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Label(x) == f;}r:gijzrnaf ((xij + bj)/m) (25)

TE &, MBSVM & HI 52 “max” ] 1k 5 77 3,12 5 TWSVM 52 5 4 AN 7 .
2.6.2  JAhEE T 20— SREK 1 % 4 KRR SRR B AL

MBSVM (1) Z IRl 1a) 3 o A st 32 A SR e 18 B R AR AT RS BEAS iy Ju 55 N $2 R B P AT P T 22 40
2K 37 Fr A s Al (nonparallel hyperplanes support vector machine for multi class clasification, fij ¥k NHCMC) 4k & T
MBSVM (i) B4R B SR 2 5 4 g A1 “max” (1 g 5577 SBR[/ F MBSVM,NHCMC f 558 AT LA i 3od /3 57
/MR R AR, I B0 X 3 e PR R AR e MR 17 00, A% 7 57T DL ELEE S .NHCMC 89 5 MBSVM —Ff 7E
AR 2 I SRR R R T T B A L B A5 R 2 INHCMC 1 BRI A 75 SVM I 5 20 — A ] DA B 4
NFEBIAAL SEE, R I NHCMC I 533 2 BR, fi /0N Fe 510400 A0 B30 3 SRR 10 45 SRORS P2 88 v, AT NHCMIC . 5309204
MBSVM #a5E I BARAE R A S 1 7 R0 R 2 R AN AR T BRI 3T fr itk — 2P e sk

Xu S5 NK R ER SRR R B LS 2 X —" 2 4p KRG AR L 5 45 B 7 22 A4 Bk £ 43 28 SR 1) B L (twin
hyper sphere support vector machine, fij# THKSVM))BLTHSKVM 7E Il 23 12 o0 A 75 1k 47 46 [ 1) SR 0 48 4
DR 0k ) 38 58 B, T DAL S SRR 40 % 1) R I A0 THIKSVML Dy 28 g it — AN BR T AR 2 768 1 1T, i 1% o
il 1th SR BURD R FH I 2R 80088 10045 5, 3RS 4 1) 23 K1

SCHR[S8]HE H T —Fh ik T 1 Y6 850 W T 28 A= ST HF ) EE ML, AT 2 06 — SRl 2 BE T B2 0 K02
I3 VT VE BT SR AR LR A Uy FR AL DU e 43 2 10 R, 9 FLAS 75 B AT R A 11 R W0 SR 30 8 48, BT b ) 2 o R B Bk p
T R B — AR TR R i e

EEXF MBSVM 75 Ab BB A7 £ 52 X2 73 28 il /I 28 R AN A R 175 15, SCHR[59,60]7E 2 A8 S ) AL i
T —AME IE TS 15 A= B ) A8 T T -5 00 IR 218 PR R A 22 T BP0 R i DR 120 At ISR AR ot 1) [ T, AN 12 2
A 5 P T 2 T YD TR A A A SR AR AT TN B B, AN R T MBSV 6 5 ) 28 5 1 Bt 73 31 B9 1% R
R J2E 1) 76 ST TR S5 7 ) 208 02 02 1 S N I 70 288 AU & 0 21 ST T P B 2 R 75 Y N8 L ) — A X ] P, 76
JE ISR AR 1) 43 SIS ST T 2 ) AT LU, B3 i 58 40 95 45 L. 55 MIBSM A B, 5t B0 Vo 78 A B BN A7 4E 28 UM 22 43
% I L T 285 SR B A
2.6.3 FETEN "R I L 5 FAR A SRR E AL AR Bk

£T AVO ) MTWSVMs B IAX 36 B — AN AR A 51038, F0 T (1 280 24 1 1 S8 R Ja 8 1 T, 15 21 88 ~F Thl 75
— AN, TR T A S I L A S A RE A SRR A D R B 1) B AR AR, A OmPIKD). 3T OVA I Y
MTWSVMs [ [0 52 2% £y O(m®K), R LR 5 8 H K BRI, 265 AVO J5 7 1) MTWSVMs 7E Il 2433 B J5 T 2

TX ST VF R R 43 SR AN v, L R A P
o H—RXMITIERILIRFAM D R 5 N R 5B 5 A0, N R BN 4 5 14 5 4 1 — ORI SR A S
o HTURYIE N IESSH AL 2 R) AT R AR R A e AR XE A 45 R T T B AT TR A R
25 LT, T AVO LK) MTWSVMSs 3& A 00 828 0] K Bk B T2 SR R K s i B 1 ¢
2.7 FEXTEE

AFTHIRT 6 /NI EEXF 6 28 MTWSVMs [JRBE, $aiii . R R BIE T N BB ES T T &
FEELVR AR B 5.9 7 5 D0 B b R - 2 T v 2 A B AR A R 5 A AN MTWSVMs 3EAT B2 ER % LG
Ve

B R T OVO [ MTWSVMs F1EET OVA ] MTWSVMs, i 9 il 2 5 B 32 1) MTWSVMs.
X FFP7VER B 2T OVO B MTWSVMSs AL #4223 B0 AT L5, 7 Al 2 T8 T 22 T OVA I
MTWSVMs BT8R — B IlGKB 2 N REE MR FRESEEEEAFHERE. SHAN, 2T OVA ¥
MTWSVMs & 28 | 4 F 1F— AN S B FI0L8 25 1) 2 18] f 22 l, DRT b 23 R 22 A2 HE A w1 (H 2 OVA MTWSVMs
SOVE ) SEAR (8T AW T 45 5 S B, TR A A T S A A ) R AN R AR R R AR B, U AR AR R R ik N
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OVA MTWSVMs. 7E Il ki FE I, 0V0 MTWSVMs 7 Il 9k 55 55 ki 1 438 B 3201 B BT OVA MTWSVMs. 4325
e AR /N I, e Wi A OVA MTWSVMs.

