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Abstract

This paper proposes an online learning algorithm for the concept drift phenomenon of streaming
data. In order to improve the speed and accuracy of prediction, this paper proposes a multi-step
prediction regression ensemble model and describes in detail the sample resampling process com-
bined with the clustering algorithm to cope with the high-dimensional and large-scale problems of
streaming data. By introducing the resampled samples into an online adaptive framework based on
sliding windows and combining them with the multi-step prediction regression model to form the
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online learning algorithm of this paper, the algorithm can timely identify and handle the concept
drift phenomenon. In addition, the paper also proposes a statistical theoretical basis for concept
drift to ensure the accuracy of the algorithm. For the intersection traffic flow and website pageview
data, this paper proposes the type of concept drift and proposes a Boolean factor for sudden drift,
which effectively reduces the adverse effects of sudden drift. In the example evaluation, the method
in this paper performs well in both accuracy and stability.
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Figure 1. Sample resampling

1. BAEHE

N T B USRI AT AR, SR HER AL, [N e S, BTSN T SR e A
P S B IS o SRR AE O MRS T 46 (R I 18] e 21024 1 e 18020 2 18] P A i . el T iRl
BRI A A T A, AU L N AT E ISR, SR, Bol B B> H R ARRE, IR
A7 EON H AT BRI A B, DU N S I R B F I8 L Rp ke, T S R UL

N, BATRA T REA IR TE, WD L 3R S Solr s AR i 23, S B BRAT -
XA AL SRR R e 6 78 70 A b Bl 0 Scof (5 B, RN A 2athdb 7 i a4
AEAVRFIRE SRS R DL T

FEARE AR E B IEsh & D5 e, I T ahidk B A B AR A R A &
S, M S PR ARG REMEHMALE, B BIA IR I 1) 2 0 PR R AL 3 2R 1 5% F A i
R ZEKBAR, H LightGBM FM ] UL ALUE (LR PR, A AE FITRR A R A AR SRR, A5 ]
MRAHRGEN. B AR R SR AR, RIE5RER y HXABRKR 2-3
Mgk, SRRy RENS, ERERNES, JEEMTHARE, AREAREMPEHAES. R
BEATRRAEAL, > AR TR A — A UMAP BR4ERRSE], F45 3 n_components 241 B A%

DOI: 10.12677/aam.2025.142085 466 N H it e


https://doi.org/10.12677/aam.2025.142085

A TSR 4 N R RRAE 4R FE 1Y) 0.05 4%, A P shBca xod B e R EAT LA I 2 2 P LLIE % UMAP i
ITREYE, A RN TE a4 s 2 B) AR g AT SR i e AR ORSE nH B 448, U LR AEAE L% I vk, TR
T R TC R A o 1 FH UMAP [ 24 R A% 5 35 5 TH RN, /b v 4 500 A 33y K PR I TV A

{5 F MiniBatchKMeans % [J7 52 i 3547 58 28 73 #7971 B 5 24548 N XJ - MiniBatchKMeans [ 240 &

YT AEREAESE, B n_clusters ZEdE € A H T RBFHELE S, M, 0T B D EREEIE, #tiik
N B RIS R 0T b S R, SO S R IR A SR, DA B 47 & B
AN B R o Rl (0 B A28 P T Spe il B5a b A7 PR 4, K I R ) SR SRS B T T el i v

19 BB HE 1 FREHRZE M, AT BIEMR 2 Bt B Sl B A AN SR, Fom vk imy k, imy, - k imy s
o k; ORI B P IRARZE, m RoR BB R BRI AR, Hm > m, >-o>m s AJTEEL
PEREARZE N o, B R 3dE B2Khr 2 M, DL R 7 e R R AR SR, LR N
Ky iy Ky ing, e keing s 3ROR I S A AR S R AR . 0 T B B PR AR R R 2 R B,
T S L 5 A5 11 [F) SRR AR O N AR R, 2 n, ELBERONIAE 0 T AR R I R IARZE (K, K, )
FE R F AR 77 20 2 R K/

8 size(y)’

7 St rh AR ISR (K, -k ) BB IMEAR AR BRI 10 B R B, P ARYE ol Bt o
RIS EMHARS SRR LS, FENLIIDU 280 i AR R A, SEFEA Bl . i
XS SRERAIREA EAAE V5, BRATRENS AL F A 5 1) 7 52580 oA BE N2 e A S8l 1R 23 A, AT
TR A B e (AR R, R AR A o X R g S e S Bl e A ) BRI
SOt T A RCR, NG SR H G B R BOE 1 IR SR

2.3. E&BEN

Yang [9]F2H 7 Ak HE R IE B & 1 (OASW) J572%:, 1% & LightGBM 84 ] AFESRAT N N+ T
TR 00T X IR X B e AT Fp k2 ST AR & Y, BB R HERR PR AR . Ao — R SRR A
ENVAEL, OASW g 1IN 8] Fp A FRINAE 55, PRIL, ARSCHeH 13T OASW HI 8] 5 41 il & MAE
ZEIFF T B 2R
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Algorithm. Online adaptation (replacement)

Input:
D,, a, P :adatastream, the warning and drift thresholds,
win, , win, : size of sliding window and adaptive window,
@ : sampling function
WO
S<«0
For D, e Stream:
accl=R2(i—win, :i)
acc2 = R2(i —2win, :i —win,)
I1f S==0 && accl<a *acc2 :
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S«1
end if
If S==1:
ta=Size(W)
If accl< f=*acc2:
S«2
f«i
W W uDb,
Regressor « retrain regressor on W w6(D,,W)
else if accl> f+=acc2 | ta==win,:
S«0
W«
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Table 1. Hyperparameter settings
* 1 BESHRE

Fri4E fwidl win, win, a p
% T ZE 3 12 0 OASW 782 2360 0.978 0.941
% T 22 3 1 A Replacement 1300 3515 0.989 0.978
IR 3k ) W e OASW 640 3132 0.982 0.949
X 3t ) B A Replacement 658 3153 0.985 0.957
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Table 2. Simulation results

F 2. hE%SR
Model Replacement Offline OASW ARD
Rz 0.89 0.48 0.82 0.86
MAE 2.73 4.02 3.66 5.06
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Figure 3. Accuracy curve
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Figure 4. Box plot
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Table 3. Simulation results
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Model Replacement Offline OASW ARD
Rz 0.92 0.75 0.90 0.91
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Figure 5. Accuracy curve
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Figure 6. Box plot
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