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An Efficiency Comparison of Dimensionality Reduction Techniques

for Study of Factors and Model Building for Drainage Classification of Floodgate
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Abstract

The aim of this research was to compare the
performance of classification algorithms. Feature selection
techniques are used to reduce the dimensions of large data for
modeling of drainage classifiers. Pakhai floodgate were sued
in experiments to find major factors for the prediction of
drainage by applying the factors associated with the drainage
of the floodgate. The results from the experiments showed
that the best method was Decision Tree (J48) (Accuracy =
95.048%, Precision = 0.950, Recall = 0.949). To improve the
accuracy of the classification of drainage and find a major
factor for the prediction of drainage found J48 with CFS
(Correlation-based Feature Selection) increased performance
in predicting drainage from 95.048% to 96.286%. In addition,
found the key factors which need to be used to predict the

drainage of Pakhai floodgates 4 factors include Month, Water
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above floodgate, Water drainage from Chao Praya Dam, and

Water inflow to Noi River.

Keywords: Dimensionality Reduction, Feature Selection

Methods, Drainage of Floodgate
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