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I, Preliminaries

1. Autoencoder
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Fig. 1. System Architecture
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3. LSTM Autoencoder
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. The Proposed Scheme
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Table 1. Hidden Layers ==

Layer Hidden Layers
32
Encoder Layer 16
16
Decoder Layer 3
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Fig. 2. Learning Curve of Model
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Fig. 3. Prediction
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Fig. 4. Random Prediction
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IV. Conclusions
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