EXAGGERATED LEARNING FOR CLEAN-and-SHARP IMAGE RESTORATION
ABSTRACT:
Deep learning has become a methodology of choice for image restoration tasks, including de-noising, super-resolution, de-blurring, exposure correction, etc., because of its superiority to traditional methods in reconstruction quality. However, the published deep learning methods still have not solved the old dilemma between low noise level and detail sharpness. We propose a new CNN design strategy, called exaggerated deep learning, to reconcile two mutually conflicting objectives: noise free and detail sharpness. The idea is to deliberately overshoot for the desired attributes in the CNN optimization objective function; the cleanness or sharpness is overemphasized according to different semantic contexts. The exaggerated learning approach is experimented on the restoration tasks of super-resolution and low light correction. Its effectiveness and advantages have been empirically affirmed.








EXISTING SYSTEM:
The local blur compensation used in Existing System has some intrinsic limitations.  Also, its performance depends critically on an accurate estimation of the power spectrum of the original image. Uniform blurring cannot be properly treated in Existing Schemes. In general, the published DCNN image restoration methods outperform their counterparts of traditional image processing in terms of image quality, thanks to the use of large data and much increased computational power. However, still in overcoming one technical dilemma, the deep learning based image restoration methods have not yet made meaningful improvement over their predecessors; that is, the mutual conflict between two perceptual attributes associated with high image quality: the absence of noises and the clarity of details.

DISADVANTAGES:

· The Existing CNNs doesn’t provide efficient and quality output in the image.
· Uniform blurring cannot be properly treated in Existing Schemes.
· It produces smoothing and noising effects. 







PROPOSED SYSTEM
[bookmark: _GoBack]In this project we proposed two methods, for image denoising and deblurring. The denoising algorithm, based on space variant Gaussian scale mixtures, is applicable to any over complete wavelet representation deblurring method is based on a two-step decoupling scheme: linear global blur compensation and nonlinear local nonwhite noise removal. This strategy provides flexibility to use any denoising method able to deal with nonwhite Gaussian noise.

ADVANTAGES:
· Generative Adversary Neural network (GAN) architecture helps to overcome smoothing and noising effects
· It exaggerates the desired features of the ground truth image in the training stage.










SYSTEM SPECIFICATION
HARDWARE REQUIREMENTS:
· Processor		:	Intel Core i3 Processor
· Speed			:   	2.5 GHz
· RAM			:   	2GB(min)
· Hard Disk		:	500MB
· Key Board		:   	Standard Windows Keyboard
· Mouse	        	:    	Two or Three Button Mouse
· Monitor		:    	LCD

SOFTWARE REQUIREMENTS:
· Operating System	  	:	Windows7/10.
· Application Server  	: 	Tomcat6.0/7/8.X.
· Front End			: 	Java , HTML,CSS
· Scripts 		  	:	JavaScript.
· Server side Script	  	:	Java Server Pages.
· IDE		      		:	Net beans 
· Back End			:	MYSQL 5.0/ Heidi SQL 8.1 
· Database Connectivity	:	JDBC
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