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Data type Time Freq type accuracy (%)
) (5-fold)
CNN 53.94
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ANN 39.51
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ANN 81.91
CNN 70.59
Spectrogram Low High RNN 56.05
ANN 59.26
CNN 83.35
Scalogram Highest | Middle RNN 45.95
ANN 55.94

3% 2. Hyperparameters search space ranges

Hyperparameter Search space range
Number of layers [2, 10]
Number of filters [16, 64]
Number of nodes [16, 64]
Learning rate [0.0001, 0.1]
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