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[ Abstract] Existing deep learning models find it difficult to capture cloud motion patterns, resulting in long-term
cloud prediction results that are fuzzy and low in accuracy. To address this problem, this study proposes a remote
sensing cloud image prediction method based on a Multi-Scale Motion Memory Network (MSMM _Net). This
model adopts a dual-branch memory-flow architecture that combines spatial multi-scale and motion-differential
memory flows. It extracts high-and low-frequency spatial features and sequence motion features hidden in the input
image sequence, thereby simultaneously obtaining global, detail, and motion information of the image. In the
prediction stage, dual-branch memory is fused to alleviate the problem of feature loss and enhance the ability of the
model to predict the trajectory of cloud clusters. On this basis, a fusion loss function combining pixel and edge
losses is used to guide model training, enhance the model s attention to image edge details, and promote the
generation of clear predicted images. Experimental results show that, compared with the benchmark model
PredRNN, MSMM_Net reduces the Mean Square Error (MSE) by 31.71% on the Moving MNIST dataset and the
Learned Perceptual Image Patch Similarity (LPIPS) by 64.7%. On the remote sensing satellite cloud image
dataset, the Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity Index Measure (SSIM) indicators
improve by 5.51% and 5.38%, respectively, indicating that the predicted image sequence generated by the model
is more similar to the real image sequence and can effectively improve long-term prediction accuracy.

[Key words] cloud image prediction; spatio-temporal sequence prediction; deep learning; recurrent convolutional

network; remote sensing satellite
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Fig.1 Overall structure of multi-scale motion memory network
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Table 1 Quantitative comparison results on
the Moving MNIST dataset

LAY MSE y LPIPSy PSNRA4 /dB SSIM#4
ConvLLSTM 3 196. 30 0.262 14. 09 0.736
ConvGRU 3 109.52 0. 253 14. 46 0. 735
PredRNN 1908. 91 0. 227 15.73 0. 805
PredRNN-+-+ 1782, 60 0.214 16. 03 0. 805
E3D-LSTM 1 695. 07 0. 188 16. 24 0. 817
CrevNet 1 634. 04 0. 189 16. 52 0. 821
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Fig.8 Trends in evaluation metrics on the Moving MNIST dataset
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Table 2 Quantitative comparison results on

the GOES-16 dataset

HELHY MSE y LPIPSy PSNR#4 /dB SSIM 4
ConvLSTM 845. 76 0.222 19. 99 0.623
ConvGRU 846. 28 0. 217 19.76 0. 630
PredRNN 778.12 0.219 20. 50 0.632
PredRNN+-+ 768.59 0. 220 20. 92 0. 645
E3D-LSTM 702. 61 0. 214 20. 85 0. 648
CrevNet 651. 69 0. 217 20. 94 0. 652
MSMM_ Net 581.70 0. 209 21. 63 0. 666
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Table 3 Results of ablation experiments on the GOES-16 dataset

sl MDAM EANER S ) R REL MSE y LPIPS y PSNR 4 /dB SSIM A
FEERE Y BEBK 778. 12 0.219 20. 50 0. 632
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ARARIAL 3 NG L ESIER 652. 65 0. 210 21,02 0. 655
ASRRERD 4 N BFEHK 600. 45 0. 210 21. 50 0. 659
AR SRR N NG [FiSEEInEN 581. 70 0. 209 21. 63 0. 666
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