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The raw IMU data was put through the CNN model and compared
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A CNN model was used for learning. It consisted of one =

convolutional layer - with an input channel size of 3, a temporal
size of 30, and an output channel of 32. It is then followed by a
pooling layer, a flattening layer, and finally a linear layer with an
output size of 3. The model attempts to predict the next point
using the prior 30 points of data.
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Figure 9. (a) The filtered IMU data versus the MOCAP data, graphed in euler. (b) The difference in
angle (degrees) between the IMU and MOCAP system.

Figure 5. The IMU data goes through a convolution, a pooling and
flattening layer, and then a linear layer.




