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Research on Image Recognition of Liquid Gas Storage Equipment
Based on CNN Model
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Abstract: In this paper, we extracted the liquid gas storage equipment of remote sensing images based on convolutional neural network(CNN).

For multi-source remote sensing images with three different resolutions of 0.3 m, 0.5 m and 2.1 m, we trained CNN model to extract liquid gas

storage equipment. The detection accuracy F values were 0.78, 0.77 and 0.36, respectively. Then, we obtained different CNN models based on

the training of UAV images with 0.3 m, 0.5 m and 1 m resolution, and transferred them to the 0.8 m resolution high-resolution image for identifi-

cation of liquid gas storage equipment. The detection accuracy F values were 0.08, 0.73 and 0.71, respectively. The experimental results show

that CNN model can effectively extract liquid gas storage equipment, and the more uniform the information contained in the training samples, the

higher the recognition accuracy. For multi-source remote sensing images, CNN model has better transfer learning capabilities, and a good applica-

tion prospect in the recognition and extraction of typical targets in remote sensing images.
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