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Abstract

In this paper, we propose a video enhancement method using generative adversarial networks to remove raindrops and restore
the background information on the removed region in the coastal wave video imagery distorted by raindrops during rainfall.
Two experimental models are implemented: Pix2Pix network widely used for image-to-image translation and Attentive GAN.
which is currently performing well for raindrop removal on a single images. The models are trained with a public dataset of
paired natural images with and without raindrops and the trained models are evaluated their performance of raindrop removal and
background information recovery of rainwater distortion of coastal wave video imagery. In order to improve the performance,
we have acquired paired video dataset with and without raindrops at the real coast and conducted transfer learning to the pre-
trained models with those new dataset. The performance of fine-tuned models is improved by comparing the results from pre-
trained models. The performance is evaluated using the peak signal-to-noise ratio and structural similarity index and the fine-
tuned Pix2Pix network by transfer learning shows the best performance to reconstruct distorted coastal wave video imagery by

raindrops.
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(a) Raindrop 1119

(b} Coastal wave raindrop

Figure 1: Samples of (a) raindrop 1119 and (b) coastal wave raindrop datasets. Top: The images degraded with raindrops. Bottom: The

corresponding ground-truth images.
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{a) Raindrop image (b) Ground truth

{d) Pre-trained attentiveGAN

(c) Pre-trained Pix2Pix

Figure 3: Results of comparing pre-trained Pix2Pix and pre-trained Attentive GAN using raindrop [ 119 dataset.
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Figure 4: Four samples of results to compare fine-tuned Pix2Pix and fine-tuned Artentive GAN using coastal wave raindrop dataseL
From top to bottom: raindrop image (input), ground truth, result of pre-trained Pix2Pix, pre-trained Attentive GAN, fine-tuned Pix2Pix,
and fine-tuned Attentive GAN for raindrop removal and background information recovery.



