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Kernel-target alignment multi-kernel fuzzy support vector machine

HE Qiang, ZHANG lJiaoyang
(School of Science, Beijing University of Civil Engineering and Architecture, Beijing 100044, China)

Abstract: Support vector machines (SVMs) are widely used machine learning techniques. They are used to construct an
optimal hyper-plane and have an extraordinary generalization capability and good performance. However, SVMs are
sensitive to noise, and it is difficult to select an appropriate kernel for SVMs. In this paper, we introduce kernel-target
alignment-based multi-kernel learning method into fuzzy support vector machine (FSVM) and propose the kernel-target
alignment-based multi-kernel fuzzy support vector machine (MFSVM). First, we assign the corresponding membership
degree to each sample point by the fuzzy rough set method, and then calculate the kernel weight by the multi-kernel
learning based on the kernel alignment. Then, the combined kernel is introduced into the fuzzy SVM. The proposed
method not only improves the anti-noise ability of the SVM but also effectively avoids the problem of kernel selection.
Experiments on nine datasets of the UCI database show that the proposed method has a high classification accuracy,
which verifies its feasibility and effectiveness.

Keywords: kernels; support vector machines; rough set theory; supervised learning; fuzzy classification; fuzzy set mem-

bership functions; robustness; noise
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Fig. 1 Flow chart of algorithm
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Table 1 Data information

W5 BUREANR REARDEC R 2SR
1 horse 368 23 2
2 hepatitis 155 20 2
3 heart 270 14 2
4 CT 221 37 2
5 breastcancer 683 10 2
6 ionosphere 351 34 2
7 lymphagraphy 148 19 2
8 wine 178 14 3
9 wpbc 198 34 2
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S AF—4 PC HL(CPU: 2.6 GHz, Nf£ 4 GB)
AT, B AVE RS Windows 8.1, 2286 T H N
Matlab R2014b, S 56 o i 47 £5 i #- 4500 — 1k b
PR, A% R ECR H BN F S 800 Gaussian # o
Y5 EAET] R AL C =100, fif A% X 55 Ak 1) BB ) 2
B o=10%, % 7 1% o AE B Gaussian ¥ A1E
R A, A KO SR X AR S B 5k 2 B
No A RS BERR R 10 3738 X6 AIE 7 3RS, H
oA S e ) B LG SR AN [R] B 80 Gaussian AZ A
JE R KAE o S0 XA SCHE H 0 3 R RS 4 SR R
R REORY) 22 4% S 43 ] B WL (MFS VM) 25 il 37 4% 1]
AL (SVM). B S 47 m 5 AL (FSVM) . 2 4% 30K
] AL (MSVM) 143 FPEREHETT X L

ToME g B SR A e 3 R . MALE
S RAT LI, 75 TCME S R 0T, AR SCHR )
MFSVM J5 78 9 /N6 45 vh o3 20K 1% f g, 3L
H17E lymphography ¥4 4% 4 F1 wine ¥4 4, MF-
SVM Hl MSVM 432546 B2 —#F, JfF B Ik SVM #lI

FSVM 1153 2865 B v, i ELAE T8 %%R 7 i, MS-
VM 5 MFSVM [t SVM F1 FSVM i 2 4 &5 |

x2 BHRSHIZE

Table 2 Parameters setting of base kernel

Gty BdEEAK RS

1 horse 20,2122, 23,24 25 26

2 hepatitis 276,279,274,273,272,2°1,2°
3 heart 27,27,274,27,272,271,2°
4 CT 276,275,274 273 272 21 20
5 breastcancer 21,22,2°,24,2°,25,2

6 ionosphere 276,275,274,273,272,271,20
7 lymphagraphy 273,272,271,20, 21 22 23
8 wine 20,21,22,23,24,2%,2°

9 wpbc 276,275,274,273,272, 271,20

x3 TBRFBERTHEBESIIZGE LR

Table 3 Comparison of classification accuracy and training time without noise

DURE /%, YR 1) /s

R B
s BLBRIRATR SVM FSVM MKVM MESVM

78.00+3.62. 81.2443.50. 81.78+3.87. 83.15+3.99.

! horse 3.01 2.7 0.53 0.49
N 70.06+11.01 . 69.77+8.62. 70.40+£4.01 , 71.65+5.21

2 hepatitis 113 12 0.17 021
78.2549.04. 80.3746.31. 82.96+8.04 83.70+8.04 .

3 heart 43 435 0.26 0.24
90.51+5.10. 90.95+5.60 . 90.95+7.73 . 91.88+3.49 .

4 T 281 2.86 0.13 0.15
96.9242.14 | 96.9242.24 . 96.93+1.44 97.36:2.28.

> breastcancer 441 436 0.4 0.45
, 94.02:44.94 | 94.87+4.43 . 95.4343.61 . 96.00£4.30 .

6 ionosphere 8.99 8.97 0.31 0.35
68.15£12.39., 69.59+10.02 . 70.82+14.69 . 70.82+14.69 .

7 lymphography 0.95 0.98 0.15 0.17
. 96.15+4.05 , 97.69+3.71. 98.46+3.24 . 98.46+3.24 .

