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Multiple-in-single-out cloud image prediction algorithm based on implicit
autoregressive spatiotemporal channel aggregation strategy

Wu Yugian' Zhang Xiuzai®® Li Jingxuan®
(1. Changwang School of Honors, Nanjing University of Information Science &. Technology,Nanjing 210044 ,China;2. Jiangsu
Province Atmospheric Environment and Equipment Technology Collaborative Innovation Center, Nanjing University of
Information Science & Technology.Nanjing 210044 ,China;3. School of Electronic and Information Engineering,

Nanjing University of Information Science & Technology, Nanjing 210044 ,China)

Abstract: The essence of cloud image prediction is spatiotemporal sequence prediction. Deep learning-based
spatiotemporal sequence prediction algorithms can be categorized into three frameworks: SISO, MIMO and MISO.
Based on the characteristics of cloud image movement, designed a cloud image prediction algorithm under the MISO
framework, combining the features of both MIMO and SISO frameworks, called the implicit autoregressive
spatiotemporal channel aggregation prediction (IASCACP) algorithm. To address the issue of image correlation loss in
MIMO models and excessive error accumulation in SISO models, introduce an implicit autoregressive encoder-decoder.
This encoder-decoder endows the model with certain recursive properties through an implicit autoregressive structure to
capture spatiotemporal correlation information in sequences. Additionally, a masking and true mapping module is used
to reduce error accumulation from recursion and enhance model robustness. To tackle issues such as instability and
nonlinearity in cloud movement, we designed a spatiotemporal channel aggregation predictor. This module effectively
aggregates multi-order spatiotemporal interaction information and performs adaptive channel reallocation to reduce
feature redundancy. The algorithm was tested on the MovingMNIST dataset and the FY-4A satellite cloud image
dataset. Experimental results show that this algorithm effectively improves the shortcomings of MIMO and SISO
models and achieves higher prediction accuracy compared to other models, demonstrating its reliability and
effectiveness in the field of cloud image prediction.

Keywords: satellite cloud image prediction; Fengyun-4A satellite; implicit autoregression; multiple-in-single-
out framework
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Fig. 5 Implicit autoregressive encoder-decoder
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Table 1 Ablation experiments of IASCACP modules

MASK PE STR TM SCA MSE(107* )y SSIM*

NV J J 19.12 0.563
N N N N 18. 46 0.570
N J J J 18.58 0.567
N NN N 18.45 0. 569
N NN NG NG 18. 15 0.573
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Table 2 Quantitative evaluation of multi-framework prediction models on cloud image dataset
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Fig. 8 Qualitative comparison of cloud image prediction among multi-framework prediction models

& 8 n] M, SISO £ 42 T B CrevNet §
SmartCrevNet B8 N fER T2 T = E k. 6ldh
SimVP 1 FORE BEZESS 2 WifH 280 F B, Z 5 1912 3l a3
bR 255 K FACP UL 5 AiE $12 BURE B (14 17 ¢
SR T A PG R AR 4 R RO X MIMLO HE 42 47 78
W TR) AT T &t 6k 09 gk, A T Sim VP, FACP 7255 2
Wiz 5 WO B R EE, kR E

351
—¥— SmartCrevNet
—&— CrevNet
30 | —— simve
—a— FACP

—4— IASCACP

Structural Similarity

s
E 2
4
<
2 20
w2
§ 15
p=
10
3 5 6 7 8
Time Step
(a) MSE

9 ZAEZRTHIMIALA MSE 5 SSIM ) 15 il %

SmartCrevNet 5 TASCACP 7£ 7~ fil H () 750 3 8% 2R o8 41,
i TASCACP U Je 755 1 v Yok AN [i) 1 2 %) it il A1 Ak 4L 8
SmartCrevNet B A H5 i .

3 FHE 2R B0 R A 2 [ 55040 4 b T000 ) 3 itk L G 1 9
fr~, 8] UL & B MSE ¥F # #r # F SmartCrevNet 5
IASCACP & 2 Kk fi 7 19, Tl SSIM #5 # T FACP 5
IASCACP 2 5l i o 2 18 1 .

0.65
~%— SmartCrevNet
—a— CrevNet
—eo— SimVP
0.60 —a— FACP
—4— IASCACP
0.55
0.50
0.45
0403 6 7 g
Time Step
(b) SSIM
2 1 LA

Fig. 9 Frame-by-frame comparison of MSE and SSIM for multi-framework prediction models
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Table 3 Quantitative evaluation of multi-framework

prediction algorithms on the MovingMNIST dataset

HE 42 LAY MSEC10°) ¥ SSIM 4
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Fig. 10 Qualitative comparison of multi-framework prediction models on MovingMNIST
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