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An imbalanced data processing method based on hybrid CGAN and
SMOTEENN

LIU Ning, ZHU Bo', YIN Yan-chao, LI Xiu-chen

(Faculty of Mechanical and Electrical Engineering, Kunming University of Science and Technology, Kunming 650500,
China)

Abstract: Conditional generative adversarial networks (CGAN) can learn its distribution characteristics from the data,
and is introduced into the imbalanced data processing to oversample the minority class samples, which can generate new
samples that conform to the original data distribution, so it has a better processing effect than traditional resampling
methods. However, the learning of data distribution characteristics by a CGAN is easily limited by the sample size.
When the sample size of the minority class is small, its distribution characteristics cannot be fully learned, and it is
difficult to ensure the quality of the generated samples. To solve this problem, this paper proposes an unbalanced data
balance processing method combined with the CGAN and the synthetic minority over-sampling technique edited nearest
neighbor (SMOTEENN). Firstly, starting from the existing minority class samples, the SMOTEENN method is used to
generate a certain scale of minority class samples, and then the CGAN model is trained on this basis to ensure that it can
generate consistent the new samples with the distribution characteristics of the original minority class samples. Finally,
the CGAN is used to regenerate new samples that conform to the original minority class sample distribution to construct
a balanced dataset. The experimental results show that, compared with several classical imbalanced data processing
methods and methods reported in recent literature, the proposed method has obvious advantages in several imbalanced
data classification evaluation indicators.

Keywords: imbalanced data classification; data balancing processing; resampling method; CGAN; SMOTEEN
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yeast, 506 50 456 8 9.12

X AN 5 o ISR R I VPN, B AR 4y 2R IR A
FIFA R L b A 7 L A3 SRR 00, LA SCR A Fy
{8+ Recall. AUC Fl G-mean iX 4 N brxS A 17 5035
(195> KEVERE AT VRAL. HoHb Fy {985 1 % Precision
554 [8] 2R Recall (118 A1 257, 2 AP 5008 70 0740
Hh i H L IR b v ; Recall (i 767 A 70 3o 1F S8 RE A
MIRBURR I ; AUC ST ROC M1 2R T 5 T A, 5 £ s
IIATTGR, Je I EE _EPFA 3 SR P e S A R ) — b



%9H

x| F % —HfIRA CGAN 5 SMOTEENN #) ~-F#7 5 38 4L 32 7 % 2617

7715, G-mean i F T FE B 40 R 3R A 0 K508 B
¥ItkRe.
3.2 CGANEBESHIRE

S HR A 51 X 285 R A S ) 4% 350K A R AR 4 )
25, 5 T8 1) b 20 I 2% 5 e = ORI 55 2 B0 T 0 R] 4
re 55 Y )RR AR $2 AR 70, AT gk — 0 4 Lz Atk
RE. A IS 22 4 PS50 6 AN [R] A AR A 22 Tk )
ZEAR Y LT B IR VAN 485 LU AN RIS A 132 Ak
RE I fo 28 1 8 A 5] 508 B2 58 B 1) AE R I 28 D R H)
) IR 2% ) 5 = AR B 2 59 B, TN 3R 2 . AR S
We 8 )2 350 K FH LeakyRelu 305 pR 25. BEALE AT 4 il
2R FR I AR E M, X T8 2 B2 1 A ) 25 A5
F Droupout 7] Bjj 1 CGAN 7E I 253 72 H DA &-Fh 7 3K
CARAE AN N 2% 25 R 1)K B b A d A
B SRFF I 22 3 H0L G 2 S 19 28 0 34 J31) 1Y) 2% () i
2453 5K F tanh F sigmoid BRI 4.