DAG MTWSVMs &4 T #F+ OVO MTWSVMs [ 4k 33 5 M 42 5% (1), 3 ALk T OVO MTWSVMs {7
TE R HE 43 X 35k i 7381 AELTE 8 REAN SR AT I B I 2533 |-, DAG MTWSVMs 5 OVO MTWSVMs J& A [F] ).
I4h B F DAG MTWSVMs [ DAG J& — AN Z IR 4544, [F 1, DAG MTWSVMs £ f77E Bt iR 72, 5 5% 1 g 1
—E B Ak E i, DAG MTWSVMs Al OVO MTWSVMs AN 182 78 B kI [A] 5 2% B 1 id J 78 7 2Kl 05
THI#S R BUAH 4. 1Ky DAG MTWSVMs [ 5 S b [R)AH S 5 06, DA bk, 4 R 43 R RE AR B R 2 T I SR AR i), B 123
H DAG MTWSVMs & OVO MTWSVMs.

FEF XMW MTWSVMs fi#ik T OVA MTWSVMs fil OVO MTWSVMs #7776 fI3E 4 .5 OVA
MTWSVMs #H b, 35X 98 75 2 I AR5 I G 7 B A0 BT A I 2R 8800 22 T = XU MTWSV Ms B8 35 Il 250 BR 1)
80 SO 2 R 38 T, DI P RARR W R B AR I ZRE B T OVA MTWSV M. {2 3 F w5 — XA
) MTWSVMs [1SEELEN B 4%, Rk, 22 Bl b 38 1) 1) AN B 2% I, B 4238 - OVA MTWSVMs TE4F.5 OVO
MTWSVMs #H I, 2 F 2 XA 1) MTWSVMs X T K-1 AST-70 2888, 002 A8 F — SOW 25 40 4 20 7 43 25 4% R ot
B REBEMEINFE L. 2.5 DAG MTWSVMs 1 L, 28 T 93 = X i1 MTWSVMs [ B 1HR Z LR H
TR S5k TR b, AR 36 OB 45 4 11 3 R R B v 5 A F 4K, T DAG MTWSVMSs 1) 81 Z AR 20 15
Z N GBAR L 2 2 J5,DAG MTWSVMs (112 U2 i 58 1,110 5 T 2 38 = SUW I MTWSVMSs (1 2505 #)
SE A0 SRAL) G B AR = OB, JU) 2 388 I B3k (9 1 2 T

BT =X — X RIS I 2 4 FEER AR SRR AL T 38 A{+1,0,— L} B AR I FE R 1X A8 4515
AT 43 FEBRAE AL TP S HE A 1 [R] B U AR I RE AR 8 2 T OVO  HEHE Hoxd FL A R A 1) BB AL “ 48 527 TR ks,
T IS RVIRE N 2 0 B2 A LFRFHBHLERREE T OVO MTWSVMSs (4L & RN 315 7 it 75
PR AR BT X X R IR 1) 22 43 S R A SCRE ) AL A 1R T3 At 288 PR R A G Ak R S ) R S B
RURAEE KT OVO MTWSVMs. 53T = XU ) MTWSVMs A Bt 38 T-«— X — X &7 SR 08 1 8 43 2828 4 3
Ry RS —RATE BiHR 2 AT EE ML A, 35 T — X — X 47 5 1 22 4 2484 S i B ALK
SRAFAEAE 43 X 39, 10 L VI 38 B A 4 B 2 F = W MTWSVMs Z 18,

5 OVO MTWSVMs,DAG MTWSVMs Ll = X #f MTWSVMs Lk, 2T AVO 1) MTWSVMs il OVA
MTWSVMs —FEELAT JEH 50 . SZBIL 7 B i 00 A4 B Rl OVA MTWSVMs — £, 3£ F AVO I MTWSVMs i
Sl Rt 22 28 1 — 28, AT BB R SF 45 1] L 5 OVA MTWSVMs A EE, 2 T AVO (] MTWSVMs 7
P LSS 1 TR D SRR TR I B R T AVO ) MTWSVMs B2 T2 F OVA ] MTWSVMs. 2 T
AVO ] MTWSVMs 52T OVO ] MTWSVMs #H E LA (0L 342 BT i I 2R 1 T 4 R 38 A 300 /it 2443 25 1)
LBV 2 AN 2 B BT AVO T MTWSVMs i 7k 45 /A SR 1 B, T OVO MTWSVMs 2 2 — ML £+
Sy RBIVE R IR G LT T AR B A AL I 28 AR K B T AVO I MTWSVMs I ] 53 2% B 2% T 3
il 5 287775 R, AVO MTWSVMs & &L 8 201 2 1 43 28 1] /LA 2 2 T AVO 1 MTWSV M 1 43 28 HE T 26
A B L oAt 5 2R .

