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Abstract: In order to pay more attention to learning for probability density distribution of original
samples in imbalanced data classification problem, an oversampling algorithm based on the gradient
penalty generation adversarial network (OGPG) was proposed. Firstly, generation adversarial network
(GAN) was adopted to effectively learn the probability density distribution of original data. Secondly,
the gradient penalty was used to constrain the gradient two-norm of the input term of discriminator,
which reduced the overfitting and gradient disappearance that appeared easily in GAN, so that the
new samples were reasonably generated. In the experiment, the k-nearest neighbor and decision tree
classifiers were adopted to compare the other oversampling algorithms, the evaluation indicators
were significantly improved. The Wilcoxon signed-rank test was used to verify the statistical difference
between this algorithm and the comparison algorithm. The results show that this algorithm has good
effectiveness and generality.
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Fig.1 Graph of GAN
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Fig.2 Experimental results of MNIST dataset
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Fig.3 Schematic diagram of synthetic sample
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Tab.1 Details of datasets

FAETES HAR  FREr  ZHek Hek IR
wisconsin 683 9 444 239 1.8577
yeastl 1484 10 1055 429 2.459 2
pageblocks0 5472 10 4913 559 8.788 9
abalone9 18 731 8 689 42 16.404 0
cargood 1728 6 1659 69 24.043
winequality_red4 1599 11 1 546 53 29.169
abalone3vs11 502 8 487 15 32.466
ecoli0137vs26 281 7 274 7 39.143
phoneme 5404 5 3818 1586 241
satimage 4435 36 3956 479 8.26
pen 10992 16 9937 1055 9.42
wine 6497 11 5617 880 6.38
letter 20 000 16 18 445 1555 11.86
avila 10 430 10 9335 1095 8.53
Gm= VRS (22)

K. TP RN IEGIREA T A EF]; FPFRR¥
TEGIREAS TR S}y F2 A5 5 FN 7% 45 S A0 REAS T
EB; TN Fem¥g AIREA T N K5 P ok
iy RANAFR; S AR

3.3 S

T B UE OGPG ik Wy btk , 8 Scl i iy
8 KR4 It T SMOTE, ADASYN, B-SMOTE,
CBSO™ (4t i AL M . FUCH TG 4 41 48
XFEC T R GAN () LGOS B3, A, 7EX AL
SR, RA kT AR A 2 AR PSR B oy S AR B
BLEEH 70% (8RR MR A, R4 30% M
YERAER , RSB AR I 5 Wk SE 30 25 SR 1 F- 1
EAE R A 25 0 . AEXT b LGOS B8k v R F e ok
B o AR B 80% FO LA A R 4L, Tl A% 20%
B AR IR A, RSB AR B 10 R SE 36 25
(RS- Y (EAE R i 25 4 5 o MR R 1 2 S 56 1 i
PEAE o b 56 06 UE AR Bk A A R Az Ak
e, A SLERARJE7E 2.80 GHz CPU. 16.0 GB N
AR _LIs 1Ty, 3SR 2 Python3.7,

M 2 MK 3 IS RAT IE 1, TCIRHE k4l
SRR RIR W AR, OGPG B LT F,
G DYIRG T BT 76 F 1805 T, 8 M8
R, £ G, 150 T, 8 SR 4E
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AT, UL IEIRAE Gy, 645 T abalone3vs11 %X
Ptk ERIAR AP ZE R4 7E CBSO &
T LRI, Z BT UL Z %, &
Bt A h AR AR i O 2] AR A, OGPG Bk
BOfE2: A BIZHEA A RFE L, SBOFM 84
XA . (HIE NG R LB R AR W H2 ik e L 3

bR, FE5 T OGPG Bk A %tk . Mt Lid
X2 M 3SR, Bk T OGPG B 1)
AR

H T BE OGPG Bk mta e vk, SLmasdl 1
BHRETE F, F805F1 G, $845 N RIFRLIE, 40l WL 4
K5, FaL R —MHEIBR AR LT ALk,