8 wine 0.48 0.55 0.05 0.05
77.2247.70., 80.17+7.83 . 81.28+8.90 82.89+7.42 .

? wpbe 2.13 2.19 0.21 0.24

T B AE MFSVM 78 M 75 3R 55 rh i) 2
I, BT ORTEFTA 9 B AE HAARBE L L 5 —
EU 451 £ 3 28 V- T R 30T )1 A AR e s R R 2%
i L X O XM I T 10%. 20% YIRS 7K
R RS . 2 4 RFE S 4y R R MR B 10%
1 20% I, 4 A (IR i He g &

MBS Rl LA, MIA 10% [ B
i, MESVM J7 ik 7E T A 9 i 48 v 19 43 25 kG
JE ¥ T A 3 Ok, B R R

TEME R LEAI R 20% BT DL T, AR 4 FhITik ey oy

oG BT 3 4 AR R AR, B BT AT B R
I, MFSVM #B B A B i I 43 2806 . 45 R
HE— P WHIE T, AR SCET$E ) MFSVM i 7EdT
M RE ) SR T A T MSVM 5 FS-
VM L3, Ak T A% e B &, 1 H B A
SEAIPTME S BE ST . AT MESVM AU AT 47, B A
ST H Ve R
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Table 4 Comparison of classification accuracy and training time with 10% noise
. " TR BE /% . INZRRT [ /s
i BRI 4B =7
SVM FSVM MKVM MFSVM
| h 80.69+2.91 81.77+ 3.42 81.23+2.94 82.31+3.99
I
one 224 1.8 0.37 0.34
. 67.56+£10.21 69.43+10.05 71.65£10.26 72.22+13.09
2 hepatitis
1.01 0.97 0.13 0.16
75.93+ 8.05 79.26+5.84 79.63+ 6.36 81.11+4.76
3 heart
4.37 4.35 0.25 0.26
4 CT 87.77+ 5.30 89.60+ 3.69 90.95+ 5.67 91.86+ 5.98
2.87 2.89 0.15 0.18
91.96+3.76 95.33+£2.51 93.69+ 3.04 96.78+ 1.52
5 breastcancer
5.36 6.71 0.79 0.71
) 89.17+ 4.01 94.02+3.92 91.44+4.27 94.58+ 3.68
6 ionosphere
9.22 9.36 0.38 0.42
63.79£16.69 64.46+16.35 68.36+15.51 70.05+11.36
7 lymphography
0.93 0.94 0.17 0.15
8 . 89.23+8.27 93.85+ 4.86 96.15+4.05 98.46+ 3.24
ne
b 0.81 0.89 0.15 0.15
76.39+ 9.85 78.39+ 8.01 81.94+12.00 82.28+8.01
9 wpbc
2 2.01 0.21 0.24
RS 20% BRETHEEE SIS E R E
Table 5 Comparison of classification accuracy and training time with 20% noise
. IR EE /% | YGRS a] /s
G Bl 475 =
SVM FSVM MKVM MFSVM
1 h 73.69+ 5.76 75.05+ 6.01 76.37+ 6.34 78.83+ 5.01
orse 243 2.16 0.53 0.53
.. 64.83+10.46 65.74+9.85 70.11+ 8.64 70.40+ 7.71
2 hepatitis
1.04 0.97 0.15 0.12
3 heart 78.15+ 6.86 79.63+ 8.42 82.22+7.96 84.07+9.08
eal
4.57 4.59 0.25 0.29
4 CT 83.81+9.38 88.74+ 8.22 89.64+ 6.94 91.46+ 6.71
1.25 1.26 0.18 0.18
85.82+3.82 88.73+ 3.9 93.71£2.15 95.18+3.00
5 breastcancer
8.04 9.09 1.27 1.21
) 84.60+ 6.08 89.46+ 5.22 88.88+4.57 91.17+ 4.94
6 ionosphere
8.56 8.61 0.42 0.48
64.26+12.74 67.13£9.22 68.46+12.67 70.82+ 8.81
7 lymphography
1.06 1.08 0.17 0.2
g ) 87.69+9.73 90.00+11.49 93.85+4.86 94.62+ 7.30
win
© 0.97 0.97 0.1 0.12
73.28+ 6.90 79.83+3.09 82.11+10.86 83.89+9.30
9 wpbc
2.07 2.1 0.24 0.22
5 i —SERRE BT, B E AT 1 7 1 B A o

AR SORAERM S35 i) LA 22 4% 27 ~] ) Sk
Z b, G TR ST B 25 1 5 B
SCRFI LA, B2 T TR ST RO 2% 52
Frla LB . S 0F HAR I T ik 2345 1 AU
SCRF IR LA 2 4% 5 ST AL, FE 2 6P RE A

BN S, RS T AN ST v AR A DR A e R 1 Af
IR W8 7 5t AR R R A T AT PERIAT 25k
TARTIET W LB T 245 MR s R
B, I — 2Rt — 2B A S A A R 4145 77 X
DALz ] bt e A SR i B2 35
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