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ABSTRACT

A hazy environment obscures visibility and hinders the performance of many computer vision
tasks. The process of removing haze using a single image and compensating for the attenuated ra-
diance is known as single image dehazing. Retrieving haze-free results using a single image is an
ill-posed and under-constrained problem due to the lack of information such as the transmittance-
map (i.e, T-map) and the global air-light vector (A, ). This research aims to develop novel priors
and boundary constraints using statistical/physical properties or heuristic assumptions to forecast
the unknown information required for dehazing. To this aim, we propose dehazing techniques for
restoring visibility in aerial, terrestrial, and underwater imaging under diverse illumination and
haze conditions. We begin with an introduction to the dehazing problem and provide a literature
review of the related works to investigate the challenges and the ambiguities associated with haze-
free image retrieval. Unmanned Aerial Vehicle (UAV) based imagery provides a valuable source
of information for both the consumer and computational photographers. But unfortunately, these
images are often obfuscated by many factors such as clouds occlusion, poor atmospheric illumina-
tion, unpleasant weather conditions, and the limited imaging capability of the UAVs. To retrieve
the visibility in aerial imaging, a model-based dehazing scheme using radiance boundary con-
straint and graph model has been proposed. In dehazing, the over-estimation of air-light causes
darker and visually unpleasant results, while its under-estimation destroys subtle details from the
bright regions such as the sky. Therefore, the accurate estimation of the global air-light to approx-
imate the haze thickness is critical for improving the micro-level visibility. For advanced dehazing
performance, a novel statistical prior called color constancy prior (i.e., CCP) has been proposed
to improve the robustness of air-light estimation under varicolored illumination. Furthermore,
adapting the local-patch under different hazy conditions is considered an open research problem
in dehazing. To resolve this, a novel self-adaptive prior named weighted median channel prior
(i.e., WMCP) has been proposed that works by leveraging the spatially changing haze statistics
and selecting the optimal local-patch corresponding to the haze density of the input image, which
conventional methods frequently fail to do. In addition, a follow-up technique called Edge Mod-
ulation, has been proposed to repair details lost due to haze. Many image priors and assumptions
used in the conventional dehazing frameworks have significant inconveniences as they impose
hard bounding constraints for the problem’s solution and may not always produce distortion-free
results under varying haze conditions. To tackle this, an iterative optimization approach is pro-
posed to effectively estimate & regularize the T-map. The utility of the proposed methodology
is to solve the dark channel’s hard zeroing constraint without brute-forcing a highly non-convex
equation by introducing a novel energy function that stabilizes the process of 7'-map estimation in
haze images. Extensive experimental results on both real and synthetic haze datasets demonstrate
the dehazing efficacy of the proposed method with many other progressive techniques.

iii
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