRE g = /(1 — 1)

o) THEHHINE Wit =wt | xn, (/DU -he@isvi)the(zi v,
ZRCE T ¢+ 10145

i AdaBoost. M2 &L al 51, I ZrFEA )
WIUEA B 2 A [F ). A5 22 28T SR IR A 35 T A
H AdaBoost.M2 5%, N T & mEES KR, &
BUNFERIR T AR I AR, A SCLE FE Il 25FF
AP EENER BT 2 MHEE

1) FRHE JE 147 Bl 2806 AN 5] 28 01 (%) I 25K AR TR
TANE W AERCEE (FE-F-17 LU 2 w5 6 2 0l AH B R
AN, R NAZECR);
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n), i

2) K BIRE AL I R EE R I 2R 2R A, I
I 75 XA FE AT B0 T 1 PR AN 1) 81026 k) MR 2
EREE (WX (1)), JFREMFREAR ZBA 85
B, MR IR 1 B R A N 12 AT B A L

DRI, A SCHE IR AS Y S B, B4 B R
JE SLUTR:

W(z) = a(z) xlg {1 +

1
imb{} W)
X, o NEENBSH T, 5 XF:

{1, HILR I 25
a(z) = t—t s (2)
SO HEAEEFE 4R 2L T 5] NI IR 2L, 32

BT EEMEER T o, 2 (2) 1, ¢ IR LRI %,
¢ AR E S, REARBIA S O ORI, T FoRiR
R AERfH. R (2) R S L E T
WEA RS 5, M T R 4 BORTRE AR B3 5
FORHE 2 MR ZE. PRI, BRI HR RO, AL
3 FR9EF T 24 e 28T 14365 730 A PR T

imb] MR C; 245 ¢ AT L,
S A 1 S, H R MR

labelnum

size— Nullnum
k

imb{ = (3)
K, labelnum; ZFRZEI SN E HH C; KRIFREA
B, Nullnum R84 8 & O 2R Null B4~
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AR SCHR T 0 PR AR R A 1 T N R 2
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matrix, LR-ATM) &%, FET A KA e 2
£, X320 o R AEL AR P BEAT B N R, IR HE 4 2K
HE SV SRAEA 1) HSEFRAE.

i& P(ycl|xt) yg%ﬁkﬁ%%ﬁE Xﬂ‘ﬁzfxxt E]/‘]% 1
TRBEZR ;. P(ye, ) NE T AR E XN LR 2 K
3 2 TN, BRI RE (m)), ., e M,
Homi; Ron Margin(az,) = P(ye,|x) — P(ye,|z:)
BIE, WA N 0. ELe I fedr, MR A W%
i, BTy

1) 3 Margin(az:) > Mlye,][ye,] B, Wz, H
S5 1 FOUNURE FE MBS 2 TR AL AR ) 22 A A PR E Y T
W, B SRERRT @y 170 S8R R, BEI AN K 2,
IFRRE, WANYHEE Mo AH I R A
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BE— WAL, B ye, =y, RYIBE meye, W 2y T
R, T BN, RCATERE AR B SR I, B 1% 45
SRR Z LS, 5 AR 2 B RZ A B L
2 R imb)t > 0.5 B, Tk — D/ NBIE me, c,-
B F B ey e, B/NOFEEE RS 2, (50 FEAH
S R P IR Bl A1 b A SR H 32 o 80 L R R 1) O
JE B TR
Meye; = Meye, X (1= B x Margin(zy))  (4)

K, Margin(z) Nz W EAHEFERE, B €0, 1)

AR SR H B IE BRI SR SRS S T REAS I 4
SN el Lo | G TR S Ip b ey = S N i
e, N T X SR AR AT R, IR N AR
I BIE RAFAEREATE S & D, AT SRR S
B R B2 BN SR, M HR T o FEAH AR 1 R

BEAl, AR ST A Bl AL AR 25175 SR SRS, Bl ATL AR
Bym I PR BUOREAS ) i R FL R S AR X Ll b
MLE B RE A DN R AR MREAS, e T 3
i 2K IR RS

3.3 WERZEREAEIN AN H

NE SRR TR 2 BB [R) RS, 0t ot b i £ s
AT R AT AR, R B RS TR oR N
A RER AT, RIFEATE t IS ZIIRER AN Pz, ),
WRTEt+ 12, A KA, B P (z, y) #
Pi(x, y), WRAHRAE TRESER. SESIEE N
REA HSEFRA 3 Bk, 4 Py(z, y) = Pi(z) x
Pi(y|z).

1) &R 2 e e sk R AR 4L, D
Pi(y|z) = Pip1 (y|o), TIFEARZ 3R, BY Py(z) #
Piyq(z).

2) HAMEER R TR L AR, B P (y|z) #
Piy1 (y|2), TIFEARZ A, B Py(2) = Piyy ().

3) TR A MRS A2 F8 UL S SR RE AR 2% (] 43
i # K AEAEA, B Py(yle) # P (yle), B P(x) #
Piyi(x).

WS — 0 2 FE AR T AR P AT AR ) AR AL B
Pi(y) K2R, W14 Pi(x, y) = Pi(y) x Pi(xly). BEAT
PIME RS v] 4r R LAR 2 A

1) Pi(y) = Pisa(y) ~ Pilzly) # Prya(zly), BLES
FAET-17 LR I R K A AR AL

2) Pi(y) # Pip1(y) ~ Pilzly) # Piga(zly), )
FAEP i LR R A AR TR e AR A U A &V A e
PG 7 B AP L ZE i 2.

