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Sequencial activity recognition by dimension reduction with deep learning
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Recurrent Neural Networks(RNN) are a extremely precise class for time-series classification, but times it needs
to learn from input sequences exponentially increases as in higher dimensions. To overcome this shortcoming,

we use deep autoencoders to reduce input dimension,
evaluation. We firstly obtaine the hand-crafted features for acceleration data,
the classification accuracy marked almost the same score as that with no reduction,

integraing process. Finally,

although the computation time exponentially decreases.
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and classify sequencial activity acceleration datasets for

and give it to our own window
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