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Rough g-support vector regression model
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Abstract: Two new rough e-support vector regression models are proposed based on e-support vector regression.
rough v-support vector regression and rough set theory. Firstly,a rough boundary e-insensitive tube is defined with
fixed symmetrical boundary rough e-insensitive loss function, the method of optimization and e-support vector
regression model. Moreover we design a fixed symmetrical boundary rough e-support vector regression model(RFSM
e-SVR). Secondly.we extend the model to the case that asymmetrical loss function is considered. Finally.according
to Karush-Kuhn-Tucker(KKT) conditions, we derive their dual problems by introducing the Lagrange functional into

rough e-support vector regression models.
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