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Sonar image denoising method based on
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Abstract: As a kind of underwater active sonar equipment, forward-looking sonar is often used to collect
underwater image data. However, it will be affected by underwater noise, which leads to the degradation of image
quality. Due to this situation, a forward-looking sonar image denoising method is proposed based on dense
residuals and a dual-channel attention mechanism network. Firstly, the two-channel attention mechanism is
adopted to extract the channel information of the sonar image, collect the global information of the sonar image,
and output the noise map of the sonar image. Based on the noise image and sonar image, the dense residual block
fully learns the feature information at different scales and outputs a clean sonar image after multiple learning and
information transfer. Because of the forward-looking sonar image and its noise characteristics, the forward-looking
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sonar image is simulated and the multiplicative noise of Rayleigh distribution and the additive noise of Gaussian

distribution are added to generate a simulation dataset for network training and performance evaluation.

Experimental results on the simulated data set and real data set show that the proposed method can effectively

remove the noise and retain image details.

Keywords: forward looking sonar; image denoising; noise simulate; channel attention; dense residual
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Fig. 4 Simulated forward-looking sonar images. (a) Original image; (b) Noisy image
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Fig. 5 Simulated forward-looking sonar image denoising results. (a) (b) (c) Represents three different images

R B ARG ERER

Table 1 simulated sonar image denoising results

ViR PSNR SSIM Brisque
BM3D" 29.84 0.7693 104.18
DnCNN™ 34.25 0.8168 95.27
CBDNet”" 34.66 0.7852 98.82
CNCL" 34.54 0.7817 94.68
DeamNet™" 35.57 0.7751 95.70
A3 36.54 0.8450 91.13
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Fig. 6 Real forward-looking sonar image denoising results. (a) (b) (c) Represents three different images
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A2 AZEHEKIIPNIARERE
Table 2 Real sonar image denoising evaluation index results

Tk Brisque
BM3D" 53.81
DnCNN™ 43.57
CBDNet”” 42.58
CNCL®™ 4527
DeamNet™” 47.21
ES'S 40.28

A3 RRIEEAMH IR
Table 3 Comparison of different attention mechanisms
" IEPL i S SRR 6T
HEAY
PSNR SSIM Brisque Brisque
R 35.68 0.8276 94.19 41.61
DCA 36.54 0.8450 91.13 40.28
A 4 FRFREHRG LR
Table 4 Comparison of different residual block
" LGS HIHARE
F5
PSNR SSIM Brisque Brisque
i gk 22 35.98 0.8367 95.26 41.34
DIR 36.54 0.8450 91.13 40.28
A5 MR LE R
Table 5 Comparison of ablation results
. BRI HIHRAE
it
PSNR SSIM Brisque Brisque
CBDNet 34.66 0.7852 98.82 42.58
CBDNet+DCA 35.87 0.7961 97.48 41.89
CBDNet+DIR 35.43 0.8257 98.31 42.04
CNCL 34.54 0.7817 94.68 45.27
CNCL+DCA 34.84 0.7746 94 .42 44.35
CNCL+DIR 35.02 0.7993 92.88 43.79
AL 36.54 0.8450 91.13 40.28
RORIAT WAL B HIE T AR SC A Y B 25 AR R 22 B i A 50 R

XFHEe 5 EE FT LA, DCA B8 AT DL o
ZHEEEIAEH AR RIENE R, FRBCEZ 4
N Y SN 52 87 U ek =) SRS BT s T N
P& 4 S B T PRI A R A A

14 5 BB AT LAAS 1 DIR AR He i 22 R B ML
PEFH TR URSZ B (5 BRI BRI R Atk B

AR AL, e T IR BRI (5 B AL
PR R, [AHE B A IR, W

Itk

A

5 & &

ARSCHR T —Fh L85 A2 5 2 FINGE 18 T 3 1AL
ﬂ%%%ﬁ%@@%@ﬁ% SR T AU B 2 Mt o 24
AR, el BGE B VLRSS, ke R
BEBRMGIERS R, R P AR R 2 e i 5 B 4%

YRR ) A AR A i G . AR R il P14
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Sonar image denoising method based on
residual and attention network

Zhao Dongdong’, Ye Yifei', Chen Peng'", Liang Ronghua’, Cai Tiancheng’, Guo Xinxin®
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Overview: As a kind of underwater active sonar equipment, forward-looking sonar is often used to collect underwater
image data. However, it will be affected by underwater noise, which leads degradation of image quality. Due to this
situation, a forward-looking sonar image denoising method is proposed based on dense residuals and a dual-channel
attention mechanism network. Firstly, the dual attention mechanism is adopted to extract the channel information of
the sonar image, collect the global information of the sonar image, and output the noise map of the sonar image. Based
on the noise image and sonar image, the dense residual block fully learns the feature information at different scales, and
outputs a clean sonar image after multiple learning and information transfer. The main contributions of this paper are as
follows.

a) The dual channel attention module is used to estimate the noise, which adaptively accepts information of different
scales through two paths using 3x3 and 5x5 convolutional kernels, respectively, and shunts these information to the
next layer of neurons to enhance the feature extraction capability of the module, and then uses one-dimensional
convolution to generate a channel attention map to extract the interdependencies between features maps, acquiring
more information while reducing the computational volume.

b) Dense in residual module is used to remove noise. This module replaces the 3x3 convolutional layers in the
traditional residual block with component group convolutions to reduce the number of parameters and improve the
training speed, followed by dense and residual connections designed inside the convolutional kernel to learn the
differences and connections between feature maps of different sizes, to transfer the learned information from each layer
more smoothly and avoid performance degradation and the problem of gradient explosion and disappearance, and
finally improve the multi-scale information extraction capability of the network at a fine granularity level.

In this paper, we simulate the generation of forward-looking sonar images by FieldII and add simulated multiplicative
Rayleigh noise and additive Gaussian noise to generate a training set for training the network. Later, comparison
experiments are conducted on the simulated data test set and the real data set, and the good performance of the
proposed method is demonstrated in terms of PSNR, SSIM, and Brisquet image comparison metrics.

Zhao D D, Ye Y F, Chen P, et al. Sonar image denoising method based on residual and attention network[J]. Opto-
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