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Multi—frame Total Ozone Data Reconstruction Method Based on
Contextual Attention
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Abstract: The atmospheric ozone layer plays a crucial role in the extraterrestrial environmental system, and comprehensive ozone data is es-
sential for researchers to analyze the state of the ozone layer and predict its impact on global climate change. Due to sensor failures or limited
orbit scanning width of the satellite itself, there is a common phenomenon of information loss in the data acquisition process. To this end, de-
sign a multi frame ozone total data reconstruction method based on contextual attention. Firstly, construct a 3D deformable residual encoder
based on multi head functionality to encode long-range dependencies; Secondly, a multi-level contextual attention module is used to connect
the encoder and decoder, in order to improve the modeling ability of complex data structures; Finally, a convolutional selective aggregation
network is introduced as a decoder to provide local information supplementation for the model. The experimental results show that the model
outperforms the control method in both PSNR and SSIM objective evaluation indicators on the ozone total product dataset of the Fengyun—3 ul-
traviolet ozone total detector. The proposed model provides an effective solution for ozone data reconstruction and has important scientific value
for atmospheric science research and the development of ozone layer protection strategies.
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Table 1 Specific parameter configuration of the encoder
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Table 2 Specific parameter configuration of the decoder
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[1,72, 12, 23] 1X1 Conv2d, sub—pixel conv
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[1,1, 360, 720]

Upsampling layer
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Table 3 Comparison of indicators of various models on the TOU total

ozone product dataset
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FuseFormer 31.09 0.947 4.49
FGT 32.03 0.953 3.94
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Fig. 8 Comparison of reconstruction performance of various models on TOU ozone total product dataset
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Table 4 Results of ablation experiments
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