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Underwater Image Reconstruction Based on Improved Residual Network

SONG Ya-fei, CHEN Yu-zhang,SHEN Jun-feng and ZENG Zhang-fan

School of Computer Science and Information Engineering, Hubei University, Wuhan 430062, China

Abstract Natural environment factors such as turbulence and suspended particles in water imaging can cause image distortion,
low resolution.and fuzzy background of underwater acquisition. In order to solve the above problems and further improve the
quality of image reconstruction and rehabilitation, this paper puts forward an improved image super-resolution reconstruction
based on residual network method. This method will in residual dense network of fusion and adaptive mechanism, effectively solve
the deep learning gradient explosion problems often encountered in network,also can inhibit learning of useless information, make
full use of the important feature information. In order to adapt the network to the underwater noise environment,a self-built un-
derwater system is used to collect the target plate in clear water and turbid micro-turbulent waters respectively,and the training
pair of image generation is performed on the target plate,and the test set of image generation is collected under rivers and ocean
waters. The experimental results show that in the micro-turbulent ocean and river waters,compared with the traditional underwa-
ter image processing and neural network algorithm,the improved residual network algorithm can reconstruct the underwater ima-
ge very well.
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Fig. 2 Improved residual network
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Fig. 6 Comparison of reconstruction results of various methods of

image 1 collected in river
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Table 2 Comparison of reconstruction results of image 1 collected

in river
Index POCS BTV SRCNN EDSR Proposed
BM 0.1138 0.2225 0.3574 0.2807 0.1348
LS 30496 987 8705807 1972183 33191024 48148900
GMG 50860390 1534336 493873 6594554 8535785
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Table 3 Comparison of reconstruction results of image 2 collected

in river
Index POCS BTV SRCNN EDSR Proposed
gBM 0.2553 0.2752 0.3298 0.2182 0.1260
LS 9384465 5618872 1378093 20643851 71220072
GMGg 1606297 974239 306788 3849913 1183189
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Fig. 8 Comparison of reconstruction results of various methods of

image 1 collected in ocean
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Table 4 Comparison of reconstruction results of image 1 collected

in ocean
Index POCS BTV SRCNN EDSR Proposed
BM 0.2869 0.2613 0.4438 0.3666 0.1158
LS 13823047 7914449 1315747 19582732 27776546
GMG 2398245 1411510 387726 4404269 44903045
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Table 5 Comparison of reconstruction results of image 2 collected

in ocean
Index POCS BTV SRCNN EDSR Proposed
BM 0.2835 0.2935 0.4572 0.3229 0.1160
LS 11524790 5285081 1127035 17830156 26299456
GMG 2014556 967487 328704 3805133 41923881
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