3 BURSLIutLI

AR Xt 5 o SRV AT B S B0 6 L S B8 3 B 28 22 43 R AR AR SRR ) B AL P L AR M I S AT R
SN T ARAIE S50 [ AT S, AR SR FH 22 OB IE, B oK A BE ALY 23 A 10 43 AR UG R 1 A A R A 3 A
8 I B, % 45 A4S BdE 48, & b VR B AT 10 RN AR B 4T R8N 2G N AF,CORE 2 Ak
#2.2.19GHz 4, Windows7 H:1F 2 45 45 & S0E 458 ] Matlab2012a S EATE 47 A Sk I UCH A28 2% = $dis
LA R B0 e St Sk AT A, B A i B RS B LR LR A RBF % AE N AZ ok 4, I A KT 7L 3R
W,RBF 1% bR BUEAT LU Ath bR 25080 42 1) M 8. 3R P 4 ZRORE B Dl 128 SUERAIF BT 4510 1 24 285 SR 2 0 adk 3 A5 ) D) 4%
R, N-6~6, 2 K A 0.5, Y1 2R Bidls 78 T Il 2520 2R 8% 1 AT 00— 1k 38 2 A% 3 1, ACC KR A} B

© TEBREEEEIEDT  htp/ www. jos. org. cn



THER FEoRFALIEFQENARLE

SE T2 70 FUE 2 STD R 10 IRSEI6 T 15 73 FEHEI 3 HO bR 22
Table 1 Description of UCI data sets for test

=1 HREETEHER
W5 BURE O REARAMNE RERGER R
1 Wine 178 13 3
2 Glass 214 9 6
3 Balance 625 4 3
4 Iris 150 4 3
5 Vowel 528 10 11
6 Landsat 2 000 36 6
7 Segment 2310 18 7
8 Seeds 210 7 3
9 DNA 3186 180 3
10 Optdigits 5620 64 10

Table 2 Comparison of experimental results in linear case
R2 MRS T R R L

P OVATWSVM OVO TWSVM ODAG TWSVM BT TWSVM  MBSVM  Twin KSVC
ACC+STD ACC+STD ACC+STD ACC+STD  ACC+STD  ACC+STD
1 Wine 95.16+1.20 98.41+2.23 98.41+3.47 98.39+5.24  95.77+1.41  96.67+3.42
2 Glass 45.91+4.81 49.66+5.87 46.29+7.80 46.96+5.36  43.56+6.32  45.32+3.46
3 Balance 83.52+3.63 85.54+0.79 85.3242.12 85.76+1.51  85.66+0.86  84.86+6.83
4 Iris 88.33+2.32 86.32+1.33 87.32+1.65 86.37+3.68  88.67£3.26  86.76+4.39
5 Vowel 82.65+1.63 83.64+2.87 80.37+3.53 83.66+3.65  84.73+5.67  85.83+2.28
6 Landat 76.16+1.37 77.68+4.39 79.98+3.74 78.36+3.23  76.76+0.98  76.19+3.27
7 Segment 93.25+1.37 94.85+0.87 92.35+0.84 90.10+0.81  89.89+0.67  90.15+2.30
8 Seeds 95.19+3.65 96.65+2.62 96.65+1.36 93.47+4.74  95.7242.69  94.65+2.65
9 DNA 85.82+3.86 86.99+1.66 84.1842.92 83.21+3.28  78.26+2.63  80.23+7.28
10  Optdigits ~ 97.75+1.02 96.13+1.37 97.24+1.32 95.14+2.71  96.28+2.64  96.25+1.97

Table 3 Comparison of experimental results in nonlinear case

F3 ARLMENE LT A4 R
P OVATWSVM OVO TWSVM ODAG TWSVM BT TWSVM  MBSVM  Twin KSVC
ACC+STD ACC+STD ACC+STD ACC+STD ACC+STD  ACCHSTD
1 Wine 97.02+1.69 98.62+2.22 96.63+3.24 96.32+6.32  95.93+0.71  97.64+3.37
2 Glass 50.91+5.24 50.65+6.32 51.29+7.80 52.23+5.36  43.33+6.32  52.32+3.46
3 Balance 85.98+2.68 85.46+0.79 85.70+0.84 85.36+1.96  86.35+0.86  84.20+5.06
4 Iris 96.99+1.15 97.3242.15 97.32+1.70 96.87+1.19  97.33+4.23  97.63+2.35
5 Vowel 86.45+4.78 82.64+2.18 82.37+2.75 83.89+3.75  84.57+45.69  83.68+1.37
6 Landat 80.63+1.37 82.68+3.55 82.6243.43 85.36+2.78  80.76+1.11  84.25+3.98
7 Segment 91.51+3.65 93.67+1.41 93.54+1.34 94.15+1.61  89.68+2.58  91.68+1.65
8 Seeds 93.19+1.20 95.65+2.53 93.13+3.16 89.35+5.98  95.17+7.98  90.32+2.66
9 DNA 85.75+3.84 89.42+1.66 87.4242.03 83.2345.26  78.82+3.46  87.23+6.32
10  Optdigits  98.15+1.33 97.38+0.80 97.27+1.29 96.55+2.61  97.42+1.15  95.47+3.94
M 2 ] LLE H:

