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Abstract

Data stream classification is a crucial research area within data stream mining, with the core task of swiftly capturing
concept drifts from real-time incoming data stream and promptly adjusting classification models. Extreme learning
machine possesses advantages such as fast training speeds and excellent generalization performance. However, existing
data stream classification methods based on extreme learning machine often struggle to simultaneously address
common challenges in data stream, such as multi-class imbalance, concept drift, and the expensive labeling cost. For this
reason, an imbalanced data stream classification with limited labels was proposed. We defined a sample prediction
certainty measure that combined the difference in predicted probabilities and information entropy. An uncertainty label
request strategy was introduced. Furthermore, we defined a sample importance measure based on class imbalance ratios

and sample prediction errors. We also proposed an update and reconstruction mechanism for the classifier based on the
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concept drift index. Comparative experiments on six synthetic data streams and three real data streams demonstrate

that the proposed method outperforms six existing data stream classification methods in terms of classification

performance.
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7. A EEAE RS, Ce [01];

8 if({<#n)then
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B (AOSELM"I,  FROSELM"™
WOSELM"  AI-WSELM®! CALMID™
SERGAEHT 6 N AN LELHE AN 34 E L FOALM-IDS™) fE 6 4~ N L& a3 A 3
PE, BRI A REAE LR 1, HH DS, | AN ELH ARG Bk TR e, A
DS,. DS, DS, 2y LA b 3 [ & 1 A= (P) . HEFE (R). F11{H .
SEAFHARR, DS DS, Ay [e 2 AR Kappa REH ROC HZAE AN FEIR. 18
R HIBROVSE
Homin FEAKL  RRIERL 2N e e 2SIt FEH R

DS, 100 000 50 5 (0.4; 0.2; 0.2; 0.16; 0.04) RSN 0.5%

DS, 100 000 50 5 (0.4; 0.2 0.2; 0.16; 0.04) EH B 0.5%

DS, 100 000 50 5 (0.6: 0.1; 0.1; 0.15; 0.05) SeAF Ko 0.5%

DS, 100 000 50 5 (0.6, 0.1: 0.1; 0.15; 0.05) B B 0.5%

DS; 100 000 50 5 (0.4;0.2; 0.2; 0.16; 0.04) (0.6; 0.1; 0.1; 0.15; 0.05) AR o 0.5%

DS; 100 000 50 5 (0.4; 0.2; 0.2; 0.16; 0.04) (0.6; 0.1; 0.1; 0.15; 0.05) HE R 0.5%
HAR 10 299 561 6 — — —
Letter 20 000 16 26 — — —

Avila 20 867 10 12 — — —

2025018-10
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6 Ff X b4 28 A W, AOSELM,
FROSELM 1 WOSELM J ¥ B 22 5] 1,
AI-WSELM. CALMID f1 OALM-IDS ¥
FEFESH

IDS-ELM. AOSELM. FROSELM,
WOSELM Fll AI-WSELM ¥ )y % T8 [R 2%
SIMLRY4r B, CALMID f1 OALM-IDS
NI RENE, FEar 2688 Hoeffding B
BT A B 25 5] B 0 hR A TS BN
20%, AOSELM., FROSELM, WOSELM,
CALMID 1 OALM-IDS [ %] i& 44 Se 451 %534
4500, CALMID Al OALM-IDS {3 3h
1K /NJ9 500, IDS-ELM. FROSELM,
WOSELM Fil AI-WSELM ) Kt 25 s 5%

BN 500, AT RSN AL
5 I BTG BRI R A Sigmod . R IDS—
ELM AR 25 %7 1 LW A 25 2R %6 1 PW
f RN SIEE N 500, WS E ol EHN
0.8, BEHAEMEFICEMWIAIE G, B E RN
0.2, e®E N3, FrALEEHEA 10 KL
945 R HA(E

