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Remote Sensing Image Semantic Segmentation Method Based on U-Net Feature Fusion
Optimization Strategy

WANG Shi-yun and YANG Fan

School of Electronic and Information Engineering, Hebei University of Technology, Tianjin 300401, China

Abstract Due to the high spatial resolution of high-resolution remote sensing images,rich ground objects information, high com-
plexity,uneven distribution of target categories and different sizes of various ground objects,it is difficult to improve the segmen-
tation accuracy. In order to improve the semantic segmentation accuracy of remote sensing images and solve the problem that U-
Net model is limited when combining deep semantic information and shallow position information,a semantic segmentation me-
thod of remote sensing images based on U-Net feature fusion optimization strategy is proposed. This method adopts the encoder-
decoder structure based on U-Net network. In the feature extraction part of the network,the encoder structure of U-Net model is
used to extract the feature information of multiple layers. In the feature fusion part,the jump connection structure of U-Net is re-
tained,and at the same time, the feature fusion optimization strategy proposed in this paper is used to realize the fusion-optimiza-
tion-refusion of high-level semantic features and low-level location features. In addition, the feature fusion optimization strategy
uses dilated convolution to get more global features,and uses Sub-Pixel convolutional layer instead of traditional transposed con-
volution to achieve adaptive upsampling. This method is validated on the Potsdam dataset and Vaihingen dataset of ISPRS. The
three evaluation indexes,overall classification accuracy,Kappa coefficient and mIoU in the verification are 86. 2% ,0. 82,0. 77 on
Potsdam dataset,and 84.5%,0.79,0.69 on Vaihingen dataset. Compared with the traditional U-Net model, the three evaluation
indicators are increased by 5. 8% ,8% ,8% on Potsdam dataset,and 3.5% .4 % ,11% on Vaihingen dataset. Experimental results
show that the remote sensing image semantic segmentation method based on the U-Net feature fusion optimization strategy has
achieved good semantic segmentation effects on both the Potsdam dataset and the Vaihingen dataset, which can improve the accu-
racy of semantic segmentation of remote sensing images.

Keywords Deep learning, Feature fusion,Remote sensing image,Dilated convolution,Semantic segmentation
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Fig. 1 Network model diagram
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Table 1  U-Net encoder structure

Layer Filter Size Filter Number Stride
Convl_1 3 64 1
Convl_2 3 64 1

Pooll 2 - 2
Conv2_1 3 128 1
Conv2_2 3 128 1

Pool2 2 — 2
Conv3_1 3 256 1
Conv3_2 3 256 1

Pool3 2 - 2
Conv4d_1 3 512 1
Convd_3 3 512 1

Pool4 2 — 2
Conv5_1 3 1024 1
Convb_2 3 1024 1
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Fig. 3 Data enhancement
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Table 2 Validation results on Potsdam dataset under different network models

F1-Socre/ %

Method Impervious Building Low. Tree Car OA/ % Kappa mloU
surfaces vegetation

FCN 86.0 89.9 77.2 81.1 86.9 82.8 0.76 0.72

U-Net 82.9 88.7 73.4 77.1 85.8 80.4 0.74 0.69

Ours-DC 84.2 88.6 78.1 82.3 87.8 83.4 0.78 0.73

Ours 86.7 92.4 81.7 84.7 88.4 86.2 0.82 0.77
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Fig.4 Semantic segmentation results on Potsdam dataset
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Table 3 Validation results on Vaihingen dataset under different network models

F1-Socre/ %

Method Impervious o Low OA/ % Kappa mloU
Building . Tree Car
surfaces vegetation
FCN 84.1 85.9 76.2 83.7 65.5 82.1 0.76 0.62
U-Net 83.1 85.8 74.1 82.0 24.9 81.0 0.75 0.58
Ours-DC 85.8 88.8 76.6 83.8 49.7 83.6 0.78 0. 64
Ours 86.7 89.6 76.5 84.2 70.4 84.5 0.79 0.69
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