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Fig.1 Imaging principle of haze images
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Fig. 2 Classification of image dehazing algorithms
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Fig.3 Structural paradigms of a typical deep learning-based dehazing algorithm
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O-HAZE: a dehazing benchmark with real hazy

Review on Dehazing Algorithm for Degraded Images in

Complex Scenes

LI Qinghui, CUI Zhigao®, CHEN Yugqiang,
LAN Yunwei, CAI Yanping, SU Yanzhao
(Rocket Force University of Engineering, Xi’ an 710025, China)

ABSTRACT: To address the issue of performance degradation in advanced visual tasks, such as object de-

tection, semantic segmentation, and person re—identification caused by complex degraded images under

haze weather conditions, an overview of dehazing techniques for degraded images in complex scenes was

provided. First, the formation mechanism of haze images and the degradation models were introduced. Sec—

ond, the evolution from conventional physical model-based image dehazing methods to current deep learn—

ing—based approaches was reviewed, providing a detailed analysis of the characteristics, advantages, and
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limitations of each method. Finally, common datasets and evaluation metrics in the field were presented
and future development trends were discussed to provide valuable references for researchers in related fields
and jointly promote image dehazing technologies towards a more intelegent and practical direction.

KEYWORDS: degraded image; image dehazing; deep learning; physical model
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