R2 ERIIMEIREERREET 25

R % G FIBIR% D
L e Kaik e
ZH JLH JZH o
pima 2 256/512 2 256/512
phoneme 2 256/512 2 128/256
yeast; 3 256/512/1024 3 256/512/1024
haberman 1 16 1 8
ecoliy 3 256/512/1024 3 128/256/512
newthyroid 1 64 1 48
wine_red 2 256/512 2 128/256
yeast, 2 128/256 2 64/128

3.3 FEWIESERSR
3.3.1 SMOTEENN_CGANZ&F & A] $R 4k %t b 24
T 5, AAS Y- 1 25040 AH DG HIF 50 rp A AR A v
i) ecoliy H#iE 5 M9 % SMOTEENN_CGAN J5 v2: 3
AT T 1R B0AIE, B8 35 I 5 )RR AT, A I 28 AR ) 31 ) 4%
)35 2 A AN W7 B A O B R T B P 4. DI i R v AR
32 DX 28 R0 1 5 ) 45 P 5 2k v B A8 1) 3 s, el S
3R] UL, Bt I 5 P AT, 0 X 4 A R i A 8, A
RS I9X) 5% PR 43 2 R4 31 A 4% 10 453 AR 35 S i e A AR

4t discriminator real loss
discriminator fake loss
sk - generator loss
a [
i
EFK:’ 2 '9' ,
1 :‘, *)“M
x%&;,»*”"
0 - L L L
0 0.5 1.0 1.5 2.0
AR E10°

3 RS RE

1k, 3 B IR A T3 H vk 2R i B 2R 45 5 B s
P A — B RE 1, R ghoe B, ARG 2 T SVM 4y
AL HIANF AL T ROC 2k, 224 B 4 AT
J7 I ROC 26 A1 AUCE 7] LA, 3 FH i d i 5
TEAC LS R TE SVM 73 288 AT /0 I8 s280 159 3
(1285 AT HARRAE F7 V2 T3 B 0 R 45 R

1.0f
0.8F

" il

® o6t

=

0.4 F
i

0.2F
0

0 02 04 06 08 1.0
TRpHZ

OR-SVM (AUC=0.773)
SMOTE-SVM (AUC =0.843)
ROS-SVM (AUC=0.866)
ADASYN-SVM (AUC=0.854)
SMOTEENN-SVM (AUC=0.796)
BOR-SVM (AUC=0.847)
TOMEK-SVM (AUC=0.813)
CGAN-SVM (AUC=0.801)
SMOTEENN_CGAN (AUC=0.872)

E 4 AREEMHFHENROCHIZL

T LA IR BT T VR AR B R AR B AL
U HRBEAUL SR G H5HE 23 A REAE, AR SORs @i mT AL R
X &N AT LU B Je T Python 3.7 2B AN
17 LA 10, JBVERFAE R 2 HLATAE 28 B X (AN~ 1k $ 30
£, Horp /D BRRE AR B8 50, J5 4R 208 1 50 A 3R
B 5(a) At S8 5 23 S AN [ SRASE J7 v A s P A
7 AT ARAR T L A3 BT, i B S B, B S AT L, SMOTE
T EIE I e PR 7 BT AR IR AR 5y 7= — B A
HEFEAR, B TEL S XD BFEARFRREA L2
WA E RFIEA VLG BT RE AR, 23318 B A B X AR 45 51
% J& SMOTEENN 7E SMOTE J5 ¥ i 387l Eiin 1
T D Re, TTE — R bk A2 B IX I M
A, T ENN BVETE 40 B P B AR 5 eI 0 1
JUANBEAR Y B RE A 1 i J8 28000, oo R R 2 2|
K AB K520, 3 UFIE R SMOTE J7 322 i A i I RE A
SEA 7y SR AE A, R A BE 52 4% 4 Bk SMOTE J7 V7
A% X AE B RE AR, KR S TEAL B X B A /NI 4 1
Mk 75 AL A, ADASYN 7 2B BRFE AR B B8 Al [7] T30 54 X
B DEFER, 5 TN XA R E Z R ES
FEAR, I0JRIAE 2 X ) SRR E . CGAN ARy — P g 22
— T MR S A B2 A g DI 2RI S pR 2
IR 28, Xof S s /D B AR A AT Rt 1) 27 ) 22 2 31/
FERE A AR SZ 00, 7 FF ASRUASLEL /N 3 DLk B — A
WA F 1, B 5 b N 5, 5 BUE R A



