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Fuzzy Multiple Kernel Support Vector Machine Based on Weighted Mahalanobis Distance
DAI Xiao-lu, WANG Ting-hua and ZHOU Hui-ying

School of Mathematics and Computer Science,Gannan Normal University, Ganzhou,Jiangxi 341000, China

Abstract Fuzzy support vector machine (FSVM) effectively distinguishes the importance of different samples by introducing
fuzzy memberships. which reduces the sensitivity of traditional support vector machines to noise data. The membership function
designed based on Euclidean distance ignores the overall distribution of samples and does not consider the different importance of
sample features. A fuzzy support vector machine method based on weighted Mahalanobis distance is proposed. This method first
applies the Relief-F algorithm to estimate the weight of each feature. Then it utilizes the weight for calculating the weighted Ma-
halanobis distance between the sample and the center of its class. Finally, the fuzzy membership of the sample is calculated based
on weighted Mahalanobis distance. Furthermore, considering the difficulty of determining the kernel function and its parameters.,
a fuzzy multi-kernel support vector machine(FMKSVM) based on weighted Mahalanobis distance is put forward, which combines
FSVM with multiple kernel learning methods. The multi-kernel is constructed in the form of weighted sum,and the weight of
each kernel is calculated according to the central kernel alignment method(CKA). The proposed method not only reduces the in-
fluence of weakly relevant features on classification results, but also enables a more adequate and accurate representation of the
data. Experimental results show that, FSVM based on weighted Mahalanobis distance has higher classification accuracy than FS-
VM based on Euclidean distance and Mahalanobis distance,and the classification performance of FMKSVM based on weighted
Mahalanobis distance is superior to that of the single-kernel model.

Keywords Support vector machine.Centered kernel alignment, Weighted Mahalanobis distance, Multiple kernel learning, Mem-

bership function
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Table 1 Common kernel functions
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Table 2 Data set information

5 LIGZL

F5 A& HARLHK R AE 2 % 5 %
1 WBC 683 9 2
2 Vertebral 310 6 2
3 Pima 768 8 2
4 Ionosphere 351 33 2
5 Heart 270 13 2
6 Climate 540 18 2
7 Australian 690 15 2
8 Seeds 210 7 3
9 Balance-scale 625 4 3

S & IR Matlab R2019a, 715 HLEC & K 15 Ab 3
% CPU i % 2. 4 GHz, W 1£ (RAM) 4 GB. #:/E & 48 9 Win-
dows7, 7E LR 9 AEHEAE 143 B 4 SCH A 2 F m A 5
TG HE B 19 B 80 7 355 1] 1 L (WM-FSVMD 5 4% 85 32 455 1] &2 4L
(SVMD) T RR R FE 3 19 FSVM(E-FSVM) | 3 T I [ FE 55 11
FSVM(M-FSVM) ) 53 2 1 g 3E 47 % L 52 30, 5] B 5 T Jm
A TG HE B RO 22 4% 3 38 ] 4 AL (WM-FMKSVMD) 5 3 T
W IG BE 2 i FMKSVM (E-FMKSVM) | %t T 5 [T FE & 19
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210,21, 20,20 220 2B HON(1,2.3) . TS
B C Ry e IR 22 OBk E L, HEIRE G By C= (277,
270 e 20,20 S R T A R R 2 s fE Al Ak 3L I

S 42 5 A 4y B 357,55, 73 (1 B B AT 3 T 2R
L 18] £ I AL ) 4% S 6 25 SR D 10 IR STG Y 2 M Ol o, 25 SR
SrElangE 3— % 5 g,

