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Multi-Scale Sea-Land Segmentation Method for Remote Sensing Images
Based on Res2Net
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Abstract The sea-land segmentation of remote sensing images has significance application value in applications such as
coastline extraction, island reef identification, and near-shore target detection. However, it is prone to inaccurate sea-land
boundary segmentation owing to the influences of complex and diverse background environment and the sea-land
boundary. To address the aforementioned problem, a multi-scale sea-land segmentation network, namely MSRNet, for
remote sensing images based on Res2Net is proposed in this paper. It uses a deep convolutional neural network named
Res2Net to extract multi-scale features of images and applies a squeeze and attention module to enhance features at
different scales to strengthen the weak sea-land boundary information. The enhanced feature maps at different scales are
then upsampled to the original image size, and the prediction results at different scales are loss-enhanced using a deep
supervision strategy. Two remote sensing image datasets containing complex scenes are selected for the experiments, and
the results show that the proposed network can obtain more accurate sea-land segmentation results as well as clearer and
more complete sea-land boundaries than other networks for various natural and artificial coastlines.
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Fig. 1 Architecture of the proposed network
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Table 1 Input and output parameters of encoder layer
Encoder layer Input Convolution type Kernel size Stride Output

Encoder 1 512X512X3 Cfonv' X7 2 256 X256 X 64

256 X 256 X 64 maxpooling 3X3 2 128 X128 X256
Encoder_2 128X128X 256 3X Res2_Block 3X3 1 128X128 X 256
Encoder_3 128X 128X 256 4 X Res2_Block 3X3 2 64X 64X 512
Encoder_4 64X 64X 512 6 X Res2_Block 3X3 2 32X32X1024
Encoder_5 32X32X1024 3 X Res2_Block 3X3 2 16X 16X 2 048
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Table 2 Input and output parameters of decoder layer
Layer Input Convolution type Output Side-output
16X16X2 048 SA 5 16X16X1 024
Decoder_5 512X512X2
16 X16X1 024 Res2_Block+ Conv+upsample 32X 32X1024
32X32X1024 SA 4 32X 32X 512 _
Decoder_4 _ 512X 512X 2
32X 32X512 Res2 _Block+ Conv-+upsample 64X 64 X512
64X 64 X512 SA 3 64X 64X 256
Decoder_3 512X 512X 2
64X 64X 256 Res2_Block+ Conv-+upsample 128 X128 X 256
128 X128 X256 SA 2 128 X128 X 64
Decoder_2 512X512X2
128X 128X 64 Res2_Block+ Conv+upsample 256X 256 X 64
256 X 256 X 64 SA 1 256 X 256 X 32
Decoder_1 512X512X2
256 X256 X 32 Res2_Block+ Conv+upsample 512X 512X 2
Concat 512X 512X10 Conv 512X 512X 2
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Table 3 Details of two datasets

Parameter

Datal Data2

Image source
Bands
Spatial resolution /m
Image size
Number of training samples
Number of validation samples

Number of test samples

Red, green, blue, near-infrared

Gaofen-1 Landsat-8

Red, green, blue

8 30
256 X256 512X 512
1544 1950
178 1411
192 —
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Fig. 4

Comparison of experimental results of various networks on Datal.

(a) Original image; (b) original label; (c) U-Net;

(d) Deeplabv3+; (e) U-Net; (f) RAUNet; (g) MSRNet; (h) water line superposition result
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Fig. 5

Comparison of experimental results of various networks on Data2. (a) Original image; (b) original label; (¢) U-Net;

(d) Deeplabv3+; (e) U-Net; (f) RAUNet; (g) MSRNet; (h) water line superposition result
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Table 4 Segmentation results of each method

Datal DataZ2
Method Fl-score /% MIOU /% MAE  Fl-score-b /% Fl-score /%  MIOU /% MAE  Fl-score-b /%
U-Net 97.92 95.92 0.021 51. 90 98.13 96. 33 0.979 52. 84
Deeplabv3—+ 98. 23 96. 53 0.018 48.11 98.53 97.10 0.709 55.48
U*-Net 97.92 95.92 0.023 60. 68 98. 30 96. 65 0.762 52.05
RAUNet 98. 38 96. 82 0.016 69. 25 98. 39 96. 84 0.694 49.77
MSRNet 99. 09 98.19 0. 009 80. 14 98.95 97.93 0.507 72.86
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Fig. 6 Ablation experimental results on Datal. (a) En_Decoder+ ResNet; (b) En_Decoder+ Res2Net; (¢) En_Decoder+Res2Net+
DS; (d) MSRNet
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