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Motivation

Advance of computational power and big datasets brings the opportunity of using deep learning
methods to do image processing. We explore the possibilities of using deep convolutional generative
adversarial networks (DCGAN) to do various image processing tasks such as super-resolution,
denoising and deconvolution. One advantage compared with traditional image processing is that
DCGAN allows us to use a single architecture framework to achieve different objectives. In DCGAN,
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the competition between the generator and the discriminator push the generator to produce images
that look more appealing. Also, compared to traditional methods, deep learning methods can learn
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from big datasets and use trained features to produce images from inputs that lack certain
information. For example, with extremely low-resolution human face images as input, DCGAN can
complete facial details and produce human faces that look authentic. We evaluated DCGAN on two
type of dataset (human face and natural scenes). Our results show similar PSNR as conventional
image processing methods and yet finer visual appeal.
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Experlmental Results
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Future Work

e Training Set categorization

Currently our work uses a mixed training image data set. The
super resolution result could potentially be improved with a
characteristic specific training data. For example, when
performing SR on a smiley face (or a profile) image, it would be
advantageous to use training data set composed of such smiley
faces (or profiles) so that the CNN engine could capture more
categorized features.
e Combining Super Resolution and Denoising

Currently our work only discussed the proposed model on
image SR and denoising separately. However, for real
applications, we often have to deal with noisy low resolution
images. With conventional interpolation and denoising, both
image processing methods would interfere with each other.
Therefore, it might be great incentives to further investigate
the combined SR and denoising effects on degraded images.
e DCGAN on Image Deconvolution

Image deconvolution is traditionally considered as
challenging problems in practice not only because it is
mathematically difficult to solve but due to the toughness on
estimating the blurring PSF. Theoretically, deconvolution
problems can be mathematically transformed into convolutional
problems. Therefore, it is interesting to explore the
possibilities on blind deconvolution with our proposed DCGAN
image processing framework.
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