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Inception neural network for human activity
recognition using wearable sensor
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Abstract: The experience from computer vision was learned, an innovative neural network model called InnoHAR (in-
ception neural network for human activity recognition) based on the inception neural network and recurrent neural net-
work was put forward, which started from an end-to-end multi-channel sensor waveform data, followed by the 1x1 con-
volution for better combination of the multi-channel data, and the various scales of convolution to extract the waveform
characteristics of different scales, the max-pooling layer to prevent the disturbance of tiny noise causing false positives,
combined with the feature of GRU helped to time-sequential modeling, made full use of the characteristics of data classi-
fication task. Compared with the state-of-the-art neural network model, the InnoHAR model has a promotion of 3% in the
recognition accuracy, which has reached the state-of-the-art on the dataset we used, at the same time it still can guarantee
the real-time prediction of low-power embedded platform, also with more space for future exploration.
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