HrEA Y AEY o] 7] &3] 2] A23d A25(2024d 64)
Journal of the Semiconductor & Display Technology, Vol. 23, No. 2. June 2024.

Zl
IT

rlo
ad
-

Mg 0183 +3F Y MM

Enhancing Underwater Images through Deep Curve Estimation
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*"Korea University of Technology and Education, School of Computer Science and Engineering

ABSTRACT

Underwater images are typically degraded due to color distortion, light absorption, scattering, and noise from
artificial light sources. Restoration of these images is an essential task in many underwater applications. In this paper,
we propose a two-phase deep learning-based method, Underwater Deep Curve Estimation (UWDCE), designed to
effectively enhance the quality of underwater images. The first phase involves a white balancing and color correction
technique to compensate for color imbalances. The second phase introduces a novel deep learning model, UWDCE,
to learn the mapping between the color-corrected image and its best-fitting curve parameter maps. The model
operates iteratively, applying light-enhancement curves to achieve better contrast and maintain pixel values within a
normalized range. The results demonstrate the effectiveness of our method, producing higher-quality images
compared to state-of-the-art methods.
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Fig. 2. The architecture of underwater deep curve estimation
with white balancing. Numbers under the blocks
show the kernel, while inside the block is the image
size.
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Fig. 3. Comparative analysis of restoration techniques utili-
zing a few test images from the EUVP Dataset:
Arranged from left to right are the input image
followed by the results from UDCP, HLP, HDP,
2Steps, IBLA, ACT, AOD, our proposed method and

the ground truth.
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