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Abstract: To address the issues of insufficient spatiotemporal feature extraction and inadequate
image detail preservation in deep learning-based video prediction, a pure convolutional video
prediction model (CUnet) fused with the U-net network, using the Inception unit from the
SimVP model, is proposed. CUnet model consists of 3 core modules. Firstly, the Cell module
uses 2D convolutional layers to extract spatial features and feeds these features into multiple
Inception units to capture spatiotemporal features. Secondly, the DeCell module captures
spatiotemporal features through Inception units and performs upsampling operations using 2D
deconvolutional layers to restore the original image size. Finally, U-net is introduced as the

backbone network to organically integrate the Cell module and the DeCell module, effectively
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preserving the detailed information of the image and achieving high-quality image reconstruction.

The experimental results showed that on the TaxiB] dataset, compared with the currently best-

performing TAU model, the prediction accuracy of the CUnet model had increased by 5. 23%.

On the Human3. 6 M dataset, compared with the currently best-performing FFINet model, the

prediction accuracy of the CUnet model had increased by 12. 88%. The CUnet model demonstrates

exceptional predictive capabilities, offering valuable insights for the application of pure convolutional

neural networks in the field of video prediction.

Keywords: deep learning; video prediction; spatiotemporal features; U-net; pure convolutional

neural network
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Table 2 Performance comparison of cach model on Moving-

MNIST dataset
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Table 3 Performance comparison of each model on TaxiB]

dataset

— T Lt SR AR
B2 Eig
ConvLSTM™ 0.485 17.7 0.978
PredRNNM?I 0. 464 17.1 0.971
PredRNN-+ M1 0,442 101.1 0.910
MIM! 2] 0.429 16. 6 0.971
E3D-LSTM 0.432 16.9 0.979
PhyDNet!?] 0.419 16. 2 0.982
Sim VP 0.414 16. 2 0.982
TAUM! 0. 344 15. 6 0.983
FFINet"'® 0.412 16. 2 0.982
CUnet 0.326 15.3 0.984
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Fig. 8 Visualization of prediction results of the model on the
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Table 4 Performance comparison of each model on Human3.

6M dataset
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Fig. 10 Visualization of prediction results of the CUnet

model on the Human3. 6 M dataset
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Table 5 The judgment matrix of the ablation experiment and the total mean square error of the model
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