FEAR 23 (8] 73 A0 1A A0 AN 2 52 e e S 3 5
I, 0P E v IR SR AR e TR A AN AL B, H

A H PRSI T A 51 B R RS A B AR
TR AR, D9t ARSI T B R E A
PRSI BB L SEBUBE SR AS AR, L 2 AT
ZNIORIIL RS i e e N RIS S NER OB TY
R IAARAE AR I R4 T SR,

ABRBIE PR R B REIFEASE 1 1
IMIREZRFIEE 2 TE R Z AR L. 2 Margin(wz,)
< My, l[ye,) W, Fo-X T 4010 K88, o A
e RIFEAS, S RfE 73 AT EAE T PR HGL TR AR A 8L
B AR EE R AR SRR . R, R R L
IIFEARBIRREE, HRHARAFAE S F, H T 20 2Keas i)
BT

HEARS R REA o, IR, 198
ANFRIMIRZE e, , WA L FEA R BT KA LA 1) 2%
P, B8 o KA Ry 47y, JBTHA (R
ay AT L), BEI i ZEA W Bt U 2 7 R

W Sy R T A B AARMEREA, IR 2,
TAEZ S Sy trREAS (- 2 TR 3 A Z2 0K, T

W ¢ I 2R AR RS B AT BERE RO, IR, AR
FESCT W MRS IR IR A I
I(x;) = W -1 (5)

K, Poax A2 Sy HFEA TN A 2 (1) B KAEL; P A1
Vi 50 R R @y WU 28 RO ARAE 22 Vi 22 S1
FEA TR MR () B NbR e 2. FRdEZE V HIHHE R
V=yPx(1-P) (6)
T HESERARECT, nTHIW RS R TS
B 41 < OF, RFARIEIMESER; 24 T > 11,
KRN ST, 752 Sy H PIREA BB 2k
R E; 251 > 1> 00, FUEIERA T
BEEIRE, TEMH o EELE NIRRT RBE.
TELE W s Bt R e X 4y 2838 B i
P “BY R AR X JRAR BN R T T,
WA Tr EIREENR BN T 228 Tr. W
R Tr $FEA T B A0S 15 B 7 B80T 2, 1R
P N S N E R e R A A
3.4 BIEEZ
ASCHEH — AR PR SR R AL 2 2 3% 3]
J77% OALM-IDS, %554 8 3 AN B, i 1 fir
AN T BRI B, N TR A R A,
T S KRB IAT size MEEA B SERREE, Fokt Y
B LR v BFEAR 2 FFN S, B L FR A7
N Sy WL ARG, FIH S H AR 2 T 5 R P i 2R
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imby, FEEIER (1) HEH S, R FEAR KV RLE.
B, B Sy I IR ARAE N GREE, IIZREE i o
K E.

552 Y BONTEZ S S M B, B e AR o 26
B E ST UAITAEAS o T RGBT REALAR 2GR

SRS P W2 15 5 LA K o, BURREE, WAR TR 2, U3
Ry TR, BE— A H T AN 52 BR 25 1 SR HEE A

W2 75 7 EAE R o, FIFRZE. W TR, WER, o
W12 o I R B PN P SRR A A e DU R —
FEARZEAT TR

53 M BONBE SR A BN B, X FiER T’
SERRBEIIREA, JIWT 25 5 0, 552, M4k T
MR —AFEAR; BHAE, JﬂJﬁE?ﬁ (5) THE SRS
FRE I (). 45 T <0 Ui BABA KBS 2R, 4%
XN ANFEARZAT IO 45 1 > T > 0 RPHNE
Jdi T?%E%Eﬁ%ﬁk %%ﬁE HI>17T€EE7]‘AU”J§U

*%s E.
BEAAREE

AT H SR 25 3] Bk OALM-IDS Al LR-
ATM HIEhAHS.

Bk 2. OALM-IDS HIth4RHS

3.5

TSR IR T

N

o EHLO R
fin
< () REE o i v i

D’JE%TT

%y,

T L AN E
SERE AR AT R ?

e XPEREAEAT I |

SLFHELY

Algorithm framework

M. B DS, CE B MFEAREL g, WA
o, BT b (b < &), BENLEIELLE ¢, 3N E B R/ size,
FEARBENE 1 51 [size], AREEIFBNE 1 Sasize].

. R BTG R

1) while (I N—MFEAR 2, ) do

2) HERAr AR B XY RIFEAR 24 ?ﬁuﬂ

3) g=g+1;

4) labelling = False;

5) AR — B ¢, ¢ € o, 1];

6) if (¢ < e 8l g < size ) then;

7) labelling = Ture;
8) R FIHREE yo W T HEAS a4

9) Kty HEN Sa;

10) else if (LR-ATM() and (I/g) < b) then;
11) K Null HEN So;

12) labelling = Ture;

13
14) ¥ Null HEN So;

)
)
)
)
)
15) it REAS 2, B4
)
)
)
)

else;

GRS
16) end if;

17) if (labelling = Ture ) then;
18) I=1+1;

19) if (y51 ¢ {Cl, Ca, -+, Ck}) then;
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20) WHZ 5957 a5, GRS — N FEASHEAT T
21)
22) #
23)
24) if
25) if
26)
)
)
) 1
)
)
32)

else;
RS HIREAHEN S
R (5), THAME SR IEH T,
(I>0) then;
(I>1) then;
R (2), HH o
FIH So HIREA, BEIUIGRER KA E;
end if;
TEL R 2K s
end if;
end if;
end if;
33) end while.

