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The Application of a Predictions Model
for Amount
of Rice Crop Exports by Multilayer
Perceptron
Polynomial Neural network *

k%%

Keattisak Chankaew™ Supot Nitsuwat

Abstract

This study aimed to create forecasting models for predicting the exported amount of rice crop.
The model applied Multilayer Perceptron Polynomial Artificial Neural Networks (MLPPANN, PANN)
and Artificial Neural Networks (ANN). The data set from The National Department of Statistics since
2001 - 2007. This data were divided into two sets, learning and testing sets. In eaching step, the system
was taught using the Levenberg-Maquardt algorithm, a variance of the back-propagation techniques.
Learning function used in this step was the Grad Descent function (LearnD). We compared performance
of our network with the conventional neural network using Mean square error (MSE). The results shown
that the appropriate neural network structure for predicting the exported amount of rice crop was the
10-10-1 structure — using the logsig, tansig and purelin activated functions. The MSE for learning and

testing steps of MLPPANN were 0.0010 and ANN ware 0.0259, respectively. Using the same data sets,
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The MSE for learning and testing steps of conventional ANN were 0.0033 and 0.0297, respectively.

This indicated that the MLPPANN was the best model for this time series data with lowest MSE.

Key words : Multilayer Perceptron Polynomial Artificial Neural Network, Back Propagation, Predictions
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