E RIS 27 ESUNIACEND!
Table 3 Comparison of classification accuracy(3:7)
CHAL: %)
Algorithm SVM E-FSVM M-FSVM WM-FSVM  E-FMKSVM M-FMKSVM  WM-FMKSVM
data 1 93.89 94. 26 95.41 96.53 96.03 96. 66 97.70
data 2 82.49 82.95 83. 87 84.79 84.41 85. 54 86.02
data 3 74,42 74.35 75.46 76.21 76. 32 77.15 77.69
data 4 91.24 92.06 92. 87 93.68 93.50 94. 22 95.03
data 5 81.42 81.48 82.54 83. 60 83.13 84.19 85. 24
data 6 91.94 92.37 93.19 94.07 93.65 94. 24 95.03
data 7 83.82 83.65 84.17 85. 30 85. 26 86. 14 86. 82
data 8 91.47 92.16 92.83 93.51 93.45 94.12 94. 87
data 9 92.95 93.47 94. 24 95.05 94.91 95. 46 96. 29
F4 PRMEHREI LG 5)
Table 4 Comparison of classification accuracy(5 :5)
L2 90D
Algorithm SVM E-FSVM M-FSVM WM-FSVM  E-FMKSVM M-FMKSVM  WM-FMKSVM
data 1 94. 44 95.32 95.91 96. 84 96.57 97.35 98. 54
data 2 83. 87 84.16 85.30 86. 45 86.03 86. 84 87.69
data 3 75.48 75.26 76.30 77.49 77.63 78.56 79.21
data 4 92.48 92.97 93.81 94. 89 94.63 95.59 96. 14
data 5 82.72 83.13 84. 24 85.19 84.97 85.52 86.63
data 6 92.59 93.33 94. 04 95.19 94.93 96. 13 97.04
data 7 84.76 84.54 85.35 86.99 86.51 87. 44 88.31
data 8 92.43 92.83 93.33 94. 29 94. 24 95.19 96. 14
data 9 93. 81 94.59 95. 87 96.51 96.49 97.76 98.72
E R e E ST AVER))
Table 5 Comparison of classification accuracy(7 :3)
CHAAL: 20)
Algorithm SVM E-FSVM M-FSVM WM-FSVM  E-FMKSVM M-FMKSVM  WM-FMKSVM
data 1 95.12 95.61 96. 29 97.07 96. 96 98.05 99.02
data 2 84.74 85.25 86.02 87.16 87.07 88. 46 89. 24
data 3 76.76 76.54 77.09 78.57 78.32 79.26 80.12
data 4 93.45 93. 80 94. 29 95. 32 95.17 96. 34 97.21
data 5 83.95 84.11 85.32 86. 30 86.49 87.12 88. 36
data 6 93.21 94.71 95.06 96.01 95.83 96.72 98.15
data 7 85.62 85.76 86.97 87. 64 87.42 88. 38 89. 35
data 8 93.06 93. 66 94.56 95. 24 95. 60 96. 28 97.41
data 9 96.41 97. 30 97.88 98.93 98.49 99.01 100. 00

IS B8 25 SR AT DU A SR B 3 T R S B HE B Y
FSVM Jr B ek 1Y 9 DR B or RUMEw R Y m T4
SVM, {5 T Wi [ 1 85 RN B T 54 [RBE 55 1Y FSVM Jr ik,
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FSVM T & B 24 4 5, bbb 2k T BRI FE 25 F0 5 [CHE 3 19
FMKSVM 4328 ROCR BAF . 2 ] 4 Lo 8 K 52 36, 30k 19 43 2%
Tl R N SR L R 3 22T B W R T K 0 B L el R — S0 dR
& AT R NI 5 AN BT EY 2  3
EAHREENGEN Z S HASTUERE, FHENZ
APk fig AR 25 DR A 7E A5 B 1 2 rh G BB B U R A R R
RSB — B ES: T WM-FMKSVM A4 3, & iF— 2
T T S ] AL R Y 3 NG B (R R A e MR AL, B
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GERAE AL G SRR 1 AL R R 0 AR R R
B PRI 1 A S 43 A S ) B AL A AR 1 L 8 Relief-F 839K
5o % xF 5507 B T SVM A 32 T — il 3 T i A

Ty [T B B A A0 22 A% S AR 1) B L J ik LA IR IR 35 A OC 5lAS AH
SRR AIE X 43 2 AR B 52 T il 583 TR 7Y 2 I T e B R S0 45
FO L RCR AR IR T TR A . AR O S M SR IE T i kA — E R
JEEARTET 3R T A AT S A M. ARG T
s IR BEAN 3G K 2 A% o R bR AL R HE U A O vk A
FLA B, R ik — 20 0 O SR BT U5 i AR R OB
HHZHASTE BRI SRS IR m . R, T
ASCETAE T SVM [ 2 5 W 535 (] 5 88 1) Lo %50, 76 57
Z etk LA KB 5 S p B IR TR BT AR SVM BT ik i 48
R WETE S LI ] O 39 500 R 5% Bl R 330 05 ) 70 B P RE
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