o ZMERENLR E UCH Bl % _E,OVO TWSVM B AR /3 8 B

103

B e ), AE 5 B R ERAT T g R

IAH,OVO TWSVM (UAE— MRS Iris b2 a5 2 BRI (H 2 OVO TWSVM fE Vowel #
Optdigits 1X W AN FEARSEGEIT 10 MEIEE FRIALE;
o X ODAG TWSVM (R B th R4 7E50¥E 45 Landat | /194> 2805 B HAth 5792 76 3 N a4 B
B AL R H K4 IR OVO TWSVM,7E Glass A1 Balance 433845 k4T OVO

TWSVM,;

o XML, MBSVM 73245 B LA 8 PRI A2 3 A Eidls b B 23 RS BE R T T VA T R ZE 1Y,
e BTTWSVM 5 Twin KSVC )7 Sk FEAH 2, #8E — D Edla 48 LIS T 4R,

MFE 3 T LA H:

o TE{HFH RBF IS LR, 7E UCI F3E 42 | ,OVO TWSVM 4K 43 K BEAR SR 2 B I 11, 78 4 MBI 4
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AR T Fe s R SN RESIEE DNA £,0V0 TWSVM 14 25885 B B &5 1 HoAth B3k ik 4, OVO
TWSVM 7E T 5m 5 F 10 43 280 R A0 AN 2 SR M 11,
o MBSVM A 40 F 45 L 2 78 4 N B 1 (0 4 20 BE R BT 5 v P d 22 1 (B AR FE — /N B8 AR
T RAERS
e BT TWSVM Fl Twin KSVC #B{E RSB £ LS T4 B E— AN BiRE LIS T RES R
e ODAG TWSVM HARFEATA Hdin 5 b # A B i 25 R AR H 7y 2845 BAAf %L OVO TWSVM, 7E
Glass I Balance 1142845 H147F OVO TWSVM.
g4 PL_E 2y B Al 45 S E T 5 ,0V0 TWSVM Al ODAG TWSVM 43 2K B 2 A3 11,11 MBSVM (1) 43 25Kk
EA R Tt
T BRI A Bl BRI B A% BE, R S B I R R B 0 K £ 4y AR AR S Rl LR A TN AT 1Y B i L
Vowel F1 Pendigits P A 45 S E 3E— 25 (¥ SL06 43 A7 2 43 2820 A SR 1) B I I SRS [R] == 2255 43 28 e 1) 1 5
FEAR BB AR BB 56,0 T WK S 28 2 43 228 A6 SR ) LI B 1) 520 2% B 55 4 288 il 8 1) )1 5 A 0 ) 56
2.4 5 Pendigits B & AN 255 rh BEHLAHEL 10%. 20%. 30%. 40%. 50%. 60%. 70%. 80%. 90%HI4: ke
A ZH A B [RIERE A2 E 35 50 3 3 (1 10 AR 4K B 6 2 &P BRI 7E X 10 AN EHE SE B IR VI SB[ (9 47 28
P S 560 BT R D R 2 P A TR iy 22 P A B B o P s i) 20 T A ke 365 e SR 380 4D ) 85 B TV 5040 8 o L S b
32 2 43 R A ST R R AU Y 2R 5 () () 5 2% B2 NI 6 A ml LTS I M H B 5 R AR B i 38 3% 28 2 4%
2528 S R LYI RN 1) (A8 AL Fa %5, OVA TWSVM AT Twin KSVC 111 25 5] 18] Fif 1 A 550 100 486 0 1 8 o i1 528
FE BT MBSVM NI 18 45 6 36 2 N3k 3 rp 43 e R 30 (W A4 SR mT DU HH s o o7 P o, T R 0o 43 2 e Aff o
FR T SR AN 2T I ke A H B XU ok, BB MBSVML B0 B 75 B8 R T s 3 7120 26 45 5 AT BLik - OVO
TWSVM,E 2y OVO TWSVM 73 2 Ui 28 0 44 2 f i 1, 9 FLI [B] 52 2 A 2 1R .
e FAE 11 A0 Vowel W & 55015 I SR R] BEARE A< 25 H 3900 0078 A0 A5 350 LA 43 BT &% S50 i (1) 52 %
P BEREA SR BRI A4 FE 00 B Vowel FRIIES 1 28~58 4 SRIE NS 1 38,55 5 25~40 8 25/E N5 2 25,55 9 K~
11 AN 3 MR — A = 7 B 4 B Vowel TR I EE 1 28~2F 3 KB NEE 1 25,56 4 25~28 6 BN 2 2K,
BT X~ 9 BAEANE 3 2K,5E 10 B~ 11 BN 4 MR — AU 7 AR &, T SR8 B L 4 2R 5L
. N RBEE . LORYEEE. \DBEIEE. AR EUEE. O REEREN+ 0 AR £ XM
1320 9 AR A A I EER FEARANEOR — REI T REAR R EOR R 7 2 &P ENEIEX 10 S ER 4 Rl
ZRBF ) B4 2R 1.

