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Abstract: To improve the accuracy of automatic extraction of object information in infrared remote

sensing images while avoiding the inefficiency of manual extraction of remote sensing information, a

remote sensing information extraction algorithm based on the UNet deep learning model is proposed.

The algorithm is used to segment five kinds of object feature information including road, building, tree,

farmland and water in infrared remote sensing images. Firstly, a small number of high resolution training

data are cropped randomly and corresponding data enhancement processing is implemented on them.

Then, a UNet deep learning model is established and is used to extract the feature information in

remote sensing images automatically. The model is trained by using the cross-entropy loss function and

Adam optimization algorithm and is used to extract the object information in five remote sensing images

accurately. Finally, the classification result is evaluated by using the Jaccard index. The experimental r-
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esults show that this method can fully fuse the high resolution infrared remote sensing image information

with the visible remote sensing image information. It has higher accuracy in positioning and classification

for various objects.
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