#: 3. LR-ATM HIP54%AG
BN, SR KE E XA o 5 1 TRIBESR P(ye, |20),
LKA EWFER o 55 2 FRIMER P(yey |2), HIEM
R (5B M (K] (1], 2 R A BB IR 46 1A 6.
HIH. labelling € {Ture, False}.
1) HEREATIMAERE Margin(z.);
(Margin(z:) < Mlye,][ye,] ) then;

A
#
27
28
29

30
31

2
3
4

labelling = Ture;

1)
) if
)
) Wy IR LE 3
) if (ye; = ye) then;
)
) if
)
)

t

6) M (4), HHEALESHL

13) else
14) A %
15) end if.

3.6 BEERESH

T WI4a AT B ARTARE R A A WU 7 B P B ] st
AN 2 ] AN B kT AdaBoost.M2 Bk, Rk R
IIATIELR 2 I B S 4

B 2 Al B B el s i A N AR
A, IREARETE REVEMN B E 42 O (N); &
D AN R AR B A R4 B T 1 I R) B2k B
N O(D- Nlog, N), Rt N ANEEATE 264 ] (i) [a]
24N O(N+D- Nlog, N).

TR IMB TR E 2 NMEsE 1 S [size] I

So[size]. Rk, FIEM S A:EH O (size).

4 KEERSHH

4.1 SCISINEE R IR

ALK IA BN Windows10 #:1E 248, CPU
N Intel Core i7-10750H 2.6 GHz, W 7F 16 GB. A&
SR IIE K MBAE L 73 HrF & MOA (Massive
online analysis)® bSZEL, JF &R AF# A Intelli]
IDEA.

SEIGAE A 6 N N AR AN 4 AN B SR,

7) if (imb¥* > 0.5) then; Bl WA RFAE A0 3% 1 Fros . N TS ¥ v ¥
8) A (4), RS HL; MOA “‘F &4, Hrh DS, DS, A~ 4 # 4 k
9) end if; DSs 1 DSy ARV bt [ € 1 JF 1 7 B It
10) else DS5 A1 DSg Ay AR~ 1li7 bt 2 AT 22 (P B . £
11) AR, DSy DS3 M DSs 5 ¥ B M S IR 57 A, AE
12) end if; DSs+ DSy M DS 1% E T 3 IRIE&EFE A 10 /\ 5
® 1 BEERARHE
Table 1  Data stream feature
Bl AL FAIEEL FE Bl ER KL 5
DS, 200000 21 5 (0.2,0.2,0.2, 0.2, 0.2) 0 0
DS, 200000 21 5 (0.2,0.2,0.2,0.2, 0.2) 3 10
DS; 200000 21 5 (0.1, 0.3, 0.4, 0.2, 0.1) 0 0
DSy 200000 21 5 (0.1, 0.3, 0.4, 0.2, 0.1) 3 10
DSs 200000 21 5 (0.1,0.3,0.4, 0.2, 0.1), (0.4, 0.2, 0.1, 0.1, 0.2) 0 0
DSe 200000 21 5 (0.1, 0.3, 0.4, 0.2, 0.1), (0.4, 0.2, 0.1, 0.1, 0.2) 3 10
Kddcup 99_10% 494000 42 23 — — —
Statlog 570000 10 7 — — —
IoT 663 000 115 11 — — —

HAR 10299 561 6
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S 50 &

W . LSRRI Kddeup 99 10% « Statlog (Shutt-
le)s IoT (IoT botnet attack) Al HAR (Human acti-
vity recognition) JKJET A4 UCIs (Uni-
versity of California at irvine), fEiX 4 MR+,
R A% )R TR e i R BB R .
42  OALM-IDS EE5 XM RETM

AR IR K7 K% OALM-IDS 5§
LB. BOLE. ARFgp+ OALE, CALMID Ti/M432
FOEAE 6 NN TEHR AT 4 A B gids i btk A7
AEtL#s, Hr LB. BOLE il ARF gp /2 i B 2% 21 55
%, OALE Al CALMID & F:8h 5% 5] 503, 1l FH e
., HE#E, F1 1. Kappa REH 2 FH B
fif (Receiver operating characteristic, ROC) £k
TE TG AR

N TR S A1, B T ARF pp I FH H

Fi& ) ARFHoeffding ${E A5 K88 2 4b, Hih
F2¥ M8 ] Hoeffding MHAE A3 732645, OALE
RPN CALMID #0331/ NER % B
9500; OALE H#E 2% 2] 25 4% 75 40 FH B SR 25
VAT 3285 2] SR I RR 2 T 35 B BN 20%.
B S A — B 4 3 5 S0 10 K.

%% 2 Al %1, OALM-IDS MIH#ERIRAE 5 ML
AR 4 A FUSLEE IR LS A REr, IXAE DS,
tt BOLE 1% 0.1, X T BOLE M B 2= S &k,
TEFE T AR RZE R, JF AR T ik
2588 AdaBoost.M2.

H#% 3 ~5 A%, OALM-IDS & [ &, F1
AN Kappa REUETE 6 N N TEHE A 4 4> 5L
By LA T sk, H LA HERE.