1000 . . . . . — . 16
--P-- OVO TWSVM

--—+-- OVA TWSVM
--—¢-- ODAG TWSVM
|| —— BTTWSVM
—%— MBSVM

Twin KSVC

900 r

[
N

oo OVA TWSVM
800 | | ——¢"— ODAG TWSVM £
—#— BTTWSVM

700 | —%— MBSWM

Twin KSVC
600 - F

oy
N

=
o
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IR 7] ()
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Fig.6 Relationship between training time Fig.7 Relationship between training time
and the number of samples and the class number
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A CAE H 28030 3 N 4 B 6 Fift S5030k R )11 5508 B T4 A AR K I 22 03] B 3 DI 8 A 2 50 B 348 o, MBS VM
FA I 25 18] 1 £ 9620 .OVA TWSVM A Twin KSVC I 2R E) 3T AL T 28 P 36 K.0VO TWSVM AT Twin KSVC
YN GRE 18] BNt 3R B BB 45 & 38 2 ANER 3 Hh o3 SRHET SR A IR 25 S AT LA - s B 82 i A, B SR T W £ 1)
R B 2R B 22 T 43 2R R 2R B2 SR AN R 5, U SR MBSV S B g PR 3e 25 58 S ook 88 R R 8 L R 3k
F OVO TWSVM.ODAG TWSVM 8¢ BT TWSVM L FE [t BAAR /) A5 (1) 280 H b i, g BUA8 A OVA TWSVM
F1 Twin KSVC.

4 B4

¥ TWSVM #2112 7322 TWSVM F 58 i i) — AN B B2 28, AR SO IR 4 R MTWSVMs 1A 58 33 e 1EAT
TR CHENIM R EEA R T R W BN . DAG 4R, IR T XS, Xt
XA HME RN L N —"IX 6 Pl HEIE ) MTWSVMs. % Fh S IE 1 2 % H ARGk S AR SCBLE 40 28 TWSVM SR AL
FEHE MBI 243 B 1 7 O IRIE, 43 T A 2B M B T 6 1 MTWSVMs 8032, 40 B T &R EE I AR B 5,
3 o B S0 0 B TR SR AR R (0 B9 MTWSVMs AT 57 AR 2 BUAR T AN /b R B R E Y 2
I O 4 482 e 3 AR SO, IE TR AE AR JUANIE E 7 ) i B e s A el g

(1) HIRHTFFL.MTWSVMs [IHTF 70K 2 02 SLI0 IR S 1), BRR B A A IR & . 58 3 MTWSVMs F &Rt &
Gtz MTWSVMs & J& I3 4, TR AR5 S0l 18 15 50 1

(2) WL MTWSVMs 1) 47 P BULE & R B0 AR5 F LB 8, LT BT MTWSVMs 1) 4b 3 45 2 45
R AN 2 AT R R R v R B HL R A% R Y B B U 6 MTWSVMs #E4T 3147 1k, th R 2 R Sk 2 7
MTWSVMs 4b B K B8 B8 3 M RCE I K & 7 ). MTWSVMs £ 75 i& & 347 8. il &340 31 2 - 8t iR
DA S B A7, #2 oA% AE JR F ) f

(3) % MTWSVMs I8 FH 4k, B 5T, MTWSVMs [R5 BR, K FB 875 1) MTWSVMs Sk # T &b
FHUSHT TN BN T HESh £ 528 TWSVMs [k — 25 Kk &, T AT L 5 45 A 1 M R 56 3 4 30305 (¥ 7 P 43
. A SeBR R, A R ik MTWSVMSs B3 — S 1 R JE.

References:
[1] Cortes C, Vapnik VN. Support vector networks. Machines Learning, 1995,20(2):273-297. [doi: 10.1023/A:1022627411411]
[2] Vapnik VN. The Nature of Statistical Learning Theory. New York: Springer-Verlag, 1998. [doi: 10.1007/978-1-4757-3264-1]
[3] Khemchandni R, Chandra S. Twin support vector machines for pattern classification. IEEE Trans. on Pattern Analysis and Machine
Intelligence, 2007,29(5):905-910. [doi: 10.1109/TPAMI.2007.1068]
[4] Ding SF, Yu JZ, Qi BJ, Huang HJ. An overview on twin support vector machines. Artificial Intelligence Review, 2014,42(2):
245-252. [doi: 10.1007/s10462-012-9336-0]
[5] Kumar MA, Gopal M. Least squares twin support vector machines for pattern classification. Expert Systems with Applications,
2009,36(4):7535-7543. [doi: 10.1016/j.eswa.2008.09.066]
[6] Peng XJ, Xu D. Twin Mahalanobis distance based support vector machines for pattern recognition. Information Sciences, 2012,200:
22-37. [doi: 10.1016/j.ins.2012.02.047]
[71 Shao YH, Chen WJ, Zhang JJ, Wang Z, Deng NY. An efficient weighted Lagrangian twin support vector machine for imbalanced
data classification. Pattern Recognition, 2014,47(9):3158-3167. [doi: 10.1016/j.patcog.2014.03.008]
[8] Ding SF, Zhang XK, Yu JZ. Twin support vector machines based on fruit fly optimization algorithm. Int’l Journal of Machine
Learning and Cybernetics, 2016,7(2):193-203. [doi: 10.1007/s13042-015-0424-8]
[91 Kumar MA, Gopal M. Application of smoothing technique on twin support vector machines. Pattern Recognition Letters, 2008,
29(13):1842-1848. [doi: 10.1016/j.patrec.2008.05.016]
[10] Huang HJ, Ding SF, Shi ZZ. Smooth CHKS twin support vector regression. Journal of Computer Research & Development, 2015,
52(3):561-568 (in Chinese with English abstract). [doi: 10.7544/issn1000-1239.2015.20131444]

