38%: 45 o B F 2% 5 i B R Vol. 38 No. 5
2021 4E5 H MICROELECTRONICS &. COMPUTER May 2021

S| MG ARER IR, XITR T 2R ZE R, 5. THI ) AN P B50HE 43 285 1) 1= A B R A4 A SR A ik L. B 724 S5 18R, 2021, 38(5)
65-72. [LIN J H,LIU Z Y,LIJ L, et al. High-dimensional hypersphere oversampling method for imbalance classification[ J ].
Microelectronics & Computer,2021,38(5) :65-72. ]

H B A FEHES KNS EBIRE T RETE

MERL e L FFER R FER
BELRB R AT
(L £ ot 3 LA ) A M 35000352 JLREIBHL R AT A2 BE AL 100876
3 B 1 I e T R 5 ) A7 B 7] AL 100192
4 TR A A B T IR IE B A i 350007)

W OE ANEFILTFEL LT EHARY AT EOREEIBABABEZHFERAZR, FEL0LEFZHIA
H A F ARG B AL UL SMOTE A& — KA RB T R RN ERE AN M ARFR REF A EEENE
B AR D BEEFARER THUAES BAERLE D B ERREREZH P04 £ HE NG R UE B
— M TE AT, L S E AR RAE(HSSMOTE) ik, £ SRR E @G ML R EEE T4
R ARHE A A EIROR X — A AR I WK B B B AR D Bk A s ] A R B 2T AR L DA R &
FPEAROCERE S FIMERFBRE, EN RSB N AL EE BB ARENAERHTET N D S EH A E LT
AR E T A P e D B R AR R o0 £ A £ 15 41 KEEL £ R 54 & L4 & LA A RF)
AEBITRETKELE, 5 6 B A KM EAM, Frig 7 &£ Gmean AR Fl-score #8 47 £ ¥ A R 4F o £ 3.,
FHREILT 2 MR F RO kA .

KA. MNBF APk 1 KA AR K

hE 4 ES . TP391 XEkFRIRAG: A XEHS . 1000—7180(2021)05—0065—08

High-dimensional hypersphere oversampling method
for imbalance classification

LIN Jing-huai', LIU Zhi-yu®, LI Jun-liang® , GAO Xin*, LI Ze-ke',
TANG Zhi-jun', YU Si-hang’,XU Jian-hang®

(1 State Grid Fujian Electric Power Corporation, Fuzhou 350003, China; 2 School of Artificial Intelligence,
Beijing University of Posts and Telecommunications, Beijing 100876, China;
3 NARI Group (State Grid Electric Power Research Institute) Corporation, Beijing 100192, China;

4 State Grid Fujian Electric Power Corporation Electric Power Research Institute, Fuzhou 350007, China)

Abstract: In the research of imbalance classification methods of machine learning, the classifier is prone to the
problem of low judgment accuracydue to the large difference of the number between the majority class and the
minority class. A class of oversampling methods represented by SMOTE are effective to deal with this problem.
These types of methods randomly generate the minority new points in the selected line segment to rebalance the data
set, but there is the defect of ignoring the diversity of minority samples in the super-dimensional space. A high-
dimensional Hypersphere-SMOTE (HS-SMOTE) method isproposed for imbalanced data classification. On the

minority sample set, the number of samples that need to be balanced is obtained by random sampling, and based on
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this sampling, for each sample.,its corresponding nearest neighbor is selected in turn through the Euclidean distance

in the minority distribution space, and the midpoint of the two points is used for the center to construct a sampled

hypersphere in the super-dimensional space. In this area, randomly generate the required minority new points

through the dimensional space distance iteration, thus the spatial distribution diversity of the minority samples is

increased on the basis of rebalancing the category sample data. A large number of experiments have been carried out

on 15 sets of KEEL imbalanced data sets combining Random Forest (RF) classifiers. Compared with the 6 typical

oversampling methods, the method proposed in the article has good performance on G-meanandF1-score indicators,

and have passed the validity verification of two statistical hypothesis testing methods.
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haberman 3 275 2.82
vehicle 18 761 3.25
new-thyroid 5 193 5.22
ecoli 7 302 8. 44
vowel 13 780 9. 97

car 6 1555 24. 08
yeast-2vsd 8 1336 28. 04
winequality-red-4 1 1279 29. 45
poker-9vs7 10 195 31.5
abalone-21vs8 7 464 41.18
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2 ERFOEREMIHRER

