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China)

Abstract: Aiming at the problem that the accuracy and robustness of the traditional sampling methods are not obvious,
under-sampling is easy to lose important sample information, and oversampling is easy to introduce redundant information,
the Pima-Indians dataset in the UCI common unbalanced datasets is taken as an example to consider the relationship
between the distance within classes, the distance within classes and the imbalance, therefore, a new type oversampling
method based on sample characteristics is presented. Firstly, the algorithm divides the original data set into some distance
belts. Then an improved adaptive neighborhood neighborhood(Smote) algorithm based on sample characteristics is
proposed to synthesize new samples in each class with several samples, and is extended to other five unbalanced data sets
of UCI dataset. Finally, experiments are conducted using the traditional SVM classifier, and the results show that, in the
six categories of unbalanced data sets, compared with the existing sampling method, the proposed algorithm improves
the classification accuracy of the minority or majority class samples, and has stronger robustness.
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No. Dr Ps Ns Dd No. Dr Ps Ns Dd
1 0,1) 16 18 2 26 (25,26) O 4 4
2 (,2) 13 22 9 27 (26,27) 0 4 4
3 2,3y 11 26 15 28 (27,28) 0 1 1
4 3,4 17 30 13 29 (28,299 2 3 1
5 4,5y 17 30 13 30 (29,30) 1 1 0
6 (5,6) 20 38 18 31 (30,3 0 2 2
7 6,79 18 40 22 32 (3L,32) 0 4 4
8 (7,8) 14 47 33 33 (32,33 1 1 0
9 8,99 20 38 18 34 (3334 0 3 3
10 (9,100 14 70 56 35 (34,355 0 2 2
11 (10,11) 9 69 60 36 (35360 0 2 2
12 (15,12 11 2 -9 37 (36,37) 0 1 1
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15 (14,15 14 6 -8 40 (39,400 0 0 O
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24 (13,24 1 3 2 49 (4849 0 0 0
25 (24,25 2 1 —1 50 (49,500 0 1 1
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31 NEERR S LBRTTENHLE
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il A2 =0 R L), R AELE D E R R ZR ARG T e A
TREA 2R = B L. 9 7 e IR P AR AL 1) £ e i,
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£ (Specificity). UM (Sensitivity)s JLF¥I1EH (G-
mean). Z>HE (IE2%) 1915 #EZR (Precision) LA S /b %
M (F-measure) {8 2518 IF 5] N AL TPOFE AN IE
28, TR 7R R IE 2R N0 « EN(REAS A IE 2R B 0
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1) Fe 5tk

Sensitivity = % +FN; (8)
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G-mean = \/m - Specificity; (10)
4) LKA A ER
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Precision = — + TP; 11
recision TP + TP; (11)
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2 - Sensitivity - Precision
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73 AR TR 90 1E £7 R A () B 28, 2 AR —AH Bk
KBRIF, (H 2% 18 31 — 3 2 18] 1) AH B 249 1%, 45 ) J2 7E
HHE AN i B, 1R HE [ B P X AT AR 34T 7 R A%
BIE PENALH] G-mean L& F (8 T 3 Z B HIAH
HLHIZIVE, 2450 S8 7] FRAE AR AL N, G-mean fH 2>
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UCI-machine learning repository H/1#8 5 > 55 FE 1) 6
FRAS 5] 0 B 4, H 51 F SCHR (18] S B Bk A 24
N 3 firs.

£3 MR PEBIBEMNIFE

Datasets Attributes Unbalanced-ratio Labels
pima 9 268/500 1:0
german 25 300/700 B:A
wpbc 35 46/148 R:N
haberman 4 126/225 2:1
yeast 9 429/463 NUC:CYT
abalone 9 634/689 10:9

34 ARER#E#FFA S AR

N TG A ST AT R S A R M, o AR S
NOBDF-SVM #H % 5 | 32 2| SPU-SVM. RU-
SVM. Smote-SVM. BSmote-SVM. Weight-SVM.
RU-Smote-SVM Al AdaSyn-SVM %5 532 %F % 3 1) 6 Fif
AP R B 1 A B 4 AT T L
341 SRFMUAKREBRRRE

S8 SR 9728 IGAE, A T L BRBENLERS Y, A
PrigAT 10k, R SLIR 25 s, tH PN B G-mean F
F-measure [ GE 1T 31E; R, 25 BE 2P 50E T 1Y
R, S I A SRR AR (e B 1:10 1) L A5 Bl ALk
B 5 40, %o BU 1) &R R R I B E I e AL, N T
8 T L, FAs B R SCHR [18].