BT 2 ~ 5 LI R el E, 352
#9% OALE. CALMID 1 OALM-IDS f43 2% g

®2 6 FEIARHERE

Table 2 Precision values of six algorithms

i LB BOLE ARFrp OALE CALMID OALM-IDS
DSy 94.56 + 0.12 95.61 +0.11 93.54 +0.13 89.78 £ 0.21 94.76 + 0.16 95.48 + 0.15
DSs 92.27 4+ 0.17 92.44 +0.14 91.04 +0.19 88.31 + 0.23 92.81 +0.13 93.94 £ 0.12
DS3 88.39 + 0.22 89.52+0.14 90.95 + 0.13 88.83 +0.16 92.57 £ 0.13 93.72 4+ 0.13
DSy 86.55 + 0.31 88.68 + 0.26 89.89 + 0.23 86.29 + 0.29 91.31 +0.18 92.18 £ 0.21
DSs 85.64 + 0.29 87.04 + 0.34 89.61 + 0.51 88.83 + 0.21 91.13 +0.21 92.92 £ 0.16
DSe 82.10 + 0.69 83.15+0.73 86.54 + 0.72 83.42 + 0.55 90.64 + 0.42 92.41 4 0.21
Kddcup 99 _10% 83.87 £ 0.43 81.09 4+ 0.56 85.48 + 0.65 81.01 + 0.36 92.06 + 0.19 92.07 £+ 0.18
Statlog 64.55 + 0.31 63.78 + 0.61 79.97 + 0.39 73.78 £ 0.43 85.40 + 0.34 85.68 1 0.33
TIoT 64.03 + 0.48 61.54 +0.43 66.66 + 0.53 55.81 + 0.51 70.85 + 0.54 73.12 £+ 0.38
HAR 61.63 + 0.53 59.76 4+ 0.46 63.22 4+ 0.49 55.16 + 0.69 68.64 + 0.71 69.98 4 0.51

R3O 6L H R
Table 3  Recall values of six algorithms

HRG LB BOLE ARF pp OALE CALMID OALM-IDS
DS, 95.37 + 0.18 95.96 + 0.13 93.39 +0.11 90.13 + 0.13 95.91 +0.11 96.14 £ 0.12
DS2 92.39 + 0.21 92.28 + 0.35 91.35 + 0.26 89.45 + 0.18 92.51 + 0.15 94.08 £+ 0.14
DSs 87.55 + 0.19 88.19 + 0.22 86.14 + 0.21 88.52 + 0.22 90.55 + 0.13 92.52 £ 0.13
DSy 84.57 + 0.36 86.73 + 0.29 87.47 + 0.28 83.05 + 0.31 89.89 + 0.21 92.44 £ 0.18
DSs 84.14 + 0.43 86.44 + 0.49 87.26 + 0.69 83.26 + 0.36 90.25 + 0.18 91.16 £ 0.13
DSe 83.98 +1.13 81.87 +0.91 84.56 + 1.31 78.87 £ 0.69 90.46 + 0.13 90.71 £ 0.21
Kddcup 99_10% 60.82 +0.71 62.75 + 0.64 58.17 + 1.32 58.44 + 1.63 61.88 + 0.43 63.71 £+ 0.37
Statlog 61.39 + 0.91 50.92 + 1.32 54.36 +1.11 51.20 +1.34 59.52 + 0.63 63.12 £ 0.39
TIoT 40.73 £2.14 42.29 + 1.58 39.35 + 1.89 40.42 £ 2.15 48.04 £ 1.04 51.26 + 0.81
HAR 61.64 +1.18 60.57 + 0.97 57.91 + 1.43 54.11 + 1.36 65.53 + 0.76 66.57 £ 0.46
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Table 4  F1 values of six algorithms

EAE LB BOLE ARFrp OALE CALMID OALM-IDS
DSy 94.96 + 0.11 95.80 £ 0.10 93.42 +0.13 89.93 +0.15 95.33 + 0.11 95.80 + 0.10
DS, 92.32 4 0.16 92.34 4 0.13 91.18 +0.15 88.85 + 0.21 92.65 + 0.13 94.01 4+ 0.12
DSs 87.91 4+ 0.20 88.81 + 0.24 88.11 + 0.36 88.67 + 0.20 91.50 + 0.16 93.07 4 0.14
DS, 85.35 + 0.42 87.38 + 0.36 88.42 + 0.51 84.50 + 0.33 90.51 + 0.21 92.29 + 0.20
DSs 84.85 4 0.41 86.67 4 0.43 88.30 + 0.46 85.36 + 0.48 90.62 + 0.21 91.93 4+ 0.18
DS 82.97 + 0.87 82.43 + 0.71 85.35 + 0.91 80.59 + 0.63 90.46 + 0.39 91.53 & 0.31
Kddcup 99_10% 73.12 + 0.55 72.47 4+ 0.63 72.01 + 0.46 72.81 4 0.51 73.56 & 0.33 74.65 £ 0.20
Statlog 66.18 + 0.83 54.32 4 1.91 63.85 + 1.03 63.42 + 0.98 74.42 4 0.36 75.19 £ 0.31
IoT 47.01 £1.24 48.40 + 0.96 47.34 £ 1.89 44.94 +1.36 54.26 + 0.65 56.73 £ 0.67
HAR 59.93 4+ 0.91 58.81 + 1.21 58.52 + 0.79 54.43 +1.13 65.43 + 0.63 67.76 + 0.58