© TEBREEEEIEDT  htp/ www. jos. org. cn



106 Journal of Software #AF3# Vol.29, No.1, January 2018

[11] Ding SF, Huang HJ, Shi ZZ. Weighted smooth CHKS twin support vector machines. Ruan Jian Xue Bao/Journal of Software, 2014,
24(11):2548-2557 (in Chinese with English abstract). http://www.jos.org.cn/1000-9825/4475.htm [doi: 10.3724/SP.J.1001.2013.
04475]

[12] Ding SF, Huang HJ, Xu XZ, Wang J. Polynomial smooth twin support vector machines. Applied Mathematics and Information
Sciences, 2014,8(4):2063-2071. [doi: 10.12785/amis/080465]

[13] Peng XJ, Kong LY, Chen DJ. Improvements on twin parametric margin support vector machine. Neurocomputing, 2015,151(2):
857-863. [doi: 10.1016/j.neucom.2014.10.010]

[14] Xie XJ, Sun SL. Multitask centroid twin support vector machines. Neurocomputing, 2015,149(2):1085-1091. [doi: 10.1016/j.
neucom.2014.07.025]

[15] Gu B, Sheng VS, Wang ZJ, Ho D, Osman S, Li S. Incremental learning for v support vector regression. Neural Networks, 2015,67:
140-150. [doi: 10.1016/j.neunet.2015.03.013]

[16] Peng X, Xu D. A twin hypersphere support vector machine classifier and the fast learning algorithm. Information Sciences, 2013,
221:12-27. [doi: 10.1016/j.ins.2012.09.009]

[17] Mehrkanoon S, Huang XL, Johan S. Non parallel support vector classifiers with different loss functions. Neurocomputing, 2014,
143:294-301. [doi: 10.1016/j.neucom.2014.05.063]

[18] Hua XP, Ding SF. Weighted least squares projection twin support vector machines with local information. Neurocomputing, 2015,
160:228-237. [doi: 10.1016/j.neucom.2015.02.021]

[19] Gu B, Sheng VS. A robust regularization path algorithm for v support vector classification. IEEE Trans. on Neural Networks and
Learning Systems, 2016. [doi: 10.1109/TNNLS.2016.2527796]

[20] Tanveer M, Shubham K, Aldhaifallah M, Ho SS. An efficient regularized K nearest neighbor based weighted twin support vector
regression. Knowledge Based Systems, 2016,94:70-87. [doi: 10.1016/j.knosys.2015.11.011]

[21] Shao YH, Wang Z, Chen WJ, Deng NY. A regularization for the projection twin support vector machine. Knowledge Based System,
2013,37:203-210. [doi: 10.1016/j.knosys.2012.08.001]

[22] Nasiri JA, Charkari NM, Mozafari K. Energy based model of least squares twin support vector machines for human action
recognition. Signal Processing, 2014,104(6):248-257. [doi: 10.1016/j.sigpro.2014.04.010]

[23] Yuan CS, Sun XM, Liu R. Fingerprint liveness detection based on multi scale LPQ and PCA. China Communications, 2016,13(7):
60-65. [doi: 10.1109/CC.2016.7559076]

[24] Khemchandani R, Sharma S. Robust least squares twin support vector machine for human activity recognition. Applied Soft
Computing, 2016,47:33-46. [doi: 10.1016/j.as0c.2016.05.025]

[25] Al Dhaifallah M. Twin support vector machine method for identification of wiener models. Mathematical Problems in Engineering,
2015,2015(2):1-7. [doi: 10.1155/2015/125868]

[26] Tomar D, Agarwal S. A comparison on multi class classification methods based on least squares twin support vector machine.
Knowledge Based Systems, 2015,81:131-147. [doi: 10.1016/j.knosys.2015.02.009]

[27] Tomar D, Agarwal S. Twin support vector machine: A review from 2007 to 2014. Egyptian Informatics Journal, 2015,20(1):55-69.
[doi: 10.1016/j.€ij.2014.12.003]

[28] Xie JY, Hone K, Xie WX, Gao XB, Shi Y, Liu XH. Extending twin support vector machine classifier for multi category
classification problems. Intelligent Data Analysis, 2013,17(4):649-664. [doi: 10.3233/IDA-130598]