SVM 732K 2% 12 500 B 7% 08 B0 & i 42 )
B W08 S D 10, 2E T R T € 28 1000; SPU-SVM
L =5 x MLu = 7,\ = 2,8 = 10; Smote-
SVM 1 BSMOTE-SVM 5.k ) fe it ARk S 4k =
6; Weigh-SVM 52 [ 1E 28 5 U R AR LB o
Cuma/Car = 0.1, KRB RCRIFHEILFRRE 5 EH
) (R AR AR S AR 6 PB4l 4 119 B 28 s 1 A
592, 6 MEHEE ST HLEIC S TR 4.
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x4 OMAFHEBERNTFNNHFLER

Dataset Methods Specificity Sensitivity G-mean F'-measure
SVM 1.0£0.0 0.0 £0.0 0.0 £0.0 0.0 £0.0
RU 0.898 £+ 0.075 0.521 4+ 0.046 0.682 £ 0.038 0.673 £ 0.038
Smote 0.768 +0.073 0.687 4 0.045 0.725 4+ 0.034 0.789 £+ 0.029
BSmote 0.772 £ 0.076 0.685 £ 0.041 0.726 £+ 0.035 0.788 £+ 0.027
pima Weight 0.778 £ 0.064 0.679 £ 0.033 0.736 £ 0.036 0.797 £ 0.024
RUS 0.778 £ 0.058 0.611 £ 0.064 0.687 £ 0.025 0.733 £ 0.045
AdaSyn 0.760 £+ 0.052 0.704 4+ 0.039 0.730 £+ 0.030 0.800 £+ 0.027
SPU 0.718 +0.134 0.767 £ 0.114 0.733 £ 0.043 0.833 £+ 0.068
NOBDF 0.969 £+ 0.015 0.883 £+ 0.010 0.925 £+ 0.009 0.834 £+ 0.006
SVM 0.998 £+ 0.004 0.035 £+ 0.005 0.039 £ 0.046 0.007 £ 0.011
RU 0.856 £+ 0.037 0.482 £ 0.053 0.641 £ 0.034 0.630 £ 0.048
Smote 0.824 4+ 0.029 0.481 £ 0.032 0.629 £ 0.024 0.626 £ 0.029
BSmote 0.831 4+ 0.036 0.472 4+ 0.031 0.626 4+ 0.025 0.619 4+ 0.028
german Weight 0.794 4+ 0.058 0.555 4 0.054 0.662 £ 0.030 0.569 £ 0.042
RUS 0.807 £ 0.038 0.384 £+ 0.045 0.555 £ 0.031 0.531 £ 0.046
AdaSyn 0.811 £+ 0.029 0.486 £+ 0.032 0.627 £ 0.025 0.629 £+ 0.029
SPU 0.776 £ 0.098 0.604 £ 0.092 0.679 £ 0.026 0.719 £ 0.024
NOBDF 0.899 £+ 0.021 0.981 £+ 0.003 0.938 £ 0.011 0.958 £+ 0.005
SVM 1.0+ 0.0 0.019 £+ 0.027 0.086 +0.114 0.037 £ 0.051
RU 0.824 £+ 0.058 0.371 £0.138 0.543 £+ 0.109 0.498 +£0.144
Smote 0.811 £+ 0.080 0.426 £ 0.072 0.584 £+ 0.044 0.559 £+ 0.063
BSmote 0.825 £ 0.077 0.422 £ 0.089 0.586 £+ 0.057 0.556 £ 0.081
wpbc Weight 0.831 £ 0.079 0.439 £ 0.076 0.600 £+ 0.049 0.574 4+ 0.068
RUS 0.763 £ 0.073 0.451 4+ 0.095 0.585 +0.072 0.573 4+ 0.084
AdaSyn 0.804 +0.073 0.435 £ 0.079 0.589 £+ 0.055 0.566 + 0.072
SPU 0.717 £0.119 0.532 £ 0.117 0.612 £ 0.076 0.633 £ 0.091
