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Learning-based Feature Reconstruction for Pyrography Painting
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Abstract This paper presents a novel learning-based approach for pyrography painting style simulation. Based on Hertzmann’s image analogies

algorithm, it proposes a novel Particle Swarm Optimization(PSO) combined with the roulette selection operator to speed up the image processing.

This algorithm selects the best position found by the swarm so far with roulette wheel selection method and the probability of premature converge to
local minima is decreased. Compared with the Approximate Nearest Neighbor(ANN) search, it can obtain faster processing speed. In order to

compensate for visual defects on the output texture in Hertzmann’s algorithm, it converts RGB signals to perception-based color space loff before the

additional computing. Experimental results demonstrate the algorithm is efficient for pyrography painting simulation.
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