2618 # % 5

xR ¥38%

T PRI = AR M 7 R A KRR AR Z2 AR VE IR T JE B B
B, Frde 77k i@ ik SMTOEENN Jof KA Ak 3
B AR Il LA B — 8 RS Ik CGAN VIl 452
21, BT CGAN (4 i R 48 7E GAN [ 346l Easn 1
PR I8, 75 A2 BRFE AR I B AT R 43 2K 10 5 1 1, 7
W it F2 of £ 5 £ ¢ 73 T SMOTEENN 7£ 3E 52 & [X

PR RS K 1) v B RE AR, 78 20 4 3 L A g
I foe KPR EE b2 52 B X /N 73 W P AR X B B 2
2GR T, SR 2 ORAIE P A FR KRR A S T BEE B 52
B X, N IOR T B VRO SRR A [FRFE DT I
TP RNEREAE it — 2Pt

1.0
0.8}
0.6} -
04f
02k -

0.2 04 06 08 1.0

New samples - Minority

(b) SMOTE FA%

0 02 04 06 08 1.0
v,

- Majority - New samples - Minority

(c) SMOTEENN 3t
1.0f -

0.8}
0.6f
0.4}
0.2}
|

1.0F . : 1.0f
o8f L. 0.8}
0.6+ ey 0T 06 - -
N B N BRET
0.4F° = 0.4F" =
0.2f - ¥ EE 0.2f - T
ol J R ok J
0 02 04 06 0.8 1.0 0
v,
- Majority - Minority - Majority
(a) JRanEE
1.0F . : 1.0f
X N 0.8}
0.6f - - { . 0.6 -
N . N
0.4+° 04"
02} - 02f -
0 L PRgee O L
0 02 04 06 08 1.0 0
v,
- Majority - New samples - Minority - Majority

(d) ADASYN ¥kt

0.2 04 06 08 1.0

New samples - Minority

(e) CGAN ¥Hf

0 02 04 06 08 1.0
v,
- Majority - New samples - Minority

(f) SMOTEENN_CGAN k£

El5 HEENIGETTEREREREYR

332 AERERFEITE S EMERERT LT
SEBS R F SVM 73 SR 280 BT # HH 7 VT e i bl sl
It 9, ¥4 BT 77 5 SMOTE. ROS. ADASYN
ST FhRAE 7 VAT R AR, AR SO TR 4h EHE 1
I3 R G5 FRAAE 9 H O B, N IRAIE S 58 45 SR A 52 b
BLER 2 10 T AT 52 1), B 268 U — A Ak B S (1 R 46
FEA K 53 9 U R B A0 IR B, S8 S5 A FH AN R SR A 56
I ES . SUP e (SIS NIt gl | R S v 3
FT SVM 73 K BAE 73 KB, i Ja AE MR 4 b AT
IR F+15 tH Recall F-measure. G-mean A1 AUC [1{H.
W 5 10 R FF B 285 P 3B A B 4 sk
s B BV TR AR T B SCORE AR AR A
[ br T B S2E6 25 Rank 3 fros. 3R 3 7] 0L, i
TTAERT AP 8 1) 73 RO A BOR M52 T+ HAR T
FoAtJUFRRAE 7735, JLHEAE Fy v AUC. G-meaniX 3
MFE VPN FRIR BRI, FEA R 152k
SR ILARIIR R T B UAE, EIRTE /NS 70 H s S i)
43 WA A P T8 B i R R 22 SR A AT 42
)36 B . W52 55 — A48 b Recall, Fr$e H 77t 3%

I — 58 B AR 35, AAE 5 23 B8 B 1 /5 HE 1Y) Recall
B RS ARAR AT T ANEE 1 20 RO o A R L B
T HEA NGRS EE — B RO R, ] RE
& H T IR GG B AR PR R 2 I BB AR, 78 A BUFE
A 43 5] NFR o e s BEAR. 27 L, BT i 5 vEAE A 1l
RG22 AR 3] T B 1) P4, 76 3 [l 2R AR AN
tERILFI RN ZE Fy« AUC. il G-mean iX 342 &1
fabs L3AE B, T LA AT 75 X AN
s o PR R AR TR T oA 5 7.

