Five A+ Network: You Only Need 9K Parameters for Underwater Image Enhancement
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Motivation FA+Net is the only model capable of real-time enhancement and UCIQE metrics which prove our proposed method 1s great

* Due to the Iimited resources of underwater robots and similar - e - at handling details textures and restore contrast. Also, FA+Net
devices, traditional large-scale models struggle to achieve g%;lloongs(t)gtl:;aegxecsépet?;;;?I;)tgfg;g;lgcgeOaréfonsSR gqﬁltsig?eod(a}gge.tg outperforrﬁs all other designs 1n terms of efficiency. |
efficient underwater image enhancement on these platforms. | making it a viable choice for deployment on mobile platforms. A T T e
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* Furthermore, the underlying task of underwater image . 4@“‘*8'93;%%1“& e applications, as it presents a crushing victory for other
enhancement lacks large-scale high-quality datasets, and the ) e methods on high-resolution images.
performance of such real-world applications 1s largely ) G ‘ \
jeopardized by data scarcity and various data degradations. 2 &GN - /| Also we have done

* So We propose a two-stage architecture that provides novel Ew ‘ some practice on the
designs and directions for image enhancement. The strong prior virtual scenes. Their
stage decomposes mixed degradation into sub-problems, while - colors become more
the fine-grained stage focuses on enhancing the network’s P i Tesii/o brilliant.
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