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Abstract; The between-class margin and within-class cohesion are two important factors impacting on the
performance of classifiers. This paper presents a novel classifier called total margin based fuzzy v-relative margin
machine (TMF-vRMM) based on the idea of fuzzy support vector machine (FSVM) and total margin. Although it
can be seen as a modified class of the classic RMM, TMF-vRMM has better theoretical classification performance
than RMM. The proposed method solves not only the over-fitting problem resulted from outliers with the
approaches of fuzzification of the penalty and total margin algorithm, but also the imbalanced datasets by using
different cost algorithm, thus obtaining a lower generalization error bound. Experimental results obtained with
synthetic and real datasets respectively show that the algorithm proposed in the paper is stable and superior to other
related diagrams.
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F1 BASEBESE

Datasets Hpos Hneg my m, d
Iris-setosa 50 100 50 100 4
Sonar-mines 111 97 111 97 60
Imports 71 88 71 88 25
Ecoli-periplasm 284 52 284 52 7
Cancer-wpbc 151 47 151 47 33
Breast 458 241 458 241 9
Heart 120 150 120 150 13

Abalone class1-8 1407 2770 1407 2000 10
Glass building nonfloat 76 138 76 138 9

Glass vehicle float 17 197 17 197 9

R2 ZaBASETHSEEE 7

Dataset RMM TAF—SVM FSVM TMF—vRMM
Iris-setosa 99, 4 98.7 98.3 100
Sonar-mines 53.8 53.5 52.57 54,3
Imports .7 72.1 63. 79 76.4
Ecoli-periplasm 95.2 97.6 83.2 100
Cancer-wpbc 84.5 66. 7 86. 4 87.7
Breast 97.9 98. 6 96. 5 99.6
Heart 84.1 85. 4 83.8 86. 2
Abalone class1-8 78.6 78.4 76. 6 82.6

Glass building nonfloat 62, 9 65. 6 64,5 68. 2
Glass vehicle float 93.7 92.2 93.2 94,2
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