NT BB E BT W TR B RO, K BT R
775 SCHR [20] 42 2840 7775 RECGAN. SCHR [9]
P2 H 1) GSMOTE-NFM J7 A AE S 48 VRN T b LA K
S R A8 HE R L AR DA B, o B g SR sk 4
7N, R 4 0] W, BT 42 77 7% SMOTEENN_CGAN 7E
KR R I — s AL, DU AE D HOR R
AL 7N 34N i 48 (newthyroid, 2> B EEAA
HN 35; yeasty, D HERFE AN HR 50; ecoliy, /D H K
FEARANEC77) ERILFEH, LA AT LLR B B4t 7
VEAE AL B AN ST 1 500 0 LR /D B A R /N i
R BAMRE.



A

F9H %) F & —#%4A CGAN 5 SMOTEENN #9 7~ -7 48 4L 32 77 ik 2619
#*3 SVMAARTIEIHIEEN LK EEE
AN iR
KAETT V5
Eiztan yeasts ecoliy haberman yeast; phoneme pima newthyroid wine_red
YR AET 0.303 0.768 0.173 0.405 0.66 0.627 0.855 0.115
SMOTE 0.355 0.761 0.437 0.549 0.703 0.653 0.904 0.422
ROS 0.329 0.759 0.455 0.555 0.705 0.656 0.901 0.417
ADASYN 0.312 0.76 0.434 0.549 0.698 0.652 0.887 0.408
Fi i SMOTENNN 0.316 0.761 0.451 0.553 0.705 0.653 0.896 0.408
Borderline-SMOTE 0.354 0.763 0.435 0.543 0.697 0.648 0.882 0.407
SMOTE-Tomek 0.355 0.761 0.438 0.549 0.703 0.653 0.904 0.422
CGAN 0.396 0.78 0.473 0.561 0.684 0.638 0.88 0.373
SMOTEENN_CGAN 0.415 0.79 0.503 0.573 0.714 0.655 0.909 0.462
JR b HcHs 0.595 0.841 0.55 0.62 0.76 0.719 0.91 0.538
SMOTE 0.697 0.881 0.624 0.69 0.805 0.73 0.965 0.743
ROS 0.691 0.885 0.636 0.693 0.808 0.732 0.966 0.752
ADASYN 0.673 0.893 0.652 0.687 0.806 0.728 0.963 0.739
AUC SMOTENNN 0.697 0.886 0.62 0.688 0.808 0.724 0.96 0.754
Borderline-SMOTE 0.691 0.892 0.61 0.682 0.805 0.723 0.958 0.725
SMOTE-Tomek 0.697 0.882 0.62 0.689 0.805 0.731 0.965 0.743
CGAN 0.706 0.899 0.642 0.708 0.788 0.737 0.926 0.686
SMOTEENN_CGAN 0.746 0.906 0.646 0.712 0.798 0.735 0.962 0.766
YA e 0.196 0.724 0.119 0.298 0.624 0.621 0.787 0.09
SMOTE 0.575 0.897 0.523 0.658 0.834 0.756 0.94 0.746
ROS 0.609 0.918 0.482 0.683 0.847 0.798 0.933 0.793
ADASYN 0.58 0.943 0.532 0.712 0.869 0.777 0.946 0.761
Recall SMOTENNN 0.677 0.915 0.481 0.74 0.848 0.803 0.94 0.85
Borderline-SMOTE 0.557 0.936 0.577 0.714 0.868 0.8 0.939 0.689
SMOTE-Tomek 0.574 0.898 0.53 0.657 0.834 0.754 0.94 0.746
CGAN 0.721 0.89 0.377 0.724 0.805 0.737 0.932 0.623
SMOTEENN_CGAN 0.725 0.904 0.596 0.733 0.788 0.745 0.963 0.746
SRR Ao 0.425 0.828 0.309 0.523 0.742 0.706 0.882 0.183
SMOTE 0.677 0.88 0.614 0.671 0.801 0.723 0.955 0.737
ROS 0.676 0.884 0.638 0.676 0.804 0.724 0.951 0.748
ADASYN 0.658 0.891 0.628 0.668 0.799 0.717 0.951 0.733
G-mean ~ SMOTENNN 0.689 0.884 0.611 0.669 0.803 0.707 0.956 0.746
Borderline-SMOTE 0.667 0.891 0.6 0.662 0.799 0.711 0.95 0.717
SMOTE-Tomek 0.676 0.88 0.611 0.67 0.801 0.722 0.955 0.737
CGAN 0.695 0.887 0.625 0.642 0.785 0.711 0.958 0.752
SMOTEENN_CGAN 0.731 0.895 0.641 0.677 0.792 0.732 0.962 0.745
T4 SHAMESEMMERTE 1.0
. ES Rt Sk [20] LR [9] g 0.8
ﬁ[ﬁﬁ o 0.6F
F, AUC G F AUC F, G &
© 04}
ecoliy 079 091 09 076 088 078 0.89 -
yeast; 057  0.71 — 059 071 - — 0.2
yeast; 042 075 073 034 061 038 0.68 0
haber 0.5 06 064 049 0.64 049 0.65 A0\ (80 (80 0 6
newth 091 096 096 063 077 094 0.99 W@ GO GO T (T v
pima 0.66 074 073  — - 0.66 0.73 - F-CGAN
3.4 SMOTEENN CGANFZEERM S F,-SMOTEENN_CGAN
41 117 4 X CGAN 47 B, B 76 8 Dfs 3¢ e MOTEENN COAN
Vs SR T 1 A AN Y- 17 4R 1 o 52 BT/ B H6 R MAHEATIET £y F1C-mean

