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Abstract: Satellite cloud image is one of the important resources of meteorological forecast. It plays a great role in
meteorological analysis and forecasting by showing the generation and disappearance of clouds. Predicting cloud image in a
certain period of time is helpful to grasp the movement trajectory and changes of cloud layers in time, and improve the
practicability of satellite cloud image data. However, the prediction of the satellite cloud images is facing many difficulties,
such as most changes in cloud clusters are non-stationary and nonlinear. There are many problems such as small cloud map
data and poor real-time performance. Therefore, we propose a satellite cloud image prediction model based on 3D convolution
and self-attention mechanism from the perspective of spatiotemporal sequence. On the basis of ST-LSTM (Spatiotemporal
Long Short-Term Memory), this model introduces 3D convolution and self attention mechanism into its unit, which enables
the model to extract temporal information and spatial features at the same time, furtherly enhance the relationship between

short-term trend and long-term dependence on clouds; At the same time, space and channel attention mechanisms are used in
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its external framework to promote the extraction of spatial features of cloud images. In this paper, the evaluation is carried out

on the Fengyun-4 satellite cloud image. Experimental results show that the model more accurately predicts the morphological

changes and movement trajectories of clouds, and is superior to the existing models in various evaluation indicators.

Key words: Fengyun-4, cloud image prediction, 3D convolution, attention mechanism
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Fig.1 Autoencoder structure
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Fig.3 Network architecture diagram of our algorithm
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Table 2 Testing results of 3D SA -STLSTM and other

models on satellite cloud image datasets

Method MAEY MSEv PSNR* SSIM*
ConvL.STM!"™ 0.0528 0.0138  7.561  0.194
PredRNN™! 0.0109  0.0127 14.730  0.259
Pred RNN++ 0.0135 0.0037 20.757  0.359
Crevnet™®! 0.0144  0.0008  27.891  0.461

3D SA-STLSTM  0.0086  0.0007 28.795  0.495

hy 1 A T b B A R AR D B O A RE L X
B — %% 1Y TN 25 A HE AT TR LG R EE 2 T
TPEAN F8 b B AR fb th 2, an 1] 10 s

HH P AT UL Bifi 5 6 50AS OB 8 > AR 1
P HR IR AR BT B S, RO R BT
AR SRS TR AL At S TR A e, e BT S G R AR P
fE , UE W AS SO Y 78 4 412 B 25 R AR O TR A B 4 1Y)
P, fig S 4y b 50 2 A
3.4.3 AL O TSRO R R A W) SRA A
TR = B4 Erg iRk 1 11 7R 1 Conv-
LSTM, PredRNN, PredRNN-++ , Crevnet 1 3D
SA-STLSTM My #2554 . o Input AR A
A4 AT TR 1%, Ground Truth 4438 B 52 i J5 T i
BG5S ER = 1A, P80 DX AR 3 il 5 v
WA X R ER S B 2 B K AT BE T



- 162 - M AR CH R 5)

&

(o)

g

—— ConvLSTM
—— PredRNN 0.06
—— PredRNN++

—— 3DSA-STLSTM
— Crevnet

—— ConvLSTM
—— PredRNN
—— PredRNN++
—— 3DSA-STLSTM
—— Crevnet

(a) FHILR R (MSE)

(b) ¥ 5152 (MAE)

20 — ConvisTM
—— PredRNN
2 —— PredRNN++
3 —— 3DSA-STLSTM
151 — Crevnet b
2 (c) WEETFI-LL (PSNR) 01

0 5 10 15 20 25 30 35 o 5 10 15 20 25 30 35
Epoch

—— ConvLSTM
—— PredRNN
—— PredRNN++
—— 3D SA-STLSTM
—— Crevnet

(d) ZE AR (SSIM)

E10 #HEEREERFERET

Fig.10 The models are shown each round in different metrics

Time 1 2 3 4 5
% - o ’ N
Input
Time 6 74 8 9 10
d g 73 »
:,'_7,:». /( et P N o
Groud Truth - y 3
ConvLSTM
PredRNN
PredRNN++
Crevnet

3D SA-STLSTM

E11 HBEIEZERFEELNHRUERETR
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