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An Improved Extreme Learning Machine and

Its Application in Imbalanced Data

LI Han-man'*®, WANG Li-dan'**, DUAN Shu-kai'*”*

1. School of Electronic and Information Engineering , Southwest University , Chongqing 400715, China ;
2. National & Local Joint Engineering Laboratory of Intelligent Transmission and

Control Technology s Chongging 400715, China ;
3. Brain-Inspired Computing & Intelligent Control of Chongging Key Lab, Chongging 400715, China

Abstract: The extreme learning machine (ELLM) has been widely applied in classification and regression
learning due to its simple structure and fast learning capability. However, it might suffer from over-fitting
as the network needs to approximate all samples, and single ELLM is mediocre in imbalanced data classifica-
tion. To deal with these problems, a novel ensemble extreme learning machine based on stratified cross-
validation is proposed in this paper. Ensemble learning and stratified cross-validation are embedded into
the training phase: O ensemble learning greatly improves classification performance by combining several
basic networks; @ stratified cross-validation could learn samples’ distribution characteristics to the grea-
test extent. Experimental results of imbalanced data sets show that the proposed method is robust and
more efficient for imbalanced classification.

Key words: stratified cross-validation; ensemble learning; extreme learning machine (ELM) ; imbalanced

data classification
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