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Abstract

Image enhancement is a technique to improve the interpretability or information perception in
images for human understanding. The enhanced image can also be used as an input to other
image processing applications. However, image enhancement is extremely challenging due
to lack of sufficient prior information and is still an open problem. Enhancement encapsulates
various task such as image super-resolution, denoising, contrast enhancement, noise-free super-
resolution to name a few. These enhancement techniques serve as a pre-processing step in
various computer vision applications such as optical character recognition (OCR), bio-medical
etc. The advancement in image enhancement techniques has resulted in the requirement of
efficient frameworks that can evaluate the quality of image/video data automatically. Objective
quality estimation approaches can be applied to quality control systems for monitoring the
image and video quality, parameter setting and optimization of benchmark algorithms for image
and video processing system.

The main objective of the thesis is image and video enhancement. Among various enhance-
ment techniques, image and video super-resolution (SR) has gained a lot of attention because
of increasing availability of high-resolution (HR) displays. This is a challenging problem due
to lack of prior information and image statistics. For images, we focus on spatial resolution
enhancement. In addition, noise-robust resolution enhancement of noisy low-resolution (LR)
images is even more challenging as both image de-noising and super-resolution tasks are ill-
posed inverse problems. If an LR image contains noise or distortions, a simple resolution
enhancement task gives rise to additional incremental noise or distortions. Moreover, perform-

ing de-noising followed by super-resolution does not provide HR image with fine details. Thus,
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there is a need for joint optimization of image de-noising and super-resolution while preserv-
ing fine details. In case of video, resolution enhancement means enhancing resolution in both
space and time. For video enhancement, our work focuses on finding a solution in order to get
space-time resolution enhancement of the LR video sequences.

Image in-painting is a restoration technique that focuses on removing distorted parts or
filling out missing regions to enhance images. However, in-painting of larger missing region
with local details has not yet been solved. In this, we present a solution for filling larger missing
regions by using super-resolution based in-painting. As previously mentioned, the solutions of
the aforementioned enhancement tasks depend on image/video quality assessment. For quality
assessment, past efforts have largely focused on specific kind of distortion. However, it is
not practically feasible to define different type of distortions and their causes. Thus our work
focuses on a technique which is independent of the type of error present and concentrates on
image quality rather than on the type of specific error.

Optical character recognition (OCR) systems face severe challenges in recognizing text
from document image that lack resolution. Most OCR models trained on high resolution (HR)
text images fail in case of low resolution (LR), noisy or noisy-LR text images. Enhancement
of noisy-LR text images, such that existing OCR engine can recognize the text from noisy-LR
images is of interest to the OCR community. In the thesis, we have demonstrated an application

of noise-robust resolution enhancement technique to boost existing OCR systems.
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