P AR JRARE AN T 3 0T A RO A Jo 2 R 1 1
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AR D BUIFE A SRR IS BT 38 H 5 V5 TR Re % 1
HhHRE 5 43 AT 2 SRR E R S AN T 2 1 2 I
[, 2] AR 3R — A S 1 i K TR — B
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= ACC-CGAN
ACC-SMOTEENN_CGAN
« AUC_CGAN

» AUC-SMOTEENN_ CGAN
E7 FARDEEHAHIET ACCHAUC

1, AN [ 1 2D BB ARSI BT H th 5 R R i 26 P g
W A —TE WIS, O T SR AIE D B A AR A
SCIESRAE TR RE A RE I, 8 AN [R] 1) A B A AR
NI CGAN A SMOTEENN_CGAN f 1 BEAR AL, G
K6 F1IE 7 B, Ferh iR S 56 3.3 4 i A
A4 5, A2 ORIE 2 B R A B Dy 500 1) 261, b
KO AR B 20 B B 40 B — X B2 /D B FE A S =
N260

i 6 FEE 7 7] WL, 5 CGAN A Eb, BiT$ 7 i
SRR INFEAR BT AR, I HAE Fy
SEO TP R bR LR BB . Bl A D BORE AR A )
H4 i, CGAN Rt I\ H 2 2 B8 2 (1 4y A 12, 2B
FEA T B B LEIZ TG N, 5 BT d th 5 V23R A5 1 43 25 1
BE L 7E B4 /)N

4 4 »

BT X CGAN E R I SR A 7 VLI 5 2 IR T /0 2
FEHE A A 1 i) 0, AR AR T — FhR A CGAN
5 SMOTEENN [ A~ ~F- #7540 b #8777 3. 8 56 18
SMOTEENN R £ 5l 2D B2 b AR, A 45 0 B 2
AIE B 5 22 B AN 2 B R, 7 b 2k
CGAN LLRIE CGAN BEfE 78 43 2% > IERFE AR 73 AT
REAIE, AT $5E 1 A B R 448 26 BRREAS [ i 2. 72 8 AN
TE B4 3 R HHE £ b g e Oy ik 5 oA 7
Pl RAE T7 V04T 0T L, % 2 H, Fy | Recall, AUC Al G-
mean Y AN - 47 43 2 1 8 i A AEL S50 &5 L3R 0,
SMOTEENN_CGAN J7 7% A4b B Ji5 it A T i £ s £E7E
FI KRR br DRI B MRS BT S
T A SCHR R IE (1 7 VR AR L, BT H 5 i A B AN T
B IS AE D BB FE AR BN AR B
J& % SMOTEENN CGAN J5¥2: (1) 3& Fi PE k47 2 =40
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