NOBDF 1.0£0.0 0.764 £ 0.018 0.874 £ 0.010 0.780 £ 0.012
SVM 1.0+ 0.0 0.0+ 0.0 0.0+ 0.0 0.0 £0.0
RU 0.961 4+ 0.063 0.128 +0.106 0.281 £ 0.211 0.207 £ 0.169
Smote 0.769 + 0.161 0.469 4 0.082 0.588 4+ 0.057 0.597 £ 0.061
BSmote 0.769 £ 0.171 0.469 £ 0.082 0.590 £+ 0.062 0.597 £ 0.071
haberman Weight 0.777 £ 0.158 0460 £ 0.109 0.586 £+ 0.053 0.589 £ 0.082
RUS 0.645 £ 0.142 0.562 £ 0.052 0.599 £ 0.083 0.661 £ 0.051
AdaSyn 0.750 +0.138 0.491 4+ 0.093 0.599 £+ 0.053 0.614 £ 0.071
SPU 0.823 +0.106 0.460 £+ 0.073 0.612 £+ 0.061 0.599 £ 0.069
NOBDF 0.851 £+ 0.050 0.972 £ 0.017 0.909 £+ 0.031 0.841 £+ 0.031
SVM 1.0+ 0.0 0.0£0.0 0.0£0.0 0.0£0.0
RU 0.963 £ 0.042 0.121 £ 0.088 0.297 £0.170 0.204 £ 0.104
Smote 0.719 4+ 0.095 0.546 4+ 0.065 0.623 £+ 0.033 0.689 £+ 0.052
BSmote 0.715 4+ 0.094 0.547 £+ 0.064 0.622 £+ 0.029 0.690 £ 0.050
yeast Weight 0.750 £+ 0.102 0.504 £+ 0.057 0.611 £+ 0.028 0.656 £ 0.046
RUS 0.671 £ 0.082 0.520 £ 0.033 0.590 £+ 0.037 0.667 £+ 0.028
AdaSyn 0.704 £ 0.095 0.560 £ 0.064 0.625 £ 0.036 0.700 £ 0.052
SPU 0.749 4+ 0.093 0.520 £+ 0.089 0.618 +0.033 0.667 + 0.075
NOBDF 0.912 4+ 0.020 0.868 4+ 0.028 0.889 £+ 0.016 0.884 £+ 0.021
SVM 1.0+ 0.0 0.0£0.0 0.0£0.0 0.0£0.0
RU 0.966 £+ 0.047 0.112 £ 0.105 0.268 £+ 0.189 0.186 £ 0.165
Smote 0.630 £0.112 0.628 £ 0.082 0.623 £ 0.035 0.753 £ 0.059
BSmote 0.635 £ 0.118 0.629 £ 0.077 0.626 £ 0.046 0.754 £ 0.058
abalone Weight 0.639 £ 0.110 0.620 £ 0.089 0.623 £+ 0.029 0.747 £+ 0.064
RUS 0.616 4+ 0.063 0.580 £+ 0.077 0.595 4 0.041 0.716 £ 0.060
AdaSyn 0.593 £+ 0.089 0.657 £ 0.074 0.620 £+ 0.037 0.773 £ 0.055
SPU 0.658 £+ 0.047 0.606 £+ 0.105 0.630 £ 0.189 0.740 £ 0.165
NOBDF 0.977 £0.018 0.751 £ 0.019 0.857 £0.010 0.764 £ 0.011
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Dataset Methods Specificity Sensitivity G-mean
FSVM 0.808 £ 0.008 0.560 £ 0.016 0.623 £ 0.009
Pima IFSVM 0.741 £ 0.005 0.739 £ 0.013 0.740 £ 0.007
NOBDF-SVM 0.969 £ 0.015 0.883 £ 0.010 0.925 + 0.009
FSVM 0.768 £ 0.014 0.364 £ 0.031 0.529 £ 0.021
haberman IFSVM 0.791 £ 0.010 0.538 £ 0.019 0.652 £ 0.012
NOBDF-SVM 0.851 £ 0.050 0.972 £ 0.017 0.909 £ 0.031

