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(Prediction Performance of Hybrid Least Square Support

Vector Machine with First Principle Knowledge)
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2 % 2 =FdMT AT gHod d35yHow ZAgwres HAAF Support Vector Machine(Least
Square Support Vector MachineLS-SVM)# First Principle(FP)& 233t slolmels HAiAF-
Support Vector Machine &%, HLS-SVM(Hybrid Least Square-Super Vector Machine)& Aottt}
A 2l do| B = HAAF Support Vector Machined 71&9] w9l slojH = N7 Hybrid
Neural Network:HNN), vIA3 zZigbdelel slojHale AAwE ZA%E HNN-EKF (Hybrid Neural
Network with Extended Kalman Filter) =93} viss] Bgtch HLS-SVM 2d & 2 validation
g Ae HNN-EKF$F 2AH A% E93, HNN BoE 94§ 238 241 9uisl Asodale
HNN-EKFe} ®ls) 3w}, HNNRS 10003 E $-53 232 R4,

719 = : slelBale H4AF Support Vector Machine, first principle, A4, BN e

Abstract A hybrid least sciuare Support Vector Machine combined with First Principle(FP)
knowledge is proposed. We compare hybrid least square Support Vector Machine(HLS-SVM) with
early proposed models such as Hybrid Neural Network(HNN) and HNN with Extended Kalman
Filter(HNN-EKF). In the training and validation stage HLS-SYM shows similar performance with
HNN-EKF but better than HNN, whereas, in the testing stage, it shows three times better than
HNN-EKF, hundred times better than HNN model.

Key words : hybrid least squares support vector machine, first principle, neural network, extended

Kalman filter
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