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Single-Photon Compressive Imaging Based on Residual Codec Network
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Abstract When performing high-resolution imaging using a single-photon compressive technique, a long imaging
time is required owing to numerous measurements and a large number of image-reconstruction calculations. We
demonstrate a sampling-and-reconstruction-integrated residual codec network, namely SRIED-Net, for single-
photon compressive imaging. We use the binarized fully connected layer as the first layer of the network and train it
into a binary-measurement matrix to directly load onto the digital micromirror device for efficient compressive
sampling. The remaining layers of the network are used to quickly reconstruct the compressed sensing image. We
compare the effects of the compressive sampling rate, measurement matrix, and reconstruction algorithm on
imaging performance through a series of simulations and system experiments. The experimental results show that
SRIED-Net is superior to the current advanced iterative algorithm TVAL3 at a low measurement rate and that its
imaging quality is similar to that of TVAL3 at a high measurement rate. It is superior to current deep-learning-
based methods at all measurement rates.
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Table 1 SNR of reconstruction results of different algorithms at different MR dB

Image name Method MR is 0.25 MR is 0.10 MR is 0.04 MR is 0.01
TVAL3 24.12 22.00 19.94 15.85
Barbara AD_RE-Net 22.51 21.31 19.67 18.94
SRIED-Net 24.30 23.28 22.37 20.91
TVAL3 27.10 23.37 20.73 15.72
Parrot AD_RE-Net 22.99 21.72 19.68 18.79
SRIED-Net 27.38 25.51 22.87 21.24
TVAL3 31.43 26.45 22.22 16.90
House AD_RE-Net 25.48 23.87 20.57 19.87
SRIED-Net 29.97 27.93 24.93 22.17
TVAL3 28.56 23.84 20.40 15.32
Boats AD_RE-Net 23.70 22.11 19.19 18.58
SRIED-Net 27.83 25.93 23.48 20.84
TVAL3 22.62 18.55 16.60 13.64
Fingerprint AD_RE-Net 18.87 17.74 15.73 15.46
SRIED-Net 25.00 22.66 19.48 16.02
TVAL3 23.74 18.72 15.89 12.42
Flinstones AD_RE-Net 17.95 16.98 14.72 14.37
SRIED-Net 24.03 21.69 18.75 16.01
TVAL3 25.73 21.77 18.63 16.06
Cameraman AD_RE-Net 20.69 19.64 18.08 17.48
SRIED-Net 24.83 23.57 21.52 19.28
TVAL3 26.19 22.10 19.10 15.13
Mean P suk AD_RE-Net 21.74 20.48 18.23 17.64
SRIED-Net 25.92 24.37 21.91 19.50
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