Iy BT 5 AT R A T AR SR b ot SVM 7y 2K
7%, NOBDF-SVM 1E Specificity. Sensitivity. G-mean
EWABKERTT, BARTIBELIERZ WA —E L
FSVM %5 535 5, 3 3 W 75 J5 40 B0 4 54 B0, 4
E 2 N — LS BEALES A (0. £5 b T S, Bl 2 AE
JR AR B4 B b b AT B, IR X g3 2R A HEAT U,
NOBDE-SVM 532 AP~ Ko dfs 1) 70 SRR W] 2 A
T OA 1 SVM B0 Hv:

3.5 NOBDFRHEFZEEHMEMIAR

N T 5 1iE NOBDF 5532 B LA, A SO0 i fid
FR B0 5 FU At 8 M B35 A0 s PR R AT X EEAIT 9, R
S SCHR (18] VL SRR PR LA, RIS m 7
B 5 B AR L PR RE X B DA A2 S SRR ) e
if 75 21 1) Adjusted rand index FI{E 5 5 K 1) Adjusted
rand index A 1] EU B BEAT 7 &, vF 5 A S T

by = R,/ max(Ry), m=1,2,--- k. (13)
D 35 A K A 4 b ROR f i O S0 B RE G 12 RE
BN by = 1,0 HAB S A MR b, < 1, H
by (BRSS9 m £ JT A B3 o FRRDOS 12 RE B
I DRIk, B9 m PR 1 W DA FH A SRV AE P A e
£ bb,,, (BB AR TEGY, H S A HOR B 50L& 1
SR, Dy 1 U6 IR AR ST 4R SR B i A DL S AE AN
i Ee 3k — 0 0 ORI (R S VE R, 78 1% F AT ST I 6

T 500 4 1) [R] N IE A7 SR IBORE L38O 1: 20, [RIRER
4T A IR, # R EE R W B IR E] b i SR 9 i
FE ) G-mean VU HLHI &4 1 S L G it-F 35 1%
ZEHAT LA B 4 FroR. B4R T~ 5L 9 4 5
2% SVM. SPU. RU. Smote. BSmote. Weight. RUS.

AdaSyn.NOBDF.
6

== haberman = german pima wpbc

L abalone mm ycast mmm Sum of adjusted
rand Index

Adjusted rand index

Q0 i o ||J Il
1 2 3 4 5 6 7 8 9
5
(a) EHEVERY Hoks

5
4
3_
2
1
0

0.14
0.12
0.10 |
0.08 |
0.06 |
0.04
0.02

Adjusted rand index

Hik
(b) EFEPEGE T IR ZE R HAR
4 TEEBRET, OMEE G-mean (N EHEMELELEL



FoH

S T AT R R AR AL R SVM S X H ik 1557

43 BT B 4 W] 0 A ST # NOBDF % 1) b, 3518
1, 34 5t e 1) SRR, 3 R WX AN [ 2 [) 25 4 DL B
AN 5] 4 5 A~ 4 K38 4R 11 73 2%, NOBDF 5Lk 3 3%
I R 1 . SR (18] H ) SPU BV R
AR, (H B B T AR AR M 1) R RURE A% 48 47 28
FEACI, AT e 2 25 2 F B REAAE B, T A ST 5092
ANEZE 8 B AR (R P, 300 B AR R 43 B B A, KT
R RAETT A S B R EA B BEE RS R, Bk 1
— MO SR AT E H 1 DL S KA TR B R AR I i
Uiy, # NOBDF fg i 55 i b & H T~ SVM 5323, B i
fil ke 1 o3 P TH WAL 1] JL Ak, 3R] L H: 7E R
P B AN 47 LU A2 AR A I 90 T, NOBDF 547
HABIFHRER.
3.6 BEETHHEX NOBDFE AR

NOBDF 3% 1% 0 2 — sl 2 W6 7 R E,
N B € 23 50 A IR IE SRR R B H  BLEE
i ANBSC-Smote £ GHT 1A B %L H <B4 55 1 2
PRI 3R, WOAE LR T — T i 5 Ol 78 0 73 2R AACR 1 52
Wi, 34 A Pima Al Abalone P /™ 2048 42, 4 1 T4k 77 5
RIS L, IE 7 SEHURE LR 1:10, [FIFER A 97 %2 X
BAIE, SVM 79 2 88 [A) R ] DA B B &L, e rp AN 2
PEM A I 5 N1, 20 3. 4 B AFE W
Specificity. Sensitivity. G-mean LA} F-measure [1]{H
Hagih Rzl a T E s fEe.

73 Hr B 5(a) A1 6(a) 7] %1: LA G-mean {8 4 51,
pima F 4 4 1 20CR B At BAE A5 BON 1K T 1
abalone #4555 1 F L BCR EBLAE A BON 2 TG LT,

1.00

—— Specificity — Sensitivity

-\_ G-mean  —— F-measure
R B—
.80

1.0 1.5 2.0 25 3.0 3.5 4.0
The number of distance belt

(a) 70 RACR

S
Nel
W

Evaluation mechanism
.O S
o) O
()] [e)