F2 EF KIESMARMDRKIEN F, B8

Tab.2 F,, based on k-nearest neighbor and decision tree classification

FYEE S iesing SMOTE ADASYN B-SMOTE CBSO OGPG
K4 0.993 8 0.996 9 0.993 7 0.996 5 0.997 2
At ) 0.998 9 0.997 5 0.998 4 0.998 2 0.997 5
' KIEAT 0.988 7 0.994 2 0.988 5 0.988 5 0.994 2
ccoli0l37vs26 P 0.988 8 0.988 3 0.988 5 0.994 2 0.998 8
KIE4H 0.989 1 0.974 2 0.9872 0.988 5 0.995 3
AR YRR 0.963 2 0.962 9 0.978 2 0.973 7 0.978 1

KIE4R 0.939 5 0.939 3 0.948 3 0.961 6 1

abalone3vstl ) 0.9252 0.949 9 0.946 4 0.9732 1
KIEAT 0.9873 0.983 3 0.988 7 0.9819 0.987 3
SR PR 0.986 2 0.986 4 0.987 9 0.985 8 0.988 8
_ _ KIE4H 0.989 6 0.988 1 0.976 6 0.986 9 0.9915
LIS R YRR 0.984 8 0.974 8 0.9827 0.975 6 0.986 4
KIE4R 0.895 1 0.892 1 0.902 5 0.8859 0.902 7
S ) 09133 0.917 1 0.892 6 0.903 8 0.9221
o IR 0.960 2 0.963 5 0.952 4 0.956 5 0.973 1
wisconsin YRR 0.948 8 0.9519 0.9325 0.960 4 0.976 4

®3 BT KIEMMRER LR G, 547
Tab.3 G, based on k-nearest neighbor and decision tree classification

Hudide es SMOTE ADASYN B-SMOTE CBSO OGPG
east] KIE4R 0.993 6 0.986 7 0.993 6 0.992 1 0.996 8
) 0.993 6 0.996 7 0.993 6 0.996 8 0.997 5
' KAT4B 0.986 9 0.993 6 0.987 8 0.987 2 0.993 7
cooli037vs26 YRR 0.986 9 0.993 7 0.987 8 0.987 2 0.998 7
K4 0.986 2 0.987 9 0.983 2 0.987 2 0.993 4
RO S 0.986 5 0.990 4 0.983 2 0.9872 0.977 1
ST 0.9355 0.924 7 0.943 8 0.962 3 0.949 9
abalonedvsil ) 0.9352 0.926 8 0.943 8 0.973 7 0.954 7
KiE4R 0.987 4 0.983 3 0.988 9 0.981 6 0.987 1
S YRR 0.986 3 0.986 5 0.988 1 0.985 5 0.989 4
' ' K4 0.988 9 0.987 7 0.978 1 0.987 2 0.9913
RIS S 0.978 6 0.973 1 0.983 8 0.9757 0.986 1
ST 0.878 7 0.878 1 0.890 8 0.870 6 0.897 7
O ) 0.915 8 0.9192 0.895 8 0.904 9 0.924 9
_ _ KAT4B 0.9579 0.962 2 0.956 8 0.954 4 0.974 5
wisconsin ) 0.946 9 0.9529 0.937 1 0.9592 0.9775
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N T HAE OGPG FEfE G2 LR R AA
FME, ASCRH Wilcoxon -5 Bk A 30 54 PFAl fir
SRR HABRS Ak Z AR M 2E . R 4~3K7
J& Wilcoxon £ S Bk S AU 452K, Horp R+ T2
BEERAL, R-FRR XS WAL R BR A, B A
95%, p N 0.05. 7E kLB RAT, WTLAHER,
IR IR s TR AR, FEXT LA
5 ADASYN. CBSO 1t G, f8#5 N2 2 Ji ik,
FARHAR AR IS, W] OGPG Bk A T

