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Abstract: In the field of computer vision, predicting human motion is very necessary for timely
human—computer interaction and personnel tracking. In order to improve the performance of human—computer
interaction and personnel tracking, an encoder-decoder model called Bi—directional Gated Recurrent Unit
Encoder-Decoder (EBiGRU-D) based on Gated Recurrent Unit (GRU) is proposed to learn 3D human motion
and give a prediction of motion over a period of time. EBIGRU-D is a deep Recurrent Neural Network (RNN)
in which the encoder is a Bidirectional GRU (BiGRU) unit and the decoder is a unidirectional GRU unit.
BiGRU allows raw data to be simultaneously input from both the forward and reverse directions and then
encoded into a state vector, which is then sent to the decoder for decoding. BiGRU associates the current
output with the state of the front and rear time, so that the output fully considers the characteristics of the
time before and after, so that the prediction is more accurate. Experimental results on the human3.6m dataset
demonstrate that EBIGRU-D not only improves greatly the error of 3D human motion prediction but also

increases greatly the time for accurate prediction.
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