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Abstract
representation of the underlying image in an over-complete dictionary, a sparsity regularized convex functional model

Astronomical and biomedical imaging instruments are often corrupted by Poisson noise. Using the sparse

is proposed to deconvolve Poisson noisy image in the Bayesian-MAP estimate framework. The negative-log Poisson
likelihood functional is used as data fidelity term and non-smooth regularization term used for constraining the sparse
image representation over the dictionary. An additional term is also added to ensure the positivity of the restored image.
Inspired form the Split Bergman iteration method, a multi-step fast iterative algorithm is proposed to solve the above
model numerically. By introducing an intermediate variable and Bergman distance, the original problem is transformed
into solving two simple sub-problems iteratively, thus computational complexity is decreased rapidly.Experimental results

demonstrate the effectiveness of our recovery model and numerical algorithm.
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Fig 1. the restoration result of several algorithms under poisson noise (Neuron phantom, gray level range [0, 30]). (a) original image;
(b) blurry and noise image; (¢) RL-TV algorithm; (d) NaiveGauss algorithm; (e) VST-PTI algorithm; (f) our algorithm.
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NaiveGaussHik; (e) VST-PTIHL; (f) ASCHE.
Fig 2. the restoration result of several algorithms under poisson noise (Cameraman, gray level range [0, 30]). (a) original image; (b)

blurry and noise image; (¢) RL-TV algorithm; (d) NaiveGauss algorithm; (e) VST-PTI algorithm; (f) our algorithm.
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Fig 3. the restoration result of several algorithms under poisson noise (Cameraman, gray level range [0, 128]). (a) original image;

(b) blurry and noise image; (¢) RL-TV algorithm; (d) NaiveGauss algorithm; (e) VST-PTI algorithm; (f) our algorithm.



X N FRHPEE W ILROFE (AR SR 5 F Brogman U 5114 7
Rl AR G E B AR bR UL
Table 1  The quantitative comparison of the restoration results of several algorithms
A PEREFEAR B G RL-TV NaiveGauss VST-PTI AL
El1(a) MAE 2.1365 1.58 1.05 0.76 0.63
K1 (a) PSNR(dB) 18.24 19.88 23.55 25.85 26.49
El2(a) MAE 3.479 3.0705 1.8806 1.4665 1.3161
E2(a) PSNR(dB) 16.22 16.7039 20.8342 21.8355 22.5694
El3(a) MAE 9.4920 5.4926 6.8663 11.1667 4.8349
Kl3(a) PSNR(dB) 19.3616 23.2563 22.0678 19.4724 23.57
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