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End—to—-end deep learning based non-invasive @ge descattering
Qi Jianjun ’
(School of Information Science and Technology , Guangdong Bniv it n Studies , Guangzhou 510006 , China)

this paper, we purpose an end —to—end deep learning descattgrin® method. This method does not need complex optical

device and perform very well in complex scene. This iflethod “has a state —of —art performance in both the simulation

Abstract: The image quality will decay when light goes t@aﬁeﬁng media or reflect on the rough surface. In

dataset and real experiment dataset. In this paper, ‘reatively put forward a pipeline to collect the hazing and
ground truth dataset by capturing the screen, whichmea 0 be used in many other field.
Key words : descattering ; deep learning ; end to ; ifhage reconstruction
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