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Abstract

The aim of this work is to obtain the optimum architecture of an Artificial Neural Network (ANN)
for predict the moisture ratio of hot air drying. Carrot and Heart-leaved moonseed were selected as the
sample and dried under drying temperature of 60—800C and air velocity of 0.5-1.0 m/s. Multilayer feed-
forward and back-propagation algorithm were set as the default value of ANN. Transfer function, learning
function and the number of neural in hidden layer will be analyzed by using coefficient of determination

(r2 ) and Root Mean Squared Error (RMSE) as the criteria for the optimization. The result has shown an
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ANN that has tansig-purelin transfer function in hidden layer and output layer subsequently and use

trainlm (Levenberg-Maqurdt learning function) as learning function with 10 neurals in hidden layer is the

optimum architecture for predict the moisture ratio of hot air drying which has maximum r and minimum

RMSE.

Keywords: Drying / Drying model / Artificial neural network
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