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Fig. 1 Flowchart of the Algorith
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Intelligent Optimization Leaming for Semantic Segmentation of

High Spatial Resolution Image
SHAO Zhenfeng! SUN Yoeming' XlJiangbo? LIYar

1 State Key Laboratory of Information Engineering in Surveying, Mapping and Remote Sensing, Wuhan
University, Wuhan 430079,China
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Abstract: As the hardware of remote sensing sensors continuously strengthened, the high-spatial resolution remote
sensing images are widely used.However, typical classification algorithms have poor accuracy and efficiency in
classifying high-resolution remote sensing images, and deep learning semantic segmentation algorithm also has
poor generalization in the classification of high-resolution remote sensing images, which make the semantic
segmentation of high-resolution images more challenging. In order to adapt to the large-scale high-resolution
images, we design a semantic segmentation model of simulated annealing hyper parameter optimization and depth
wise separable convolution based on U-Net (Baseline). Firstly, the depth wise separable convolutional module is
used to extract the features on the baseline. Then the intelligent optimization learning model based on simulated
annealing searches the global optimal solution of the hyper parameters. Finally, experiments were carried out on
the ISPRS2D and GID(Gaofen Image Dataset). Compared to other methods, the accuracies of the classification
results of the ISPRS2D Dataset for buildings, low vegetations and cars, as well as the general classification were
improved based on the proposed method. In the classification results of GID, the accuracies of water, grassland,
forest and general classification have been greatly improved by the proposed method. The results of the studies
demonstrated the higher efficiency, higher accuracy and robustness of the proposed model.

Key words: semantic segmentation; high-resolution image; deep learning; hyper parameter optimization
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