[29] Wang Z, Chen J, Qin M. Non parallel planes support vector machine for multi class classification. In: Proc. of the 2010 Int’l Conf.
on Logistics Systems and Intelligent Management. 2010. 581-585. [doi: 10.1109/ICLSIM.2010.5461354]

[30] Cong HH, Yang CF, Pu XR. Efficient speaker recognition based on multi class twin support vector machines and GMMs. In: Proc.
of the IEEE Conf. on Robotics, Automation and Mechatronics (RAM). Chengdu, 2008. 348-352. [doi: 10.1109/RAMECH.2008.
4681433]

[31] Chen SG, Xu J. Least squares twin support vector machine for multi class classification. Int’l Journal of Database Theory &
Application, 2015,8(5):65-76. [doi: 10.14257/ijdta.2015.8.5.06]

[32] Tomar D, Agarwal S. Multiclass least squares twin support vector machine for pattern classification. Int’l Journal of Database
Theory and Application, 2015,8(6):285-302. [doi: 10.14257/ijdta.2015.8.6.26]

© TEBREEEEIEDT  htp/ www. jos. org. cn



TeC 55 aATA LB TIALBE to7

[33] Li CN, Huang YF, Wu HJ, Shao YH, Yang ZM. Multiple recursive projection twin support vector machine for multi class
classification. Int’l Journal of Machine Learning and Cybernetics, 2016,7(5):729-740. [doi: 10.1007/s13042-014-0289-2]

[34] Yang ZM, Wu HJ, Li CN, Shao YH. Least squares recursive projection twin support vector machine for multi class classification.
Int’l Journal of Machine Learning & Cybernetics, 2016,7(3):411-426. [doi: 10.1007/s13042-015-0394-x]

[35] Tomar D, Agarwal S. An effective weighted multi class least squares twin support vector machine for imbalanced data
classification. Int’l Journal of Computational Intelligence Systems, 2015,8(4):761-778. [doi: 10.1080/18756891.2015.1061395]

[36] Shao YH, Chen WJ, Wang Z, Li CN, Deng NY. Weighted linear loss twin support vector machine for large scale classification.
Knowledge Based Systems, 2015,73:276—288. [doi: 10.1016/j.knosys.2014.10.011]

[37] Tomar D, Agarwal S. Multi class twin support vector machine for pattern classification. In: Proc. of the 3rd Int’l Conf. on
Advanced Computing, Networking and Informatics, Vol.43. Springer-Verlag, 2016. 97-110. [doi: 10.1007/978-81-322-2538-6_11]

[38] Platt JC, Cristianini N, Shawe Taylor J. Large margin dags for multiclass classification. Advances in Neural Information Processing
Systems, 2000,12(3):547-553.

[39] Gu HB, Niu B, Gao ZX. A directed acyclic graph algorithm for multi class classification based on twin support vector machine.
Journal of Information & Computational Science, 2014,11(18):6529-6536. [doi: 10.12733/jics20105038]

[40] Tomar D, Agarwal S. Direct acyclic graph based multi class twin support vector machine for pattern classification. In: Proc. of the
ACM Ikdd Conf. 2015. 80-85. [doi: 10.1145/2732587.2732598]

[41] Chen J, Ji GR. Multi class LSTSVM classifier based on optimal directed acyclic graph. In: Proc. of the Int’l Conf. on Computer and
Automation Engineering. IEEE, 2010. 100—104. [doi: 10.1109/ICCAE.2010.5452037]

[42] Zhang XK, Ding SF, Sun TF. Multi class LSTMSVM based on optimal directed acyclic graph and shuffled frog leaping algorithm.
Int’l Journal of Machine Learning and Cybernetics, 2016,7(2):241-251. [doi: 10.1007/s13042-015-0435-5]

[43] Li K, Huang WX, Huang ZH. Multi sensor detected object classification method based on support vector machine. Journal of
Zhejiang University (Engineering Science Edition), 2013,47(1):15-22 (in Chinese with English abstract). [doi: 10.3785/j.issn.1008-
973X.2013.01.003]

[44] Xu YT, Guo R, Wang LS. A twin multi class classification support vector machine. Cognitive Computation, 2013,5(4):580-588.
[doi: 10.1007/s12559-012-9179-7]

[45] Nasiri JA, Charkari NM, Jalili S. Least squares twin multi class classification support vector machine. Pattern Recognition, 2015,
48(3):984-992. [doi: 10.1016/j.patcog.2014.09.020]

[46] Khemchandani R, Pal A. Multi category Laplacian least squares twin support vector machine. Applied Intelligence, 2016. [doi:
10.1007/510489-016-0770-6]

[47] Chu MX, Gong RF, Wang AN. Strip steel surface defect classification method based on enhanced twin support vector machine.
Trans. of the Iron & Steel Institute of Japan, 2014,54(1):119-124. [doi: 10.2355/isijinternational.54.119]

[48] Chu M, Wang A, Gong R, Sha M. Multi class classification methods of enhanced LS TWSVM for strip steel surface defects. Int’l
Journal of Iron and Steel Research, 2014,21(2):174-180. [doi: 10.1016/S1006-706X(14)60027-3]