5 6 FEER Kappa 2EUHE
Table 5 Kappa coefficient values of six algorithms

A E/ LB BOLE ARFRrE OALE CALMID OALM-IDS
DSy 90.17 4 0.12 91.18 £ 0.14 90.59 + 0.16 85.47 +0.21 90.48 4+ 0.19 91.31 +0.12
DSo 88.85 + 0.19 88.14 + 0.23 87.91 +£0.39 83.18 + 0.56 89.97 + 0.31 90.66 + 0.23
DSs 85.25 4 0.22 85.86 & 0.38 86.68 + 0.29 83.91 + 0.39 88.91 4+ 0.26 89.93 4 0.21
DSy 84.15 + 0.55 86.04 + 0.63 87.14 + 0.66 83.42 + 0.71 88.92 + 0.33 89.33 4 0.36
DS5 83.85 + 0.77 85.83 + 0.69 86.45 + 0.81 86.67 + 0.70 88.57 + 0.31 89.12 + 0.29
DSe 81.49 4 1.12 82.98 + 1.69 84.15 + 1.87 79.92 4 1.48 89.01 4 0.41 89.73 4 0.28
Kddcup 99 10% 80.93 + 0.67 75.62 + 1.13 79.32 4+ 1.32 78.31 4 0.91 83.32 + 0.26 85.83 - 0.18
Statlog 58.71 + 1.42 61.43 +1.18 73.72 £ 0.93 71.21 £1.24 79.39 + 0.46 80.11 + 0.19
ToT 67.53 & 1.54 65.02 & 1.89 68.99 + 2.14 59.53 + 2.12 71.65 + 0.71 73.29 £ 0.68
HAR 60.49 4 1.12 60.01 & 1.38 61.86 4 1.13 56.75 + 2.03 68.52 % 0.76 69.64 1 0.71

AR T W B % >3 %% LB, BOLE Ml ARFgp; A
B R Ao o T 7 TV S e 1 e | o T 2 8
il e B e~ i g dm o, ELAE 3Rl bl i e 1 JE
g daan B R e T AR L 2R T AR IR
BEEIL; A FRE AN S LA L 0
B o SR R T 5 M A B RS N e R
BRI, BT A SEAE s SR m L R e A
NG

ROC 28 m] DA EW @ ik R A Bk 4y 2K
HERERIL S, i as Rl 2 Fros. ROC MR T IX
BT AR AT DA B AR Ay SRR RE AR 25, T A B
K, R Ztkgeir. HE 2 %1, OALM-IDS
FIEM ROC #h4e N X AR 7E 4 A N T HR
(DS3 ~ DSg) Fl 4 AN ESE R H 35 8 B K. ANAE
AR DS, FIDSy F A L ARF g B8/, {H AR
W, X AEH T ARF pp VNN B 22 S B,

B 7% B0 A FEARRIFR 25 B, IF BZ AR
Sof ST RO R 2 28 ROC /R T X 485 4 T AR A k.
FT A S AE i e B B 1 ROC 2R T [X 38 T AR
Bt /).

Kl 3 ~5 Eon 1 330 21 Hi% OALM-IDS. OALE
A CALMID 7£ 3 MR IR EE (DSe ~ Kdd-
cup 99 10% 1 Statlog) | I #Efff 28 B FF A< A AR 3
At 2. Kl 3 i, OALM-IDS &HikAE4b
FRARSP i LR T AR S e SRS A 1 e
it DSg I, 7] DL e 2> AR e RE AN 3RS B v () T A
F,HEARTHZ OALE A1 CALMID, J HAE T
B2 354k LB. BOLE 1 ARFrp. HIE 4 f1E 5
AL, OALM-1DS HyEL T £ 31% 2] 5% OALE
A3 MBS HYE, 5 CALMID BiEMHRER N
e, (B S8 v b IR SR AR I, AR
OALM-IDS 5y%0] LA B /b b e A AR SR IO 1=
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WM, 8T CALMID 532,

BT LR snd g5 BT, AR SCHE Y OALM-
IDS SIATE 3 A F8h 2 2 Bk o PR RE 2 e
[, XA HF OALM-IDS 5yEELL T 3 A5 TH i
T 1) B AdaBoost. M2 75 H T 3B P i £ ds
WI5r25; 2) I NFET 100 B B A0 1 & B bR 2
RS, T fd I 2R R rb b Bl o A e 2R 5|
R T LE R (AR AL 3) FE TR SE R FR HUE L
T B B R R T, A Ao AR Y ] LB R 3
B

4.3 HERSIG

TR OALM-IDS # 5] X AdaBoost. M2
SR KRB IS NS R T o F1R A AL
HIRIVER, AT T AR 3 FyHfLsEs: 1) A OALM-IDS
oL SR AL, 153 OALM-IDS-o 577%;
2) /£ OALM-IDS-o Sk FEAN b, 2Bk B & M
BT a, 2 OALM-IDS-oa 5i%; 3) ¥ OALM-
IDS-oa HiEH ) AdaBoost. M2, # ¥ a3t 18 [ ok
R R 52588, LR OALM-IDS-oab.

