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(2™ 1) Flowchart of the proposed technique
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<3t 1> Comparison results of reconstruction rate and data

size
Data Compression Reconstruction Data
Technique Rate(%) Size(MB)
AutoEncoder 30% 98.38 454
AutoEncoder 50% 97.96 373
AutoEncoder 70% 98.06 229
PCA 30% 99.05 1230
PCA 50% 94.31 922
PCA 70% 76.82 529
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<3t 2> LSTM model latency after data compression using
autoencoder

Compression Rate 30% 50% 70%
AE Training Time (Sec) 231.07 | 192.34 | 248.9
Data Compression Time (Sec) | 58.6 58.71 58.13
LSTM Training Time (Sec) | 307.56 | 308.63 | 309.07
LSTM Testing Time (Sec) 9.29 9.2 9.09
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