MRS ISSN 1003-3254, CODEN CSAOBN E-mail: csa@iscas.ac.cn
Computer Systems & Applications,2024,33(10):245-254 [doi: 10.15888/j.cnki.csa.009607] http://www.c-s-a.org.cn
OFp ERFEBE AT BT TR . Tel: +86-10-62661041

ETHZIRBEEIFERRHLRFET A"
A5y %

(P RHR S B2 B, 1G22 710054)
WEEH: 2434, E-mail: 21201221055@stu.xust.edu.cn

B AT ECE S P AR AR B R, % G270 SR M RERUI, S BUDHEPE A A HER 702K, O T 2

1o 73 ML RE, B — ik S A0 P WA TR SRAN G pi i JEAL AR A AN T Bt A BV, %5 B e M SR R
A FEVEAR JER VRN D B PR AR & B 73 O 2 A5, SR AR 7 1 A 3 BE AR /N3 B SRR 72 TR &

R =5 8 A FH AR A (14 J53 38 i P2 A 25 R TR B R e 530 S A LA B f 8 e A RO B R 90 ], B SR RE AR A T 2
BRI fedm, 51 NT T PEAL 50 Bk M 75 A HE DL 5] 30 FRE AR DUOEVE ok SR SR S v 26 RROREAS (4 o .
55 5 M RAETT AN L, ASCERAE 8 AN A TFHn 4 BRI AR,

RHRIA): L RAE; R AT L YEHL A

Sl ZRL0ER, TR T I S A0 R U SR IS I o SR vk T L R S0 8 ,2024,33(10):245-254. http://www.c-s-a.org.cn/1003-3254/
9607.html

Oversampling Method Based on Shared Nearest Neighbors for Density Peak Clustering

LI Hong-Ling, WANG Biao
(College of Science, Xi’an University of Science and Technology, Xi’an 710054, China)

Abstract: In imbalanced datasets, the presence of noise and class overlapping often leads to poor performance of
traditional classifiers, resulting in minority class samples being difficult to classify accurately. To improve classification
performance, a method for handling imbalanced data based on shared nearest neighbor density peak clustering and
ensemble filtering mechanism is proposed. This method first uses the shared nearest neighbor density peak clustering
algorithm to adaptively divide the minority class samples into multiple clusters. Then, based on the density and size within
the clusters, oversampling weights are allocated to each cluster. During the synthesis within clusters, the local sparsity and
clustering coefficient of the samples are considered to select neighboring samples and determine the weight range of
linear interpolation, thus avoiding the generation of new samples in the majority class aggregation area. Finally, an
ensemble filtering mechanism is introduced to eliminate noise and hard-to-learn boundary samples to regulate the decision
boundary and improve the quality of generated samples. Compared with 5 oversampling methods, this algorithm performs
better overall on 8 public datasets.
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