AL S IGA FH AE Pl bl R mT AR 1 HA A e
FE RS0 N TEHE I DS, S286 45 B 6 Ar
AN AL FgR e SR L] S I OALM-IDS-o
Hyk bk OALM-IDS Sk R 4 BT B, E—
0P HE MBS F T o 51 OALM-IDS-oa 5%
(FIHERG 4k 22 R %, K OALM-IDS-oa Hik 11
AdaBoost. M2 & # 5§ 5 18 1 s 3 W 42 Bl o R 2%
JG, Bk OALM-IDS-oab #ERfIZE T MBI, AT,
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I} S W R e A
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Fig.6  Result of the ablation experiment

AdaBoost. M2 1] 5] XX BN By HE R R 132 T o7
HRIR K.

4.4 B¥ 03t OALM-IDS EERE0m

T2 57 58] A1 266 2 P 0T @ ok 87 375 SR R AR B 25 i ]
Aett, N IR 4G M 0 X OALM-IDS #4324
PERERUFEM, B 9286 10 Ik, 2645 BN 6 Fin.
A LS IAEBIAE 6 = 0.5 I, BIRHIHER R A B2,
F1 {5/ Kappa & HUE & 5.

M0 = 0.4 B, 1ERFEARFRZE T REVE/, X
2 SO L 53« D FEEFE ARG RA B B S hR %,
&S OALM-IDS 5L PERE T F%; 240 = 0.6 I,
TR FEASRZE A REMEIE K, (H i TARZE TR b 2
— B, X FEAME S DEEEEAERA T E
WEhRES, 443 OALM-IDS ikt RE N 4.

5 LERE
SIS eSS SN T TN e

A7 I B A T AE D B FLCSERR B 1 O T IIAE 2k 7 2K 1)
AL, B R AT AR A AU AR 2 B e 2T
. 8 ST T AR HE AR AN B & B S
OMEATE EIE TR, 1S AdaBoost. M2 i@ H] T 9F
AR A $ AR TR A AN S AR LAY
B 38 ML ARSI SR SRS, A5 A 3 A D B A TT DA
RIS E L MNGNL 2 € LT 2T KW ZE MBS
PERAREL, P LGN 1) gL, TR A
HA.

N T S AR T i B AR 2k Bl ST TR
B, EARKRTAE S, B LT . Hok, 48
AHRKI TS T, 255 AT Al 7 8 R A
fE. Uk, B 7l 3 Bl A o R R R A R 25 A
BRI AL, I8 AT LA 8 A % 2 S Wt 9T A AL
JiiE.
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Table 6  Effect of parameter 6§ to OALM-IDS

B ] b W2 EIEES F1 i Kappa ZH(fH
0.4 0.17143 94.21 £0.16 93.18 £ 0.12 94.13 £0.11 90.11 £ 0.12

DSy 0.5 0.180 26 95.48 £+ 0.15 96.14 £+ 0.12 95.80 £ 0.10 91.31 £+ 0.12
0.6 0.19782 95.03 £0.15 93.19 4+ 0.12 95.16 £ 0.10 91.01 +0.12

0.4 0.17136 93.01 £0.12 92.81 4+ 0.16 93.04 £0.13 89.09 + 0.26

DS, 0.5 0.19178 93.94 £+ 0.12 94.08 + 0.14 94.01 £ 0.12 90.66 + 0.23
0.6 0.20000 93.18 £0.13 93.16 + 0.14 93.75 £0.12 90.07 +0.23

0.4 0.17821 93.24 £0.13 92.05 4+ 0.13 92.54 £ 0.16 88.56 + 0.22

DS3 0.5 0.19512 93.72 £+ 0.13 92.52 + 0.13 93.07 £ 0.14 89.93 £+ 0.21
0.6 0.20000 93.43 £0.13 92.24 4 0.13 92.10 £ 0.14 88.71 4+ 0.21

0.4 0.18423 91.63 £0.21 91.34 4 0.18 91.76 £ 0.20 88.54 + 0.38

DSy 0.5 0.19877 92.18 £ 0.21 92.44 £+ 0.18 92.29 £ 0.20 89.33 + 0.36
0.6 0.20000 91.06 £ 0.21 91.56 + 0.19 91.80 £ 0.21 88.63 + 0.36

0.4 0.18002 92.01 £0.16 90.46 + 0.13 90.76 £ 0.18 88.42 4+ 0.29

DS; 0.5 0.197 22 92.92 £ 0.16 91.16 £+ 0.13 91.93 £+ 0.18 89.12 + 0.29
0.6 0.20000 92.50 £ 0.16 90.76 + 0.13 91.21 £0.19 88.56 % 0.30

0.4 0.18331 91.02 £0.21 89.03 +0.22 90.32 £ 0.31 88.12 4 0.28

DSg 0.5 0.199 23 92.41 £ 0.21 90.71 £+ 0.21 91.53 £+ 0.31 89.73 £+ 0.28
0.6 0.20000 91.01 £0.21 89.92 4+ 0.22 90.12 £ 0.31 89.13 4 0.28

0.4 0.18188 90.59 £0.18 63.51 & 0.37 73.35 4+ 0.20 83.14 4 0.18

Kddcup 99_10% 0.5 0.19961 92.07 £ 0.18 63.71 £+ 0.37 74.65 £ 0.20 85.83 + 0.18
0.6 0.20000 91.63 £0.18 63.63 + 0.37 74.43 £ 0.21 85.61 + 0.18

0.4 0.19022 84.75 £ 0.33 62.19 + 0.39 74.85 4 0.31 78.86 & 0.19

Statlog 0.5 0.19994 85.68 1 0.33 63.12 4 0.39 75.19 + 0.31 80.11 £+ 0.19
0.6 0.20000 85.66 £ 0.33 63.01 + 0.39 75.19 4+ 0.31 79.89 4 0.19

