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Gradient Magnitude, 100 iterations, A=0.04

Ground Truth Image RL+TV_A
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Comparison of RL+TV_A,A=0.04 & RL+TV_B,A=0.02
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Gradient Magnitude, 200 iterations
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Use Standard Deviation of Gradient
Histogram as Measure of Sparsity
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Conclusions

e For all images and the range of A tested, at the optimal per image A
o RL+TV_A produces sparser gradients by all three measures
o RL+TV_B produces higher log likelihood
o RL+TV_B usually produces lower MSE
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