$434% H3H L Vol. 43 No. 3
2016 £ 3 A Computer Science Mar 2016

ETEHENARNEELRAFBRRFEINHASR

IS BXHF' EHRT T OB
(MEHEAFTENERFETR¥R # % 453007)!
(MEABR TR EBEBR" TREIARFRF S H £ 453007)

i E HAAAANBSEIREAEARKRB R HEEAT AR TV EHA>LHEG P RET -FHEAFL
WEGRAHELTARBFIN, EFEHHCERRRBELEZRFRENSHHE, HHEEENER, ARS S
ERAGRLETHTAR, TLOHBEEPALRANR., BEANBERAALHESHNEIE LRG> Y,
AAYEHELSREREE RN RBERL KM, ARBEEHA LB 2B EGRYESE A AL RTHE XD
HEEE RERBERAERANKE XAV LXEMBER SR EIWEHE, EERBRARAFHEY S EHAER
HOARBEEERGHHERFHEA ERHESEHMNERE, ALRBRHSITEATHREFXLAER LALRAEL L
Fo RAUCI AR BERARFRNAFMERTH AL, ERRA, SAFRB LMk Akt S EHAY
A&, BAEAR M RIF,

XRA EATAHANBRFIN, RHFHKE, THE, VEFRKSRLERHS

hEZES#EE TPI8I MZRIRIZAE A DOI 10. 11896/]. issn. 1002-137X, 20186, 3, 012

Imbalanced Online Sequential Extreme Learning Machine Based on Principal Curve
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Abstract Many traditional machine learning methods tend to get biased classifier which leads to lower classification
precision for minor class in sequential imbalanced data, To improve the classification accuracy of minor class,a new im-
balanced online sequential extreme learning machine based on principal curve was proposed. The core idea of the method
is to get balanced samples based on the distribution features of online sequential data, reducing the blindness in the
process of synthetic minority, which contains two stages. In offline stage, the principal curve is introduced to establish
the distribution model of two kinds of samples. Over-sampling is done by using SMOTE for minor class. Then the mem-
bership degree of each sample is set according to the projection distance respectively,and the majority and virtual minor
samples are deleted according to the under interval. Then the initial model is established. In online stage,over-sampling
is done by using SMOTE for online sequential minor samples, getting the balanced samples according to the under inter-
val. Then network weight is updated dynamically. The proposed algorithm has upper bound of the loss of information
through the theoretical proof. The experiment was taken on three UCI datasets and the real-world air pollutant forecas-
ting dataset, which shows that the proposed method outperforms the traditional methods in terms of prediction accuracy
and numerical stability.
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