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MSE RMSE MAE MAPE
15 Neural Network | 0.000000854 | 0.00092422 | 0.0018 0.8038
Kernel 15.07400 3.8825 10.025 0.7179
Best Neural Neural Neural Kernel
Network Network Network
30 Neural Network | 0.000000899 | 0.00094844 | 0.0022 1.2386
Kernel 6.9902 2.6439 4.8271 0.0358
Best Neural Neural Neural Kernel
Network Network Network
60 Neural Network | 0.000000898 | 0.00094784 | 0.0021 1.0505
Kernel 5.77502 2.4031 2.7014 1.5000
Best Neural Neural Neural Neural
Network Network Network Network
100 Neural Network | 0.000000892 | 0.00094446 | 0.0020 0.6499
Kernel 2.3886 1.5455 1.4241 1.3544
Best Neural Neural Neural Neural
Network Network Network Network
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MSE RMSE MAE MAPE
15 Neural Network | 0.000000899 | 0.0009484 0.00232 0.9652
Kernel 8.5817 9.2637 2.8438 60.00
Best Neural Neural Neural Neural
Network Network Network Network
30 Neural Network | 0.000000896 | 0.0009469 0.00231 0.5468
Kernel 3.9819 1.9955 1.5145 30.00
Best Neural Neural Neural Neural
Network Network Network Network
60 Neural Network | 0.000000895 | 0.0009463 0.00230 0.1908
Kernel 2.6534 1.6289 1.5022 15.00
Best Neural Neural Neural Neural
Network Network Network Network
100 Neural Network | 0.000000663 | 0.0008145 0.00150 0.1345
Kernel 1.2207 1.1049 5.2214 9.00
Best Neural Neural Neural Neural
Network Network Network Network
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ABSTRACT

There was a need to compare the nonparametric methods used in predicting
time series to find the most efficient method for forecasting, and this was in
fact the main objective of this study. The research problem was summed up
that parametric statistical methods need conditions and criteria that may be
difficult to meet, so it was necessary to search for new methods of prediction
other than the traditional methods, which are non-parametric methods. The
comparison was through the application of the simulation method, where the
data was generated by the restricted generation equation based on the
original data, with the lowest value and the highest value for each type of
data. The focus of the study is a comparison between the two methods of
neural networks (the back propagation error network) and the kernel method
(Nadaraya-Watson estimator). As for the sample sizes, the sizes (15, 30, 60
and 100) were selected. As for the criteria that were used for comparison,
they were (MSE, RMSE, MAE, MAPE).The results showed, through
simulation, that the neural networks give better and more efficient results than
the Kernel method in most of the scales and for all sample sizes.

Keyword: , time series, nonparametric regression, Nadaraya-Watson
estimator, artificial intelligence, artificial neural networks, back-error
propagation.
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