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Abstract Computational imaging is an imaging technology that not only relies on optical physical devices, but also
relies on optical modulation and reconstruction algorithm. It provides new ideas for breaking through the limitations
of traditional imaging systems in terms of temporal and spatial resolution and detection sensitivity. Computational
ghost imaging (CGI) is one of the fastest-growing branches in the field of computational imaging, it has been widely
used in single-pixel imaging, super-resolution imaging, biomedicine, information encryption, lidar, and information
transmission under turbulence in recent years. In this paper, we summarize the progress of construction methods of
illumination patterns and image reconstruction algorithms, which are two key technologies that affect quality of
CGI. We mainly introduce the construction methods of random matrix, the orderly Hadamard matrix, orthogonal
transformation matrix, and discuss the imaging performance of various illumination patterns under traditional
correlation reconstruction algorithms and novel deep learning reconstruction algorithms. Finally, the construction
methods of illumination patterns and reconstruction algorithms are summarized, and the development prospect of
CGI technology is also discussed.
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(b) comparison of imaging quality of multiple reconstruction algorithms based on randomly modulated matrix
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Table 1 Performance comparisons of different reconstruction algorithms under random illumination patterns

Sampling ratio below 1%

Sampling ratio below 10 %

Samplingratio of 100 %

Index
GI CSGI DLGI GI CSGI DLGI GI CSGI DLGI
RMSE-™ High Medium Low High Medium Low High Medium Low
SSIME™ Low Medium High Low Medium High Low Medium High
PSNR' Low Medium High Low Medium High Low Medium High
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g P g g

“cutting cake”"™ ; (¢) four kinds of Hadamard matrix sorting”"” ; (d) comparisons of imaging quality for different
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Table 2 Comparisons of construction methods of different illumination pattern and reconstruction performance

Illumination pattern Year Algorithm PSNR SSIM SNR
Hadamard"" 2013 Compressed sensing Low Low
“Russian Dolls” Hadamard ordering"®" 2017 Correlation algorithm Medium ~ Medium
Haar transform Hadamard ordering™"’ 2019 FWHT High High High
Origami pattern™®’ 2019 Compressed sensing High High
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28
Illumination pattern Year Algorithm PSNR SSIM SNR
Multi-resolution Hadamard derivative pattern™*™ 2019 Correlation algorithm High
“Cake cutting” Hadamard ordering'™” 2019 Compressed sensing High High
High frequency ordering"™" 2020 TVAL3/ NESTA Low Low
Total gradient ascending order™™ 2020 TVAL3 Low Low
Total variation ascending Hadamard basis™™ 2020 TVAL3 High High
Hadamard""™ 2020 Deep learning High High
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