F 4 ETF F, & kiEeE45> 2221 Wilcoxon #838F

Tab.4 Wilcoxon test on k-nearest neighbor classifier of F,,

*F 7 R+ R P
OGPG vs SMOTE 28 0 0.014
OGPG vs ADASYN 28 0 0.014
OGPG vs B-SMOTE 34 2 0.023
OGPG vs CBSO 36 0 0.008

%5 ETF G, X kL4345 2254 Wilcoxon HI1ER

Tab.S Wilcoxon test on k-nearest neighbor classifier of G,

*F HT I R+ R P
OGPG vs SMOTE 35 1 0.015
OGPG vs ADASYN 36 4 0.008
OGPG vs B-SMOTE 35 1 0.015
OGPG vs CBSO 30 6 0.109

x 6 ETF F, REKH4ZEEEH Wilcoxon LG

Tab.6 Wilcoxon test on decision tree classifier of F,

Xf L5 v R+ R- p
OGPG vs SMOTE 35 1 0.016
OGPG vs ADASYN 28 0 0.017
OGPG vs B-SMOTE 33 3 0.047
OGPG vs CBSO 35 1 0.016

x7 EF G, RAKWHEKEH Wilcoxon IR

Tab.7 Wilcoxon test on decision tree classifier of G,

ROl RS R+ R- 2
OGPG vs SMOTE 31 5 0.041
OGPG vs ADASYN 30 6 0.053
OGPG vs B-SMOTE 32 4 0.029
OGPG vs CBSO 26 10 0.153

bk R B 25, gak2, RIEHK
PRI LE A RGO, P OGPG B kX T 1%
SRR W B A R

H T AR UE SR AR, LA T
SCHR [18] A9 LGOS ik, BIR A GAN [ RAER
B, WE SR, M SIS RATIA Y, fEk
FWTRAS T, LB F, 00 G, 1545, %8
BHBNH BT BRIz, T7ERT 8 45
b, BEARRMIXED, FEXT LG AR PR B
FRTE; e o AEIRE T, B FEAS R AN
Z, X IEE TR H B AR T, T



242 o B TR 2 2 R

2023 4F 5 45 4%

=8 ETRER S LFJHILLITMN

Tab.8 Evaluation based on decision tree classifier

Hiprde P HEAR LGOS OGPG
phoneme I8 0.758 6 0.938 4
e 0.848 6 0.9459

satimage Fy 0.946 1 09719
Gn 0.9778 0.983 3

pen Fn 0.968 1 0.998 9
G 0.990 2 0.999 2

wine l 0.596 6 0.993 6
e 0.789 7 0.997 8

letter Fy 0.893 6 0.985 4
Gn 0.950 1 0.983 5

avila Fn 09511 0.999 3
Gy, 0.848 6 0.999 7

BT SRR A R

OGPG F 1 LGOS vk =[] 1) b 2 2 57 D
%9, AILAEH, TEEGER 95% MIEHN T, Bp
AKRT 0.05 WIEAR T, HWiE4R . U] OGPG
AR T LGOS Sk B W M 22 Rk il ahix
TSI WL T OGPG Bk HA W A 3Lk .

*9 Wilcoxon HSHiGHF
Tab.9 The table of Wilcoxon signed rank test

PO NERES P e bR R+ R- p
OGPG vs LGOS Fp 21 0 0.028
OGPG vs LGOS Gn 21 0 0.026

A)
£
4 -Q-E EE Ta

Bt AN S R > S R, AR G R SR AR S
5B T80 %5 IR IR SR A R A, i
PEUE AR A B B g et il sl
AR 285 L R B BE AT R, f iy T —Fh
TR BE AR AR OM AT I 28 i R AR . IR
L, E eI A A S, A s 2%
A RO ) IR RO RO RE R R s K, i TR
XTI 2% Bt B P45 BB RE T R R B G, A
AP SR B 38 A0 70 R X 40 ) e 1) 2% B A\ IO ) B JEE
BT 0, DT A R AR T 321 B0 B A
A, (AT A g R RE A R T KO ) AR AR R
Aii )REA BB A UBTREA s dRJi, 75 14 DAL

P LR WA 7 258 5 Z M E T 1 X L 52
5, FHAH Wilcoxon £F5 AL I 30 0iF 1 Fr $ 1k
MA R RLGE PR . S8R, i BEE A —E Bk
M, TERTASEZREE b, oA BEGIA TR E 2=
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