S

3 0.018— Specificity — Sensitivity
g 0.016}—— G-mean

; 0.014}
S 0.012f
o

—— F-measure

/

50.010%
50.008

0.006 : s - - -
1.0 1.5 2.0 2.5 3.0 3.5 4.0

The number of distance belt

(b) ZilTERE
E 5 TEEEGHXT Pima HiEE 7 LB RIS

1.0

E "~
£ 09 N
- [——
3}
[} L
g 0.8
o
g 0.7 Specificity —
< —— Sensitivity
.c—i 0.6 | ==Gian ]
> —Fmeasure
Bo0.5 : :
1.0 1.5 2.0 25 3.0 35 40
The number of distance belt
(a) R RE

0.09
= —— Specificity
g —— Sensitivity
6 007 — Gmean
L —— F-measure
I
% 0.05 |
=)
s 0.03
=

0.0

11.0 1I.5 2.0 2I.5 310 3I.5 4.0
The number of distance belt
(b) GiihF¥ir%E
Bl 6 TREIEEHHX Abalone HIBE 5 LM RAIEM
HL A E 4 A A BE T O B 0 B BTN D, A A
Specificity. Sensitivity LA}z F-measure {E 124 ZBL 1)
5L 43 H1 B 5(b) F1E] 6(b) AT %1: pima i #5 5 7E 17 48
9 TIIE LR S 35 22 B IR (B [F] — 7 50T 4 Fh o
L35 1% 22 B I ), HASHE & I abalone £ 45 42
TEATEON 2 48 T B~ 380R 2 . R 2 M IS
FTEE 638 1] U Hh: 73 8RS B2 v 1) oy H500b R 22 LK
G Tt 38 2. 25 BnT 50, PR B IR 3 ik AR
WAL, IR B BRI R 43 R B A ANE 2 4 o Kk
JE, T L A AR 15 22 2 kb, AR I AT R0 22 43 26
F1R) 205 SR A B 4, SR A R B D AR ) 45 R, 2
B A B 2L
4 & #

R CA R G K ke T7 RAEA P B 4 S 7
RAUCRA G B IEA RGN, AL EF R
HARFEARMI SN R PR, 2 [a] [8] #E DA S AN 11 FE 55
DRI 3R, 3 tH 77— P T R AR o PR AR o R RV
(NOBDF). 1 53345 AN 1~ 18 £ s £ Rl 7 B 88 7 (1 22
fitth b, 0 — b 5k PR 2 T AR AN AR 1 3 A 4 3 )
Smote H 7% (ANBSC-Smote) X 77 P 1E K HE 17 H7 A A
() B, LAIK B0 P B 1 4, e A A R 4R 08
FIPfl7. SIS 25 AR B A HE A R ) RAE T 2,
ASCHTHE I A TR AR IE R R B b i 21
ARG R RE L, YA I BT, BB RS
P, TN AN 35080 1) o R AR T — AN RO BER
B b, AR SGEBEAT 1 5 06 H 4 48 B B i EH X
NOBDF HiE IR 7T, i 78 45 SR 0, i 0 &) 4



1558 ¥ % 5 & K %33%
P SR M REA A Rl S B 5 2k R ] oy ok [11] MBI, Fe30s, 9870, 3T o SMOTE (A P-4

T A BRI 73, 2 A6 B A 20 SR R R &K,

whsL

P B\ 7E 5 B 70 A BEAT IR NSRS

S 3Rk (References)

(1]

(2]

(3]

[4]

(5]

(6]

(71

(8]

(9]

[10]

K A, TR BT Bl 3 1 B B AR 2
S I HLIT). THEEHLEE 75 AR, 2015, 52(7): 1487-
1498.

(Zhang J, Feng L. An algorithm of robust online extreme
learning machine for dynamic imbalanced datasets[J]. J
of Computer Research and Development, 2015, 52(7):
1487-1498.)

Shao Y H, Chen W J, Zhang J J, et al. An efficient
weighted Lagrangian twin support vector machine for
imbalanced data classification[J]. Pattern Recognition,
2014, 47(9): 3158-3167.

BH, XK, 5RIGE. A8 R R R4
A 0], FENUN AL, 2014, 31(5): 1287-1291.
(LiY,LiuZJ,Zhang H J. Review on ensemble algorithms
for unbalanced data classification[J]. Application
Research of Computers, 2014, 31(5): 1287-1291.)

He H, Garcia E A. Learning from imbalanced data[J].
IEEE Trans on Knowledge & Data Engineering, 2009,
21(9): 1263-1284.

