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Energy-based structural least square twin support vector machine

SHI Songhui'?’, DING Shifei'"

(1. School of Computer Science and Technology, China University of Mining and Technology, Xuzhou 221116, China; 2. Engineer-
ing Research Center (Ministry of Education) of Mine Digitization, Xuzhou 221116, China)

Abstract: The least square twin support vector machine (TWSVM) is very sensitive to noise and outlier. To solve this
problem, we propose an energy-based structured least square TWSVM (ES-LSTWSVM). First, we perform a cluster
analysis on each class, then compute the covariance matrix of each cluster in the classes, and introduce it into the object-
ive function. To reduce the influence of noises and outliers on the algorithm, an energy factor is introduced to each hy-
perplane, and the equality constraint is converted into an energy-based form on the basis of least squares. Finally, we ad-
opt the “all-versus-one” strategy to apply the proposed algorithm in solving a multi-class classification problem. The ex-

perimental results show that ES-LSTWSVM has good classification performance.
Keywords: twin support vector machine; least square; structural information; cluster; covariance matrix; en-

ergy factor; “all-versus-one” strategy; multi-class classification problem
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bounded support vector machine, TBSVM), fix/)» —
Te 25 Az 37 4% ] B ML (least square twin support vec-
tor machine, LSTWSVM) . dE 17 37 35 i) &2 #L "
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254 T RF A L (1-v-r LSTWSVM) ., B0tk 9 F5e /)
e AE A 243 25 S i R P ((improvements on
least squares twin multi-class classification support
vector machine, ILST-KSVC), £ 4 /) 9 2+
i) 7 HL (multiple birth least squares support vector
machine, MBLSSVM) 5 A SCHEFEAT oA, 925
S50 10 Pra8 B IE R o fEAR LM B
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3.1 KR

FEAT i, {8 UCT 30488 45 Hh 19 Tris . Wine .,
Vowel, Balance. Vehicle, Zoo 1 Segment, iX2L%§
PR REIN R 1 s .

F1 BUIBESEMESKHT
Table 1 The detail features of the datasets

PGS HEAA KL FHIEAERL Bk
Iris 150 4 3
Wine 178 13 3
Vowel 528 10 11
Balance 625 4 3
Vehicle 846 18 4
Zoo 101 16 7
Segment 2310 18 7

K29 T ERARAEM RSO T
Mo REE R . K3 Hh T BRI RAE T E
AITEOL A e ah . R 2 AT RIEH, 20
B 7F Wine. Balance. Vehicle. Zoo X 4 /M54 45
EA R R, OF HAE A BE 4 Ay
ARSI R, WSR3 TTLLE W, Prie i iRk
Iris, Vowel, Balance, Vehicle, Zoo . Segment iX
6 M Y 43 R HER R iR fmi, JF HLE Wine X
e P AR R RO HERG A R 1 RS SRR
HMA LR

R2 LMBEHTHEBENLER

Table 2 Comparison of accuracies using linear kernel

spg e ST sy $§c
LSTWSVM LSTWSVM KSVC B

Tris 9535 91.63 7667 8573 9045

Wine  97.26 97.67 9790 9880  98.99
Vowel  80.66 412 5000 4738 49.60
Balance  86.39 8587 8847 8663  88.65
Vehicle 8004 7718 4580 7870  81.14
Zoo 9487 9202 9285 9651  98.3

Segment  94.32 9051  60.60 8972 90.45
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Table 3 Comparison of accuracies using RBF kernel

. 1-v-1 1-v-r ILST- e
LG IE S MBLSSVM .
LSTWSVM LSTWSVM KSVC (=NiN
Iris 95.03 96.12 80.00  94.87  98.00
Wine 74.34 76.69 91.89 7177  75.17
Vowel 97.86 98.64 9828  96.09  98.93
Balance  88.91 90.12 91.06  87.81  91.40
Vehicle  80.79 80.25 5877 7571  81.20
Zoo 96.93 97.11 96.72 9561  97.62
Segment  84.54 85.32 7576 9331  93.79
100 5 }
ool #7 N\ 7 Ay
v ! \ /i - i 2
g 80p A T/ B 4
#o0l
= 70 \ ;
:g:.l 60,
50 F
40 t
P D ) (<) Qo N
\‘\% -\& & & ¢ &
EMS & & v %@5\

—8—1-v-1 LSTWSVM —# - [-v-r LSTWSVM - 4k - ILST-KSVC —w- MBLSSVM —-4— OURS

(a) LRIEAZ RBCT R B2 ) L 4R

100 -
90 -
=
80t
&
70+ &
60 -
) ] > o 2 ) X
¥ §F & &S &
& QO %&% 459 %&&

—@—1-v-1 LSTWSVM —@ - [-v-r LSTWSVM - o - ILST-KSVC —% MBLSSVM —-+—OURS

(b) A2 1 HEAZ pRBC T KA JEE ) L 4%
B1 HEFHENLR

Fig.1 Comparison of algorithm accuracies

32 BEESHE ME NEXMERARIT
R HrRER S5 E. M EC X ES-LSTWS-
VM Y4325 BE R %2 MW, 7E Heart. Liver, Breast #/l
Tonosphere FHli 4 AT 19080, It 5| A A28 fg
SR, FITHE A S SR i R N 1 R A
MEFE L IR AR R SR TR, R
T HRZ ISR SO S A5 R B2, ¥ ES-
LSTWSVM i) KA S H0k & oA e, 18 2 2
78 T A2 BETE Australian., Heart 1 Diabetes Z{ 4
£ MR RS E. M E. AR AR L. & 2(a)
W/R E, =07, E_= 1.0 i, 557 Heart 44 -

B 43 2 WE T 2R 25 3K 86.96% . &l 2(b) R E. :
E_=4:3 I, BEELE Liver BB 4E b0 2w %
ik 71.15%. &l 2(c) "4 E, =08,E_=0.7 i,
TRAE Breast £UE4E 111 3 25 A 5535 77.38%
F 2(d) /R E, : E_=1:1Hf, 57 Tonosphere
BE A B o S UERR R R b 88.68%. L AT A,
A L 3 5 4% dee e S BOR I i S 1T

HERR

(d) Ionosphere

2 BEESH E, W E_ 3% ES-LSTWSVM 88 R &
Fig.2 Effect of energy parameters (E.andE_) on the per-
formance of the ES-LSTWSVM
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