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Denoising and Adaptive Hybrid Sampling Based on Hierarchical Density Clustering

JIANG Xin-Ying, WANG Shu-Fan, YAN Tao
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Abstract: As imbalanced data are exposed to problems such as intra-class imbalance, noise, and small coverage of
generated samples, an adaptive denoising hybrid sampling algorithm based on hierarchical density clustering
(ADHSBHD) is proposed. Firstly, the clustering algorithm HDBSCAN is introduced to perform clustering on minority
classes and majority classes separately; the intersection of global and local outliers is regarded as the noise set, and the
original data set is processed after noise samples are eliminated. Secondly, according to the average distance between
clusters of samples in minority classes, the adaptive sampling method with broader ¢overage is used to synthesize new
samples. Finally, some points that contribute little to the classific"a,tion of majority classes are deleted to balance the
dataset. The ADHSBHD algorithm is evaluated on six real data sets, and the results can prove its effectiveness.
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K5 AEBEBEASZFRFREI N AUC HREX

##E4% ADHSBHD SMOTE ADASYN R-SMOTE SVMSOMTE

Ionosphere 0.980 0.977 0.969 0.795 0.977
Glass 0.863 0.846 0.793 0.853 0.839
Abalone 0.684 0.691 0.671 0.549 0.686
Haberman 0.735 0.644 0.697 0.929 0.770
Vehicle 0.973 0.964 0.963 0.834 0.965
Ecoli 0.990 0.935 0.928 0.952 0.956
Yeast 0.894 0.797 0.782 0.629 0.862
avg 0.874 0.836 0.829 0.791 0.865

5 45

ARHEH TR TR R FER BN L B &N IRE
KFEH L (ADHSBHD), LAJZ VK% 5 RN B, 5 e
BIANF AR FEA A (8] 5347, 4 T 351F ADHSBHD
HIA R S e e 1, Bz 57k SVM 7 Ras 4 At —
&, I 5 4 MeRRE SR HEAT SRIG R b, S AR R,
PR A A 1 55 e 2 WAL 4 R 102 AL B, -
value. G-mean. AUC X 3 NMFAF8FR1E _Eid K4
B LEERTIR A, TR R T R E
FE, J5 AT LA 70 HoAth 1) SR B R B 5 & Bk K
s PERE.

SE 30k
1 Bhattacharya S, Rajan V, Shrivastava H. ICU mortality
prediction: A classification algorithm for imbalanced
datasets. Proceedings of the 31st AAAI Conference on
Artificial Intelligence. San Francisco: AAAIL, 2017.
1288-1294.
2 ARE, SR, IR, 55, —FP T Boosting [¥1£E B

ARFEAERLEHER TR R. RAG LRERSSEE,

2016, 36(1): 189-199. [doi: 10.12011/1000-6788(2016)01-01
89-11] gt
3 R, TKANTT, TRAIE. APl B 4y 280 L 4k THEL

.

210 #AfHARH % Software TechniquesAlgorithm

B2, 2018, 45(6A): 22-27, 57.
4 Yen SJ, Lee YS. Cluster-based under-sampling approaches
for imbalanced data distributions. Expert Systems with
Applications, 2009, 36(3): 5718-5727. [doi: 10.1016/j.eswa.
2008.06.108]
Barua S, Islam MM, Yao X, et al. MWMOTE-majority

weighted minority oversampling technique for imbalanced

W

data set learning. IEEE Transactions on Knowledge and Data

Engineering,2014,26(2): 405-425.[doi: 10.1109/TKDE.2012.

232] ¢\

6 Nekooeimehr I, Lai-Yuen SK. Ada;)“’tivel semi-unsupervised
weighted oversa,.mplingm(A-SUWf)) for imbalanced datasets.
Expert Systems with Applications, 2016, 46: 405-416. [doi:
10;£1016/j.eswa.2015.10.031]

7 A ki, BRI SC, MRaE. SMOTE i SR AF o 3 sSudt 5t 7

LR, B BE RGER, 2019, 14(6): 1073-1083.

Gazzah S, Hechkel A, Amara NEB. A hybrid sampling

method for imbalanced data. Proceedings of the IEEE 12th

oo

International Multi-conference on Systems, Signals &
Devices (SSD15). Mahdia: IEEE, 2015. 1-6.