Dey S, Sarkar R, Chatterjee K, et al. Pre-cancer risk
assessment in habitual smokers from DIC images of
oral exfoliative cells using active contour and SVM
analysis[J]. Tissue & Cell, 2017, 49(2): 296-306.
BOALFE, F00S, E&IL. IR R A E T IR &g
B 2 R T iR W AT (0], R 3N 5 bt 2016, 35(20):
178-182.

(Duan L X, Guo H, Wang J J. A mechanical fault severity
identification method under unbalanced datasets[J]. J of
Vibration and Shock, 2016, 35(20): 178-182.)

Duan L, Xie M, Bai T, et al. A new support
vector data description method for machinery fault
diagnosis with unbalanced datasets[J]. Expert Systems
with Applications, 2016, 64: 239-246.

Wi B, XUAR R, B, 55 AN HE T & T SVM
f¥y A B AGL TR S5 (0], 4R 30 5 bk, 2010, 29(12): 8-
12.

(Tao X M, Liu F R, Tong Z J, et al. A new fault detection
method of unbalanced data based on SVM[J]. Expert
Systems with Applications, 2010, 29(12): 8-12.)

A8 Rl AR B S SRR IE (0. tH ST S
K, 2013, 50(4): 861-872.

(Fu Z L. A univer-sal ensemble learning algorithm[J]. J
of Computer Research and Development, 2013, 50(4):
861-872.)

Wang S, Xi L. Condition monitoring system design with
one-class and imbalanced-data classifier[C]. Int Conf
on Industrial Engineering and Engineering Management.
Beijing: IEEE, 2009: 779-783.

(12]

[13]

(14]

[15]

(16]

(17]

(18]

(19]

(20]

(21]

KR FZ98 715 T[], TR, 2007, 35(b12): 22-
26.

(Yang Z M, Qiao L Y, Peng X Y. Research on
datamining method for imbalanced dataset based on
improved Smote[J]. Acta Electronica Sinica, 2007,
35(b12): 22-26.)

Han H, Wang W Y, Mao B H. Borderline-SMOTE:
A new over-sampling method in imbalanced data sets
learning[C]. Int Conf on Intelligent Computing. Berlin:
Springer, 2005: 878-887.

He H, Bai Y, Garcia E A, et al. ADASYN: Adaptive
synthetic sampling approach for imbalanced learning[C].
IEEE Int Joint Conf on Neural Networks. Hong Kong:
IEEE Xplore, 2008: 1322-1328.

Masnadishirazi H, Vasconcelos N, Iranmehr A. cost-
sensitive support vector machines[J]. 2015, 1(1): 1-26.
FEWeAR, PNREHT, XUV, SR 9810 i RAE AP 4 4L
673 ST 1], WK A28 4 T2AAR, 2013, 47(6):
944-950.

(Lou X J, Sun Y X, Liu H T. Clustering boundary
over-sampling classification method for unbalanced data
sets[J]. J of Zhejiang University: Engineering Science,
2013, 47(6): 944-950.)

Akbani R, Kwek S, Japkowicz N. Applying support vector
machines to imbalanced datasets[C]. The 15th European
Conf on Machine Learning. Pisa: Springer, 2004: 39-50.
Batista GE A P A, Prati R C, Monard M C. A study of
the behavior of several methods for balancing machine
learning training data[J]. Acm Sigkdd Explorations
Newsletter, 2004, 6(1): 20-29.

Wi B, RS R, Tk F, A R T REACRR M R EURE
AN B8 487 SR 1 L D). 4] 5 TR 5K, 2013, 28(7):
978-984.

(Tao X M, Hao S Y, Zhang D X, et al. Support
vector machine for unbalanced data based under-sampling
approaches on sample properties[J]. Control and
Decision, 2013, 28(7): 978-984.)

Cortes C, Vapnik V. Support vector networks[J]. Machine
Learning, 1995, 20(3): 273-297.

W, K, B, & T RO SVM
FRYA 2 R B B R 2 W (0. 4R 3 52 W, 2017,
37(1): 169-173.

(Cao Y Y, Zhang J, Li Y J, et al. Aero-engine fault
diagnosis based on fuzzy rough set and SVM[J]. J of
Vibrations, Measurement & Diagnosis, 2017, 37(1):
169-173.)

WAPT, SR ES, WUE. R T AN O 20 28 B RO S
) B ALSVE (7], ROE I TR 22424k, 2016, 56(5):
525-531.

(JuZ, Cao J Z, Gu H. A fuzzy support vector machine
algorithm for unbalanced data classifications[J]. J of
Dalian University of Technology, 2016, 56(5): 525-531.)