Datasets fghi  RF  SMOTE Bg;jfﬁ‘;‘ ADASYN IS{;?;;;: SOMO AMSCO s&?n«:
Wisconsin G 0.97 0.97 0.97 0.97 0.97 0. 96 0.97 0.97
F 0.96 0.96 0.96 0.96 0.96 0.95 0.95 0.96
Glass G 0.82 0. 84 0.84 0.84 0. 84 0. 85 0. 85 0.87
0.77 0.78 0.78 0.77 0.79 0. 81 0.79 0.82
Haberman G 0. 50 0.57 0. 54 0. 56 0.52 0.47 0. 55 0.58
F 0.34 0.42 0.38 0.41 0.37 0.32 0. 40 0.42
Vehicle G 0. 95 0.97 0.96 0.96 0. 96 0. 96 0.96 0.97
0.93 0.94 0.93 0.93 0.93 0.93 0.93 0.93
New-thyroid G 0.97 0.95 0.95 0.94 0. 96 0.95 0.94 0.97
F 0.96 0.93 0.94 0.93 0.96 0.95 0.93 0.96
Ecoli G 0. 63 0.73 0.73 0.74 0.72 0. 67 0. 68 0.74
F 0.52 0.56 0.57 0.57 0.57 0.59 0.55 0.61
Vowel G 0. 95 0.97 0.96 0.97 0.97 0.95 0. 96 0.98
F 0.93 0.96 0.95 0.95 0. 95 0. 94 0. 95 0.96
Car G 0.81 0.88 0.87 0. 86 0.85 0.88 0.92 0.80
F 0. 74 0.78 0.76 0.76 0. 74 0.82 0.79 0.73
Yeast-2vsl G 0. 81 0.87 0.84 0. 86 0. 84 0. 80 0. 85 0.84
F 0. 74 0.75 0.70 0.74 0.76 0.72 0. 74 0.75
Winequality-red-4 G 0. 00 0.32 0.22 0.34 0.34 0. 00 0. 06 0.46
F 0. 00 0.16 0.10 0.17 0.17 0. 00 0.03 0.22
Poker-9vs7 G 0. 14 0. 34 0. 34 0. 34 0.27 0. 14 0.18 0.43
F 0.13 0.34 0.32 0.33 0.33 0.13 0.17 0.40
Abalone-21vs8 G 0.42 0.83 0. 63 0.82 0.78 0.41 0.45 0.88
F 0.33 0.58 0.51 0.56 0. 55 0. 36 0.37 0.65
Winequality-red-8_vs_6-7 G 0. 20 0.35 0.20 0.35 0.33 0. 00 0. 20 0.37
F 0.16 0.17 0.12 0.16 0.15 0. 00 0.15 0. 14
Poker-8-9vs6 G 0. 00 0.62 0.53 0. 64 0.56 0. 30 0. 61 0. 61
F 0. 00 0.55 0.50 0.58 0.50 0. 24 0.57 0.58
Page-blocks G 0.77 0.91 0.88 0. 89 0.87 0.76 0.92 1.00
0.71 0.78 0.77 0.75 0.75 0.71 0.78 0.83
FA(H G 0.59%0 0.7413 0.697 3 0.738 7 0.718 7 0. 606 7 0.673 3 0.764 7
F 05180 0.6440 0.613 6 0.638 0 0.632 0 0.564 7 0. 606 7 0.664 0
Friedman G 6. 24 2.80 474 3.70 4,61 6.78 1,89 2.24
BRI F 5.78 2.98 5.11 4.59 4,24 6.00 4.93 2.37
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Wilcoxon f 3 SL 5045 R UM% 3 F.

% 3 Wilcoxon IERIELER (p B

G—mean F1-score
Xt 7k
R+ R— pH a=0.05 R+ R p1H a=0.05
HS—SMOTE vs Jsthfi 73 254% 65 1 0. 004 reject 51 5 0.019 reject
HS-SMOTE vs SMOTE 51 16 0.119 not reject 36 9 0. 041 reject
HS-SMOTE vs Borderline-SMOTE 59 7 0. 021 reject 62 4 0.01 reject
HS-SMOTE vs ADASYN 54 13 0. 067 not reject 57 10 0. 036 reject
HS-SMOTE vs Kmeans-SMOTE 59 7 0.021 reject 48 8 0. 04 reject
HS-SMOTE vs SOMO 83 8 0. 009 reject 71 7 0.012 reject
HS-SMOTE vs AMSCO 69 10 0. 021 reject 67 11 0. 027 reject
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K LA K Friedman K30 x SCER A RIAT T 04T, SLER4,
W] HS-SMOTE J7 1% BERE A OS2 T4 A8

P DB BEA R RAIRCR O BRERE e 268 AN
XFERIBAT, AT T2 M5,

R4 BEEMBEZE(Specificity) 38hr LRSI R

Borderline- Kmeans- HS
Datasets RF SMOTE SMOTE ADASYN SMOTE SOMO AMSCO SMOTE
Wisconsin 0. 97 0. 96 0. 96 0. 97 0. 97 0. 97 0. 97 0. 97
Glass 0.92 0. 86 0. 80 0. 80 0. 85 0. 85 0. 82 0. 88
Haberman 0. 83 0.71 0. 74 0.71 0. 87 0. 85 0.73 0.79
Vehicle 0. 97 0. 96 0.97 0. 96 0. 96 0.97 0.97 0. 97
New-thyroid 1. 00 0.98 0.98 0.99 0. 99 0.99 0.99 0.98
Ecoli 0.98 0. 90 0. 89 0.92 0.92 0. 95 0. 94 0. 96
Vowel 0.99 0.99 0.99 0.99 0. 99 0.99 0.99 0. 99
Car 0.99 0. 94 0. 95 0. 95 0. 95 0. 95 0. 96 0.99
Yeast-2_vs_4 0.99 0. 95 0. 95 0. 95 0. 97 0. 97 0. 96 0.98
Winequality-red-4 0.99 0. 84 0.93 0. 84 0. 85 0. 95 0. 96 0. 97
Poker-9_vs_7 1. 00 0.99 0.99 0. 98 0. 99 0.99 0. 98 0. 99
Abalone-21vs8 0.99 0. 97 0.98 0. 96 0.97 0. 98 0.99 0. 99
Winequality-red-8 vs_6-7 1. 00 0. 94 0. 96 0. 94 0. 94 0. 94 0. 95 0. 96
Poker-8-9_vs_6 1. 00 0. 87 0. 90 0. 87 0. 87 0. 98 0. 89 0. 99
Page-blocks 0. 99 0.99 0. 99 0.99 0. 99 0.99 0.99 0. 99
S 0.991 3 0.940 0 0.955 0 0.941 3 0.947 5 0. 965 0 0. 966 3 0.978 8
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