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ABSTRACT

Usually, image deconvolution is applied as a preprocessing step in surveillance systems to reduce the effect of motion or out-of-focus
blur problem. In this paper, we propose a blind-image deconvolution filtering approach based on genetic programming (GP). A numerical
expression is developed using GP process for image restoration which optimally combines and exploits dependencies among features of the
blurred image. In order to develop such function, first, a set of feature vectors is formed by considering a small neighborhood around each
pixel. At second stage, the estimator is trained and developed through GP process that automatically selects and combines the useful
feature information under a fitness criterion. The developed function is then applied to estimate the image pixel intensity of the degraded
image. The performance of developed function is estimated using various degraded image sequences. Our comparative analysis highlights
the effectiveness of the proposed filter.
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Fig. 1. Block diagram of GP based proposed scheme
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Table 1. GP parameters setting.
Parameters Set Values
- Variable set of feature vectors:
x= {21017}
- Parameters set:
Terminals / 6= {functions set, constant set}

non-terminal set

where,

Functions set: {plus, minus, times,
divide, log, sin, cos, exp, power }

Constants set: random constants [0-1]

Fitness criterion

Minimization of MSE

Pop. size 500
Generations 200
Pop. Initialization Ramped half and half
Sampling Tournament
Expected offspring | rank85

Operators probabilities

Variable crossover/mutation ratio

Survival criterion

Keep the best individual
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Table 2. Performance comparison

Lena Cameraman
PNSR | ISNR PNSR | ISNR
IMSE |y | an | T ) | ()
Fyp | 0452 3452 | 11792 | 0.442 3529 | -12.801
Frpa| 0132 8791 | -1113 | 0.118 9.257 -1.344
£y 0.058 | 12164 | 5934 0.064 11.777 3.959
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