[49] Khemchandani R, Saigal P. Color image classification and retrieval through ternary decision structure based multi category
TWSVM. Neurocomputing, 2015,165:444-455. [doi: 10.1016/j.neucom.2015.03.074]

[50] Nie PP, Li Z, Liu LL. Application of multi class classification algorithm based on twin support vector machine in intrusion
detection. Journal of Computer Applications, 2013,33(2):426—429 (in Chinese with English abstract). [doi: 10.3724/SP.J.1087.
2013.00426]

[51] Khemchandani R, Pal A. Tree based multi category Laplacian TWSVM for content based image retrieval. Int’l Journal of Machine
Learning & Cybernetics, 2016. [doi: 10.1007/s13042-016-0493-3]

[52] Xie JY, Zhang BQ, Wang WZ. A partial binary tree algorithm for multiclass classification based on twin support vector machines.
Journal of Nanjing University (Natural Sciences), 2011,47(4):354-363 (in Chinese with English abstract).

[53] Li QL, Wang JJ, Gao BB. Multi classification algorithm for twin binary tree support vector machine. Journal of Southwest
University (National Science Edition), 2014,36(7):162—168 (in Chinese with English abstract). [doi: 10.13718/j.cnki.xdzk.2014.07.
026]

© TEBREEEEIEDT  htp/ www. jos. org. cn



108 Journal of Software #AF3# Vol.29, No.1, January 2018

[54] Shao YH, Chen WJ, Huang WB, Yang ZM, Deng NY. The best separating decision tree twin support vector machine for multi class
classification. Procedia Computer Science, 2013,17:1032-1038. [doi: 10.1016/j.procs.2013.05.131]

[55] Yang ZX, Shao YH, Zhang XS. Multiple birth support vector machine for multi class classification. Neural Computing and
Applications, 2013,22(Suppl 1):5153-S161. [doi: 10.1007/s00521-012-1108-X]

[56] Ju XC, Tian YJ, Liu DL, Qi ZQ. Nonparallel hyperplanes support vector machine for multi class classification. Procedia Computer
Science, 2015,51(1):1574-1582. [doi: 10.1016/j.procs.2015.05.287]

[57] Xu YT, Guo R. A twin hyper sphere multi class classification support vector machine. Journal of Intelligent and Fuzzy Systems,
2014,27(4):1783-1790. [doi: 10.3233/IFS-141145]

[58] LiDW, Tian YJ. Twin support vector machine in linear programs. Procedia Computer Science, 2014,29:1770-1778. [doi: 10.1016/j.
procs.2014.05.162]

[59] Zhang XK, Ding SF, Xue Y. An improved multiple birth support vector machine for pattern classification. Neurocomputing, 2017,
225:119-128. [doi: 10.1016/j.neucom.2016.11.006]

[60] Ding SF. Twin Support Vector Machine: Algorithm, Theory and Extension. Beijing: Science Press, 2017 (in Chinese).

Mt o 3255 3Tk
[10] AR, T %, s DL CHKS 284 SCRE ) &t [B1 AL T LA 78 55 &% & ,2015,52(3):561-568. [doi: 10.7544/issn1000-1239.
2015.20131444]

[11] TR B ARG, s AL IO CHKS 224 SRR A &L B0 1 52k, 2013,24(11):2548-2557.  http://www.jos.org.cn/1000-9825/
4475.htm [doi: 10.3724/SP.J.1001.2013.04475]

[43]  ZRAR, T SO, B B AR T SCRE M L) 2 A% AR DN H AR 43 2807 925 WL K 2% S 4l (T4 1R),2013,47(1):15-22. [doi: 10.3785/j.
issn.1008-973X.2013.01.003]

[50] My Wt Je 1), U B B . T SRR 1) AL IR 22 28 3 SR AR A8 AR R W A g 82 o E BN T, 2013,33(2):426-429. [doi: 10.3724/
SP.J.1087.2013.00426]

[52] IR 2%, 5K S AL VE 348 T 00 SCRF 1) B AL 9 i — SRR 22 288 3 R BV B K S 4R (B 98 BH5),2011,47(4):354-363.

[53] ZEAKbK, F A 2, oot 2R AR 2 OWE SCRR ) 8 2 4 LD T R K AR A (B A B4 hi),2014,36(7):162—-168. [doi: 10.13718/j.
cnki.xdzk.2014.07.026]

[60] T K AEAE TR rIEALILS . BE K IR R AL R R R A, 2017,

THTE963—), T i AR H BN AL #H
#2182 9 00,CCF A 2 0, F TR T
A N TR Re S R GIR B HLas o 21 5
P4, KK R B A

S I8 (1992 —), U3 Ml oL, TR AL A
ML 22 21 SCHFF AL 2 A SO HF & L

3K (1990—), 53, 0 2, J: BT 5 U
BL3 27 51 15 BB P, SR 1 AL 35
U R .

LIRIB (1993 —), &, Wi+ 4=, 3 FH 54U
HLBE S o] Rk A 5] SRR L AR A
KR L

© PEBEERKCEIFR  htps/www. jos. org. cn