0.4 0.19113 71.21 4+ 0.38 49.86 £ 0.81 51.21 4 0.67 71.61 & 0.68

IoT 0.5 0.196 84 73.12 + 0.38 51.26 £ 0.81 56.73 £ 0.67 73.29 + 0.68
0.6 0.20000 72.11 4+ 0.39 50.06 % 0.81 54.33 4+ 0.67 71.34 4 0.68

0.4 0.18634 66.54 £ 0.52 64.32 + 0.48 65.05 £ 0.59 66.81 & 0.72

HAR 0.5 0.19547 69.98 £ 0.51 66.57 1+ 0.46 67.76 £+ 0.58 69.64 + 0.71
0.6 0.20000 64.32 + 0.52 65.14 4+ 0.46 66.11 + 0.58 64.32 4 0.71

References layer local block coordinate descent algorithm and unfolding

Yu Hong, He De-Niu, Wang Guo-Yin, Li Jie, Xie Yong-Fang.
Big data for intelligent decision making. Acta Automatica Sin-
ica, 2020, 46(5): 878—-896

(T, frplde, EEEL, 280, WAos. REIEEREYGR. B3y

classification and reconstruction networks. Acta Automatica Sin-
ica, 2020, 46(12): 2647-2661

(E&T, kK2, Bf, TRIE £ 2R PSR T L L IRS)
HI5r KRB, B3R, 2020, 46(12): 2647-2661)

3. 2020, 46(5): 878896 7 Lu Y, Cheung M Y, Tang Y Y. Adaptive chunk-based dynamic
’ > 46(5): ) weighted majority for imbalanced data stream with concept
Lu J, Liu A, Dong F, Gu F, Gama J, Zhang G. Learning under drift. IEEE Transactions on Neural Networks and Learning Sys-
concept drift: A review. IEEE Transactions on Knowledge and tems, 2020, 31(8): 2764—2778
Data Engineering, 2020, 31(12): 2346-2363 8 Grzyb J, Klikowski J, Wozniak M. Hellinger distance weighted
Liu W, Zhang H, Liu Q. An air quality grade forecasting ap- ensemble for imbalanced data stream classification. Journal of
proach based on ensemble learning. In: Proceedings of the Inter- Computational Science, 2021, 51: Article No. 101314
E?tlonfaltC(.)nfcr[O)ni)cl. onl ?rtljl'cfll Air;tglolfgné;iggld Advanced 9 Kim T, Park C H. Anomaly pattern detection for streaming
anutacturng. Lublin, frefand: ’ : data. Expert Systems With Applications, 2020, 149: Article No.
Cano A, Krawczyk B. Kappa updated ensemble for drifting data 113252
stream mining. Machine Learning, 2020, 109(1): 175-218 10 Wankhade K K, Dongre S S, Jondhale K C. Data stream classi-
Liu A, Lu J, Zhang G. Concept drift detection via equal intens- fication: A review. Iran Journal of Computer Science, 2020, 3:
ity k-means space partitioning. IEEE Transactions on Cybernet- 239-260
fcs, 2020, 51(6): 31983211 11 Bahri M, Bifet A, Gama J, Gomes H M, Maniu S. Data stream

Wang Jin-Jia, Zhang Yu-Zhen, Xia Jing, Wang Feng-Pin. Multi-

analysis: Foundations, major tasks and tools. Wiley Interdiscip-


https://doi.org/10.1007/s10994-019-05840-z
https://doi.org/10.1109/TNNLS.2019.2951814
https://doi.org/10.1109/TNNLS.2019.2951814
https://doi.org/10.1109/TNNLS.2019.2951814
https://doi.org/10.1016/j.jocs.2021.101314
https://doi.org/10.1016/j.jocs.2021.101314
https://doi.org/10.1016/j.eswa.2020.113252
https://doi.org/10.1007/s42044-020-00061-3

7 3 S {LEAE | S TE € RN R e e iR

1401

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

linary Reviews: Data Mining and Knowledge Discovery, 2021,
11(3): Article No. 1405

Kontopoulos I, Chatzikokolakis K, Tserpes K, Zissis D. Classific-
ation of vessel activity in streaming data. In: Proceedings of the
14th ACM International Conference on Distributed and Event-
based Systems. Jerusalem, Israel: ACM, 2020. 153-164

Wang S, Minku L L. Auc estimation and concept drift detec-
tion for imbalanced data streams with multiple classes. In: Pro-
ceedings of the International Joint Conference on Neural Net-
works. Glasgow, UK: IJCNN, 2020. 1-8

Fan S, Zhang X, Song Z. Reinforced knowledge distillation:
Multi-class imbalanced classifier based on policy gradient rein-
forcement learning. Neurocomputing, 2021, 463: 422—436

Bifet A, Holmes G, Pfahringer B. Leveraging bagging for
evolving data stream. In: Proceedings of the Joint European
Conference on Machine Learning and Knowledge Discovery in
Databases. Barcelona, Spain: PKDD, 2010. 135-150

Mirza B, Lin Z. Meta-cognitive online sequential extreme learn-
ing machine for imbalanced and concept drifting data classifica-
tion. Neural Networks, 2016, 80: 79-94