9 B, BFG. F TR R A SRAE I B A SR b TR . o
HYL TR SBIE, 2015, 37(5): 930-936. [doi: 10.3969/j.issn.
1007-130X.2015.05.012]

10 SEHTAE. A1 73 S ] o ) 25 MR & SRR SVE T 7T [ A
LIRS ] TN A LKA, 2020.

11 MclInnes L, Healy J. Accelerated hi%rarqhical density based
clustering. 2017 IEEE International® Conference on Data
Mining Workshops (ICDMW). New Orleans: IEEE Press,
2017.33:42.)

12 B, XA R, £, 35T HDBACAN R2EK) B iE M
FERREH AR, T HHL TS Bt 2020, 41(5): 1295-1300.

13 A, AP 4 4 73 25 ) Random-SMOTE J7 & HF 5t
[ A2 ). KiE: RIEHL T K%, 2009.

(KX 53 4: FhEHE)

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://dx.doi.org/10.12011/1000-6788(2016)01-0189-11
http://dx.doi.org/10.12011/1000-6788(2016)01-0189-11
http://dx.doi.org/10.1016/j.eswa.2008.06.108
http://dx.doi.org/10.1016/j.eswa.2008.06.108
http://dx.doi.org/10.1109/TKDE.2012.232
http://dx.doi.org/10.1109/TKDE.2012.232
http://dx.doi.org/10.1016/j.eswa.2015.10.031
http://dx.doi.org/10.3969/j.issn.1007-130X.2015.05.012
http://dx.doi.org/10.3969/j.issn.1007-130X.2015.05.012
http://dx.doi.org/10.12011/1000-6788(2016)01-0189-11
http://dx.doi.org/10.12011/1000-6788(2016)01-0189-11
http://dx.doi.org/10.1016/j.eswa.2008.06.108
http://dx.doi.org/10.1016/j.eswa.2008.06.108
http://dx.doi.org/10.1109/TKDE.2012.232
http://dx.doi.org/10.1109/TKDE.2012.232
http://dx.doi.org/10.1016/j.eswa.2015.10.031
http://dx.doi.org/10.3969/j.issn.1007-130X.2015.05.012
http://dx.doi.org/10.3969/j.issn.1007-130X.2015.05.012
http://dx.doi.org/10.12011/1000-6788(2016)01-0189-11
http://dx.doi.org/10.12011/1000-6788(2016)01-0189-11
http://dx.doi.org/10.12011/1000-6788(2016)01-0189-11
http://dx.doi.org/10.12011/1000-6788(2016)01-0189-11
http://dx.doi.org/10.1016/j.eswa.2008.06.108
http://dx.doi.org/10.1016/j.eswa.2008.06.108
http://dx.doi.org/10.1109/TKDE.2012.232
http://dx.doi.org/10.1109/TKDE.2012.232
http://dx.doi.org/10.1016/j.eswa.2015.10.031
http://dx.doi.org/10.3969/j.issn.1007-130X.2015.05.012
http://dx.doi.org/10.3969/j.issn.1007-130X.2015.05.012
http://dx.doi.org/10.1016/j.eswa.2008.06.108
http://dx.doi.org/10.1016/j.eswa.2008.06.108
http://dx.doi.org/10.1109/TKDE.2012.232
http://dx.doi.org/10.1109/TKDE.2012.232
http://dx.doi.org/10.1016/j.eswa.2015.10.031
http://dx.doi.org/10.3969/j.issn.1007-130X.2015.05.012
http://dx.doi.org/10.3969/j.issn.1007-130X.2015.05.012
http://www.c-s-a.org.cn

	1 引言
	2 相关理论
	2.1 HDBSCAN聚类
	2.2 Random-SMOTE算法

	3 ADHSBHD算法
	3.1 基于HDBSCAN的去噪方法
	3.2 对少数类样本的处理
	3.3 对多数类样本的处理
	3.4 ADHSBHD算法流程

	4 实验结果与分析
	4.1 评价指标
	4.2 数据集描述
	4.3 实验分析

	5 结论