MR 2~F 5 WA, ARICHEH K IDS-
ELM BL¥E 76 fr A 2l i - 9 PAE A1 Kappa
REOP T HAh 6 Fiox by 2R, HAE
6 ™~ A & A 2 A B E i (HAR
flLetter) L@ REMFLE_LWIETH
fth 6 Flxt HeF 3, (HIDS-ELM BBk fEE L
4w Avila B R{E R F1{H 2 8K T

R2 TMEENPE

Bl AOSELM FROSELM WOSELM AI-WSELM CALMID OALM-IDS  IDS-ELM
DS, 0.7294 0.9105 0.8581 0.8839 0.8940 0.9314 0.9453
DS, 0.7137 0.9042 0.8362 0.8646 0.8750 0.9248 0.9393
DS, 0.7262 0.9031 0.8431 0.8704 0.8926 0.9224 0.9390
DS, 0.6936 0.8823 0.8196 0.8599 0.8688 0.9162 0.9281
DS; 0.7045 0.8918 0.8280 0.8593 0.8847 0.9172 0.9301
DS, 0.6806 0.8682 0.8087 0.8422 0.8619 0.8920 0.9125

HAR 0.8106 0.8705 0.8461 0.8674 0.6946 0.7098 0.8867

Letter 0.6102 0.6957 0.7941 0.7768 0.6347 0.6547 0.7989

Avila 0.5471 0.5814 0.6373 0.5737 0.5306 0.5619 0.6401
R THEENRE

Hllm AOSELM FROSELM WOSELM AI-WSELM CALMID OALM-IDS  IDS-ELM
DS, 0.7062 0.8896 0.8740 0.8866 0.8541 0.9005 0.9429
DS, 0.6952 0.8816 0.8557 0.8207 0.8278 0.8891 0.9322
DS, 0.7023 0.8870 0.8719 0.8844 0.8420 0.8982 0.9373
DS, 0.6767 0.8762 0.8496 0.8203 0.8072 0.8813 0.9262
DS; 0.6975 0.8814 0.8671 0.8741 0.8248 0.8832 0.9228
DS, 0.6674 0.8634 0.8319 0.8154 0.7953 0.8649 0.9168

HAR 0.7967 0.8638 0.8435 0.8506 0.6735 0.6635 0.8769

Letter 0.5947 0.6888 0.7871 0.7878 0.6448 0.6264 0.7884

Avila 0.4609 0.5758 0.5963 0.5361 0.4807 0.5144 0.5870

2025018-11
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x4 TRHERNAE

KR AOSELM FROSELM WOSELM AI-WSELM CALMID OALM-IDS  IDS-ELM
DS, 0.7176 0.8999 0.8660 0.8852 0.8736 0.9157 0.9441
DS, 0.7043 0.8928 0.8458 0.8421 0.8507 0.9066 0.9357
DS, 0.7141 0.8950 0.8573 0.8773 0.8666 0.9101 0.9381
DS, 0.6850 0.8792 0.8343 0.8396 0.8369 0.8984 0.9271
DS, 0.7010 0.8866 0.8471 0.8666 0.8537 0.8999 0.9264
DS, 0.6739 0.8665 0.8201 0.8286 0.8273 0.8775 0.9146
HAR 0.8036 0.8672 0.8448 0.8589 0.6839 0.6859 0.8817
Letter 0.6024 0.6922 0.7906 0.8077 0.6497 0.6305 0.7931
Avila 0.4829 0.5785 0.6161 0.5543 0.4904 0.5371 0.6124
R5 7HEENKappalE
e AOSELM FROSELM WOSELM AI-WSELM CALMID OALM-IDS  IDS-ELM
DS, 0.7030 0.9124 0.8692 0.8884 0.8697 0.9093 0.9495
DS, 0.6973 0.9080 0.8380 0.7629 0.8389 0.8982 0.9359
DS, 0.6956 0.9042 0.8683 0.8415 0.8628 0.8902 0.9418
DS, 0.6823 0.8941 0.7913 0.7412 0.8165 0.8901 0.9333
DS, 0.6826 0.8882 0.8021 0.8382 0.8335 0.8854 0.9314
DS; 0.6711 0.8733 0.7701 0.7225 0.8061 0.8762 0.9273
HAR 0.7781 0.8357 0.8309 0.8262 0.6946 0.7041 0.8591
Letter 0.5823 0.6821 0.7796 0.7716 0.6320 0.6133 0.7815
Avila 0.4313 0.5434 0.5352 0.4761 0.4459 0.4687 0.5455

