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VIDEO PREDICTION BASED ON SPATIAL ADAPTIVE CONVLSTM

Wu Zhefu Zhang Lingwei Liu Guangyu Liu Guangcan”
(Jiangsu Key Laboratory of Big Data Analysis Technology, Nanjing University of Information
Science and Technology, Nanjing 210044, Jiangsu, China)

Abstract In the field of video prediction, neither CNN nor LSTM can fully represent the spatiotemporal features in
video. To solve this problem, we propose a spatial adaptive convolution LSTM algorithm. Inspired by the spatial
transformation network, the traditional convolution operation is changed to spatial adaptive convolution in the “input-to-
state” calculation process inside the convolutional LSTM. The additional convolution layer was used to obtain the position
parameters needed for the adaptive convolution, so that the adaptive convolution could select the convolution position
according to the spatiotemporal information, and improve the performance of the model to capture the spatiotemporal
transformation features. A multi branch coding prediction network architecture was proposed for radar echo prediction,
and four different branches were trained according to the precipitation category to improve the prediction performance of
the network. The experimental results on the synthetic dataset and the real dataset show that the model has achieved
competitive results. And designing a module to let the network learn certain features explicitly make the network have

better performance.
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