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Research on Multi-Frame Sea Surface Image Super Resolution Algorithm
Based on Deep Learning
Abstract

Zhang Yushuang, Han Wenbo , Huang Danfei , Zhao Liying, Zhong Aiqi
Changchun , Jilin 130022, China

College of Optoelectronic Engineering, Changchun University of Science and Technology,

In recent years, deep learning has made a great achievement in image super-resolution reconstruction.
Due to the complex ocean environment, the traditional image super-resolution algorithm has some problems, such as
the difficulty in adjusting parameters. In addition, the single frame image super-resolution algorithm has an ill
conditioned recovery and the generated pixels are uncertain.

In this paper, a super-resolution reconstruction
algorithm of multi-frame images is proposed for the study of sea surface image reconstruction. The convolution

neural network in deep learning is used to learn the mapping relationship between multi-frame low-resolution images

and high-resolution images, so as to realize super-resolution reconstruction. At the same time, because the ocean
methods.
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monitoring imaging system needs more high-frequency information to identify the target and lock contour, the
Key words
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residual network framework is proposed to improve the quality of network reconstruction images, recover more
high-frequency information and enrich the image details. The experimental results show that the proposed algorithm
OCIS codes

has a better image reconstruction ability and better subjective and objective evaluation results compared with other
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Fig. 1 Structural diagram of proposed network
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Fig. 2 Schematic of light flow estimation
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Fig. 3 Map of convolutional neural networks in pyramid hierarchy
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Fig. 4 Optical flow estimation of multi-frame images. (a)(d)(g) First image; (b)(e)(h) second image;

(c) (D) (i) optical flow estimation map
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Fig. 6 Structural diagram of residual network
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Fig. 7 High-resolution image sequence and its target frame image
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Fig. 8 Simulated low-resolution image sequence and its target {rame image
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Fig. 9 Comparison of experimental results of ship images. (a) Original image; (b) Bicubic algorithm; (¢) SRCNN
algorithm; (d) VDSR algorithm; (e) VDR-DUF algorithm; (f) proposed algorithm
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Fig. 10 Comparison of experimental results of beach images. (a) Original image; (b) Bicubic algorithm; (¢) SRCNN
algorithm; (d) VDSR algorithm; (e) VDR-DUF algorithm; (f) proposed algorithm

Pl 11 O O R LE S HR A5 SR IR, () JELIED 5 () Bicubic $32% 5 (¢) SRCNN 55.3% 5 (d) VDSR 55 5 () VSR-DUF H32:
(D%
Fig. 11 Comparison of experimental results of cliff coast images. (a) Original image; (b) Bicubic algorithm; (¢) SRCNN
algorithm; (d) VDSR algorithm; (e) VDR-DUF algorithm; (f) proposed algorithm
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Fig. 12 Comparison of experimental results of sea surfing images. (a) Original image; (b) Bicubic algorithm; (¢) SRCNN
algorithm; (d) VDSR algorithm; (e) VDR-DUF algorithm; (f) proposed algorithm
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Table 1

Objective evaluation indexes of each algorithm

Bicubic algorithm

SRCNN algorithm

VDSR algorithm

Image

PSNR /dB SSIM PSNR /dB SSIM PSNR /dB SSIM
Fig. 8 28.63 0. 94 28. 88 0.95 29.68 0.74
Fig. 9 30. 57 0.92 32.00 0.93 34.05 0.93
Fig. 10 29. 33 0. 83 30. 18 0. 85 31.19 0. 85
Fig. 11 29. 64 0.95 30.73 0. 97 31.62 0.98
VSR-DUF algorithm Proposed algorithm
Image
PSNR /dB SSIM PSNR /dB SSIM
Fig. 8 25.95 0. 89 30. 04 0.96
Fig. 9 28.45 0.90 33.77 0.95
Fig. 10 24.32 0. 81 30.79 0. 85
Fig. 11 25.01 0. 32.78 0.98
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