2025018-12
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P2 1 IDS-ELM S 3 76 fir A #0808 i B i

IrRUERERO0 T HoAh 3 M LB 22 3 ks
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T
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(n|

/N

b (DS, f1DSy) 3% L1y

TUME &R U I B 00 SR RE AR A
A S R W B A A U iR b
PERE, X2 T &G HE TR
ER R RAM S T 3 IKER
SR SEEHS T
%), FHBH RS TR H A

T

FEHEERNEN

RE % UL Skt 73
RYEREMITIR, IrE KA %A AL
Bl AN 3 4> H AR IR 1 ROC i 264
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B2 fr~. HE2A A, B AOSELM Hik
PAAL, B BT AR BR 2 S B vk (IDS-
ELM. FROSELM #1 AI-WSELM) %E fit
A SR B A9 ROC 2 R i AR T
PR S T o SRR Y BB ¥ (CALMID A
OALM-IDS), IDS-ELM [T £ Letter %(
P B 5 WOSELM H ik ROC Hh 26 T T

- 1.0, — 1.0 >
0.8
: 5-0.6 0.
£ 3H #
= AOSELM =0.73 = AOSELM =0.71 = AOSELM =0.72
FROSELM= 0.91 0.4 FROSELM= 0.90 1} 0.4 FROSELM= 0.90
’ —— WOSELM = 0.86 E - WOSELM =0.83 [i —— WOSELM = 0.84
/ ] s AI-WSELM=0.89 i ] AI-WSELM=0.86 | s AI-WSELM=0.87
02 f | o CALMID=0.89 L i B CALMID=0.88 e CALMID=0.89
---- OAL M-IDS= 0.93 ---- OAL M-IDS=0.92 ---- OAL M-IDS= 0.92
|~ IDS-ELM=0.95 " |— IDS-ELM=094 " |~ IDS-ELM=0.93
0 02 04 06 08 10 0 02 04 06 08 10 0 02 04 06 08 1.0
A RH 2 ELETEES BLRH R
(a) DS, (b) DS, (¢) DS,
1. - 1.0 - 1.0 ~
0.8 08
2.0.6 0.6
£ - ;
= AOSELM =0.69 = AOSELM =0.70 AOSELM =0.68
0. FROSELM= 0.88 0.4 FROSELM= 0.89 o FROSELM= 0.87
: | == WOSELM = 0.81 i —— WOSELM = 0.82 / —— WOSELM = 0.81
| e AI-WSELM=0.86 | e AI-WSELM=0.86 g | = AI-WSELM=0.84
0.4 ] s CALMID=0.87 0.2 A CALMID= 0.88 028 /% 0] CALMID-= 0.86
---- OAL M-IDS= 0.92 ---- OAL M-IDS=0.92 ---- OAL M-IDS= 0.89
# |~ IDS-ELM=0.93 |~ IDS-ELM=0.93 ~ . |~ IDS-ELM=091
0 02 04 06 08 10 0 02 04 06 08 10 0 02 04 06 08 10
TR TR PR B FR 2R
(d) DS, (e) DS, () DS,
1.0 - 1.0 1.0
0.8 0.8} 0.8}
2.0.6 506} x-0.61
£ - 3 ksl
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FROSELM= 0.87 1 0.4 FROSELM= 0.70 0.4 4 FROSELM= 0.58
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£ | —— IDS-ELM=0.89 " |~ IDS-ELM=0.79 " |~ IDS-ELM=0.64
0 02 04 06 08 10 02 04 06 08 1.0 02 04 06 08 1.0
TR TR PR B FR 2R
(g) HAR (h) Letter (j) Avila
2 7HESEAVYROCHAZ

