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Abstract: In traditional optical imaging, when high-speed moving objects are photographed under low-
light conditions, balancing the contrasting differences between energy acquisition and high-speed motion
blur by configuring the integration time is difficult. To solve this problem, a computational imaging meth-
od based on combined exposure was proposed. A high-frame-rate camera was used to acquire two adjacent
frames to form a combined exposure image pair. Based on the complementary information between the
two frames, the motion blur point spread function was estimated, and the restored image with a high sig-
nal-to-noise ratio (SNR) was then recovered. Experimental results show that the proposed computational
imaging method can solve the blur problem of high-speed object imaging under low-light conditions. Com-

pared with the original degraded image, the restored image obtained by the restoration algorithm is signifi-
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cantly improved in terms of detailed texture. The objective evaluation indices of peak SNR and structural

similarity index measure are also improved by greater than 10% over those of the degraded image. Over-

all, the performance of the proposed computational imaging method is better than that of the existing non-

depth learning restoration method, and the image proved to be clear and reliable, exhibiting a good subjec-

tive visual effect.

Key words: computational imaging; image restoration; combined exposure; non-uniform point spread

function estimation
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Fig.1 Computational imaging camera system
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Fig.2 Schematic diagram of camera operation modes
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Fig.3 Image shift in integral time
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Fig.4 Flow chart of kernel iterative estimation
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34.2852 0.9377

37.3854 0.9554

RNN-+CNN 35.747 4 0.967 3
35.489 2 0.961 1

35.472 1 0.9234

ARSCTT 35.590 8 0.9259
33.9340 0.934 2
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