A DICTIONARY LEARNING APPROACH FOR POISSON IMAGE DEBLURRING
ABSTRACT
The restoration of images corrupted by blur and Poisson noise is a key issue in medical and biological image processing. While most existing methods are based on variational models, generally derived from a maximum a posteriori (MAP) formulation, recently sparse representations of images have shown to be efficient approaches for image recovery. Following this idea, we propose in this paper a model containing three terms: a patch-based sparse representation prior over a learned dictionary, the pixel-based total variation regularization term and a data-fidelity term capturing the statistics of Poisson noise. The resulting optimization problem can be solved by an alternating minimization technique combined with variable splitting. Extensive experimental results suggest that in terms of visual quality, peak signal-to-noise ratio value and the method noise, the proposed algorithm outperforms state-of-the-art methods.


EXISTING SYSTEM
We present a non-parametric regression method for denoising 3D image sequences acquired via fluorescence microscopy. The proposed method exploits the redundancy of the 3D+time information to improve the signal-to-noise ratio of images corrupted by PoissonGaussian noise. A variance stabilization transform is first applied to the image-data to remove the dependence between the mean and variance of intensity values. This preprocessing requires the knowledge of parameters related to the acquisition system, also estimated in our approach. In a second step, we propose an original statistical patch based framework for noise reduction and preservation of space-time discontinuities. In our study, discontinuities are related to small moving spots with high velocity observed in fluorescence video-microscopy. The idea is to minimize an objective non-local energy functional involving spatiotemporal image patches. The minimizer has a simple form and is defined as the weighted average of input data taken in spatially-varying neighborhoods. The size of each neighborhood is optimized to improve the performance of the point wise estimator. The performance of the algorithm (which requires no motion estimation) is then evaluated on both synthetic and real image sequences using qualitative and quantitative criteria.
DISADVANTAGES
· More parameters are required for the implementation
· Implementing in the real image sequences has a bit complexity



PROPOSED SYSTEM
We proposed a new model to recover images suffering from blur and Poisson noise. It is based on the mixture of two priors: a patch-based sparse representation prior over a learned dictionary, and the pixel-based TV regularization. Compared to TV-based and frame-based methods, the proposed algorithm leads to higher PSNR values and improves the quality of restored images, though requiring a higher computational cost. Among future research directions, we think it could be worth exploring strategies to reduce the computation time. We also plan to work on possible extensions of the present method to different frameworks such as color images, video sequences, or other non-Gaussian noise models. Designing a blind deblurring algorithm by embedding a blur kernel estimation procedure in the present approach would also be an interesting development and open new possibilities of applications.
ADVANTAGES
· The computation time was very low
· Can be used in different frameworks


SYSTEM REQUIREMENT:

HARDWARE REQUIREMENTS:
  
Processor 		: 	Intel 
Ram			:	2 GB (Minimum) 
Monitor		:	15” COLOR
Hard Disk		:	500 GB
Keyboard 		:	STANDARD 102 KEYS
Mouse		:	3 BUTTONS

SOFTWARE CONFIGURATION:
  
Operating System		:	Windows 7 / 10
Environment		:	MATLAB
Matlab		 	:	Version 18a
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