PURFESN, fEHABAER LA ROC #IZT

T AR T Hofth oy 2k

R

DS, 1 DSl Letter =43 255 1 =
LA 3~ 5 BRI HRE AR R M A

T KA RIEE

ME3~E 504, IDS-ELM Z¥EA4EIX
3B R L A SRS B SR G T LA 6 A
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Ak, A3, B4TH, fERAERER,
HEM | WEAZR S ERN, R
AEMVLEIFE S (IDS-ELM, CALMID
1 OALM-IDS) 1 43 28 K5 1 28 ] P i 42

Th, X T o RGE LA SES 25
FRTIZR, W DA P AR, i

F WOSELM Fl AI-WSELM 3% A 7 X 4 &
ERMPLE, EREMSERZE, 5%
iR W] . T~ % . FROSELM fil AOSELM
SR T B SHLE, el B R I REAR 43 T
Bom MAEIFH T R4, BER
AR BIME RGBT RS R A
BB Re i 2 s TR WA AR ],
FROSELM #1 AOSELM ({134 45 2 ks g 2
G2 1h 76.82% F1 52.62% ; 1E 15 & RUME A&
R A, FROSELM A1 AOSELM [J-F-1
Oy SAG R 4> BN 81.92% 1 54.01%.,
PG EARIRR B AR, KA
MESRMREBR, A RENS I8
Wi TP, IDS-ELM S E7EX 34
i B4 A] DU e M BR 45 il AR 3R 15 i
RS R

BT BRI SR AT A, AR SCRT AR
IDS-ELM Bk E A W fe bR FAER LT
HART s K5

4.3 HRILI

R T RAE IDS-ELM H 5[ A FAEA T
T PR B | RE AN B T R RN AR PR A S
USR5 A MLE A 2, 72 A L&
Wit DSg L HEIT T 4 Fhys mhsLEs

(1) ¥ IDS-ELM Ay A A 15 0 A 5 1
JEE R e g LU R A e R T A R (E 1Y
Z(H, 195 IDS-ELM-rfs ¥,

(2) ¥ IDS-ELM FiR & b5 & 35 K 5%
I B R FEAILAR 2515 Sk SR W, £33 IDS-
ELM-r 8¥:,
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(3) ¥4 IDS-ELM-r [ FF A ) 28 Btk
FE R O K REORP A HE, 15F)
IDS-ELM-ri 8%,

(4) ¥ IDS-ELM-ri /3R EHE
AL B e Ry BN 4 e 2R AT IR I R
FH, 35 IDS-ELM-riu ¥,

THRESCEG S RN 6 i, 6T
A, S R e KR AE 22 (E 1Y IDS—
ELM-rfs 83 H IDS-ELM 5 3= il 8 i %
ik H 2% B FE ML AR 2505 5K 0K B 19 IDS-
ELM-r 892 b IDS—-ELM 5 5 () 55 1 58 55
s 3 BRSNS i 3 R AR B S
H 1 IDS-ELM-ri 8 ¥ b IDS-ELM-r 5
BRI R — P TR 52888 R
(9 IDS—-ELM—-riu 8 R i R AL Fe 2
J& A5 B IDS-ELM-ri B ¥& RS A R 01 .
W o BRI, AR SCHERRAS TN A o A
FEAEE B B N 4 2 8 U B T 5 E A AL
11l 77 T () 0T RE A A AR T AL R I 4 2R
PERE

4.4 SHBRMES T

FEA TR P AT 28 a,
R TR AR A I B — KRR 85 R T I ARE
FEESFARTIMMRGERRBNIER, 25
0, ] B {E LB R WM . B TR 2
o F1 0, % IDS-ELM 534> 2 M G 19 5%
Wi o SCHGfH A S SRR RS 11 34
B RN 34 AR, A5 AE T
&8 fiT s o

B 7 RN a i IDS-ELM 5% 43 28
REfISEI, MR TAM, Ha N 0.8, £
6 NE W LM P, R{E. FLIA .
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0.8, FkMIMERETIE, AT 2K48 T
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