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ABSTRACT
This paper uses Multilayer Perceptron with two hidden layers as a deep learning model. The
labeled dataset has 8 categories, a total of 230 files, a total of 1745 records. The test dataset has 36 files,
a total of 276 records. Data preprocessing makes the number of feature columns for each record 50 and
the number of label columns 8. The label columns use One-hot encoding. 80% of the labeled dataset is
used for training and 20% is used for validation. The metric of evaluating the model is accuracy. The
classification results show that the accuracy of training dataset and validation dataset are 100% and

99.7% respectively.

Key Words: Multilayer Perceptron, One-hot encoding, accuracy.
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