Barros R S M, Carvalho-Santos S G T, Junior P M G. A boost-
ing-like online learning ensemble. In: Proceedings of the Interna-
tional Joint Conference on Neural Networks. Vancouver,
Canada: IJCNN, 2016. 1871-1878

Carvalho-Santos S G T, Barros R S M. Online AdaBoost-based
methods for multi-class problems. Artificial Intelligence Review,
2020, 53(2): 1293-1322

Ferreira L E B, Gomes H M, Bifet A, Oliveira L S. Adaptive
random forests with resampling for imbalanced data stream. In:
Proceedings of the International Joint Conference on Neural
Networks. Budapest, Hungary: IJCNN, 2019. 1-6

Ren P Z, Xiao Y, Chang X J, Huang P Y, Li Z, Gupta B B, et
al. A survey of deep active learning. ACM Computing Surveys,
2021, 54(9): 1-40

Yousaf M S, Ahmad I, Khurshid A, Ikram M. Machine assisted
classification of chicken, beef and mutton tissues using optical
polarimetry and bagging model. Photodiagnosis and Photodyna-
mic Therapy, 2020, 31: Article No. 101779

Wang Y, Feng L. An adaptive boosting algorithm based on
weighted feature selection and category classification confidence.
Applied Intelligence, 2021, 51(10): 1-22

Gomes H M, Bifet A, Read J, Barddal J P, Enembreck F, Pf-
haringer B, et al. Adaptive random forests for evolving data
stream classification. Machine Learning, 2017, 106(9): 1469-1495

Babiiroglu E S, Durmusoglu A, Dereli T. Novel hybrid pair re-
commendations based on a large-scale comparative study of
concept drift detection. Expert Systems With Applications,
2021, 163: Article No. 113786

Liu Zi-Ang, Jiang Xue, Wu Dong-Rui. Unsupervised pool-based
active learning for linear regression. Acta Automatica Sinica,
2021, 47(12): 2771-2783

(FI7 &, 5, AR ETHREEELERINESY . B3
24, 2021, 47(12): 2771-2783)

Shekhar S, Ghavamzadeh M, Javidi T. Active learning for clas-
sification with abstention. IEEE Journal on Selected Areas in
Information Theory, 2021, 2(2): 705-719

Shan J, Zhang H, Liu W, Liu Q. Online active learning en-
semble framework for drifted data stream. IEEE Transactions
on Neural Networks and Learning Systems, 2018, 30(2): 486—498

Liu W, Zhang H, Ding Z, Liu Q, Zhu C. A comprehensive act-

ive learning method for multi-class imbalanced data stream with
concept drift. Knowledge-based Systems, 2021, 215: Article No.
106778

29  Gu X, Angelov P P. Multi-class fuzzily weighted adaptive boost-
ing-based self-organising fuzzy inference ensemble systems for
classification. IEEE Transactions on Fuzzy Systems, 2021, 30(9):
3722-3735

30 Bifet A, Holmes G, Kirkby R, Pfahringer B. MOA: Massive on-
line analysis. Journal of Machine Learning Research, 2010, 11:
1601-1604

T LR ENL S EEEOR
SRR . BT T A EE S
I, PLEs 22> ASClAERE

E-mail: liyh@sxu.edu.cn

(LI Yan-Hong Associate professor
at the School of Computer and In-
formation Technology, Shanxi Uni-
versity. Her research interest covers data mining and
machine learning. Corresponding author of this paper.)

£ F LA RIS E R R
AU AE . EEWF T R AL
WAZHE, HLERE ).

E-mail: renlinssdx@163.com

(REN Lin Master student at the
School of Computer and Informa-
tion Technology, Shanxi University.
His research interest covers data mining and machine
learning.)

EFZME TR ENSE R AR
PRI, EEBIT AN A RIES
AbER, WL

E-mail: wsg@sxu.edu.cn

(WANG Su-Ge

School of Computer and Informa-

Professor at the

i tion Technology, Shanxi University.
Her research interest covers natural language pro-
cessing and machine learning.)

FEEX  LTUREHENSEEEAR
IR, B TTT A ORI,
ATLZfE. E-mail: lidy@sxu.edu.cn
(LI De-Yu Professor at the School
of Computer and Information Tech-
nology, Shanxi University. His re-
search interest covers data mining
and artificial intelligence.)


https://doi.org/10.1016/j.neucom.2021.08.040
https://doi.org/10.1016/j.neunet.2016.04.008
https://doi.org/10.1007/s10462-019-09696-6
https://doi.org/10.1016/j.pdpdt.2020.101779
https://doi.org/10.1016/j.pdpdt.2020.101779
https://doi.org/10.1016/j.eswa.2020.113786
https://doi.org/10.1109/JSAIT.2021.3081433
https://doi.org/10.1109/JSAIT.2021.3081433
https://doi.org/10.1016/j.knosys.2021.106778
https://doi.org/10.21105/joss.01970

	1 相关工作
	1.1 非平衡数据流分类方法
	1.2 数据流主动学习方法

	2 问题的形式化定义
	3 本文方法
	3.1 训练样本的重要性度量
	3.2 自适应标签请求算法
	3.3 概念漂移检测机制
	3.4 算法框架
	3.5 算法伪代码
	3.6 算法复杂度分析

	4 实验结果与分析
	4.1 实验环境及数据
	4.2 OALM-IDS算法分类性能评价
	4.3 消融实验
	4.4 参数$ \theta $对OALM-IDS算法的影响

	5 结束语
	参考文献

