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Reconstruction of Solar Speckle Image Combined with Gated Fusion Network and Residual
Fourier Transform

HUANG Yaqun',ZHENG Peiyu' ,JJANG Murong' , YANG Lei’* and LUO Jun'
1 School of Information Science and Engineering, Yunnan University, Kunming 650500, China

2 Yunnan Observatories, Chinese Academy of Sciences, Kunming 650011 ,China

Abstract When using the existing deep learning algorithm to reconstruct the highly blurred solar speckle image taken by the
Yunnan Observatory,there are problems such as loss of high-frequency information, blurred edges,and difficulty in reconstruc-
tion. This paper proposesd a solar speckle image reconstruction algorithm combining gated fusion network and residual Fourier
transform. The gated fusion network consists of a generator and two discriminators. The generator contains a deblurring module,
a high-dimensional feature extraction module.a gating module and a reconstruction module. The deblurring module adopts the U-
shaped network framework based on the double attention mechanism to obtain the deblurred features of the low-resolution image;
the high-dimensional feature extraction module uses the convolution block of the residual Fourier transform to extract high-di-
mensional features containing image spatial details; the gating module fuses the above two features to obtain a weight map, the
weight map weighted with the deblurred features,and then fused with high-dimensional features to obtain fused features;the re-
construction module uses the residual Fourier transform convolution block and pixel shuffling layer to reconstruct the fusion fea-
ture map obtained by the gating module to obtain a high-resolution image. Two discriminators are used to identify the authenticity
of the deblurred image produced by the deblurring module and the high-resolution image produced by the reconstruction module,
respectively. Finally,a combined training loss function including pixel content loss. perceptual loss and adversarial loss is designed
to guide model training. Experimental results show that compared with existing deep learning reconstruction methods, the pro-
posed method has stronger recovery ability of high-frequency information, clearer edge contours, higher structural similarity and
peak signal-to-noise ratio indicators.

Keywords Solar speckle image reconstruction,Gated fusion network, Residual Fourier transform,Dual attention mechanism
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Fig. 1 Network framework diagram of our method
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Table 1 Quantitative evaluation results of different methods
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Fig. 12 Comparison plot of reconstruction results without gating

module or without residual Fourier transform
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Deblurring results of different algorithms on public dataset GoPro

Fig. 13
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