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Abstract: Atmospheric polarization has broad application prospects in navigation and other fields. However, due to
the limitation of the physical characteristics of the atmospheric polarization information acquisition device, only local
and discontinuous polarization information can be obtained at the same time, which has an impact on the practical
application. In order to solve this problem, by mining the continuity of atmospheric polarization mode distribution, this
paper proposes a network for generating atmospheric polarization mode from local polarization information. In addi-
tion, polarization information is often affected by different weather conditions, geographic environment and other
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factors, and these polarization data are difficult to collect in the real environment. To solve this problem, this paper

mines the diversity relationship between the few-shot data under different weather and geographic conditions, by

which the generated atmospheric polarization mode is generalized to different conditions. In this paper, experiments

are carried out on the simulated data and measured data. Compared with other new methods, the experimental re-

sults prove the superiority and robustness of this proposed method.

Keywords: atmospheric polarization mode generation; few-shot driven; polarization data mining
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Fig. 1 The results of traditional methods are compared with

those in this paper. (Because the difference is small,
the difference graph can be enlarged)
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Fig. 4 Simulation data result diagram(Because the difference is small, the difference graph can be enlarged). (a) True picture

of different solar altitude angles at the same solar azimuth; (b) The generation and difference comparison result graph under
different iteration times; (c) Reconstruction results of different solar altitude angles at the same solar azimuth
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Table 1 Libradtran simulation parameter setting (the aerosol type is selected as Asian summer aerosol)
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(a) Reconstruction results of Libradtran simulation data. The left is the reconstruction result of 10 km troposphere type

Fig. 5

HAEFHTH 0, EHFERALE—FIRE)

visibility, and the right is the reconstruction result of 20 km city type visibility; (b) Iteration minimum mean square error (G-loss
value) curve under Libradtran simulation. The left is visibility of 10 km tropospheric, and the right is visibility of 20 km city (the
curve in the figure tends to 0, but the value is not 0, and there is still some error in fact)
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Table 2 Data analysis of Libradtran simulation reconstruction results
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(a) Real view under different cloud conditions; (b) The raw data under clear and cirrus weather conditions;

(c) Experimental results: the left is the experimental results under sunny conditions, and the right is the experimental
results under floating clouds(Because the difference is small, the difference graph can be enlarged);
(d) Iterated G_LOSS curve diagram under simulation data, measured sunny day data and measured floating cloud data.
(The curve in the figure tends to zero. In fact, the value is not zero, but there is still some error in practice)
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Table 3 Data analysis of measured results
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Fig. 7 Comparison of the experimental results. (a) Original data; (b) Data to be generated; (c) Without adding meta-learning; (d) Adding
meta-learning; (e) Criminisi algorithm results; (f) Wavelet transform interpolation algorithm results; (g) Generate model results based on depth
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Table 4 Data analysis of compare the experimental results
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Local polarization information generates global polarization information

Overview: As an earth's natural attribute, atmospheric polarization pattern contains rich information of the distribu-
tion of the optical properties and stability of the atmospheric polarization pattern in the sky. Even under complex at-
mospheric environment factors, the atmospheric polarization pattern still presents a series of continuous distribution of
time and space. Therefore, in the autonomous navigation, target detection and other fields, it has broad application
prospects. However, due to the limitation of the physical characteristics of the atmospheric polarization information
acquisition device, only local and discontinuous atmospheric polarization information can be obtained at the same time,
and it is difficult to form the atmospheric polarization mode in the whole sky, which will affect the practical application.
To solve this problem, this paper proposes a polarization pattern generation network by mining the continuity of the
atmospheric polarization pattern distribution. Using this continuous distribution, atmospheric polarization pattern is
generated by inverse transformation sampling. Then the generated atmospheric polarization mode is compared with the
real atmospheric polarization mode to correct the previously mined continuous distribution characteristics and inverse
transformation sampling process. Through continuous iterative optimization, the essential distribution characteristics
among the local atmospheric polarization information are finally excavated, and the atmospheric polarization mode
model is completed. The missing information is supplemented by the model, and the all-sky atmospheric polarization
mode is generated from the local atmospheric polarization information. In addition, atmospheric polarization infor-
mation is often affected by different weather conditions, geographic environment and other factors, and these polariza-
tion data are difficult to collect in the real environment. To solve this problem, this paper excavates the diversity rela-
tionship between the few-shot sample data under different weather and geographic conditions, and generalizes the gen-
erated atmospheric polarization mode to different conditions based on the relationship. For the above two problems,
this paper designs a drive atmospheric polarization pattern generation network based on the few-shot data, which is
obtained by digging through the local atmospheric polarization pattern under different weather, geographical locations,
and continuity of polarization diversity of the relationship between different data, and which is also based on the for-
mation of polarization information, and the generalization ability to generate the atmospheric polarization pattern un-
der different conditions. In this paper, the simulated data and measured data are used to carry out experiments. Com-
pared with other latest methods, the experimental results prove the superiority and robustness of this proposed method.
In addition, the ablation experiment also proves that the network designed in this paper has the generalization ability
and better robustness.
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