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Fig.2 Flow chart of land use classification based on U-Net
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Table 1 Accuracy evaluation of land use classification

results
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Research on Land Use Information Extraction based on U-Net

Chen N1, Ying Feng, Wang Jing, L1 Jian
(Powerchina Huadong Engineering Corporation Limited , Hangzhou 311122, China)

Abstract: With the rapid development of modern remote sensing technology, remote sensing image with high
quality and quantity has been significantly promoted, new technology of high resolution remote sensing images
contain more abundant information, how to make full use of the means of artificial intelligence auxiliary to mine
these abundant information has become one of the important researches in remote sensing image analysis and un-
derstanding. At the same time, represented by deep convolutional neural networks based Artificial Intelligence
(AT) technology is brilliant in the field of image processing. Thanks to the layer-wised convolutional and pool-
ing structures which mimces human brain retinal systems, deep convolutional neural network can achieve excel-
lent performance in image segmentation and classification. So this paper proposed a U-Net based model to ex-
tract features from high resolution remote sensing images with 2 m spatial resolution. Different from traditional
methods based on hand craft image features, the proposed model can be automatically applied on massive
amounts of high resolution remote sensing image feature extraction, it can also exert complicated nonlinear char-
acteristics of high resolution remote sensing image with the help of the spectral features and texture features.
The experimental results show that the time of using the U-Net model to calculate the land use classification of
Xinchang County is 55.7s, and the accuracy is 90.95%, and the kappa coefficient is 0.86. U-Net model can
quickly and accurately obtain the land cover features in high-resolution remote sensing images, and can get
high—precision land use classification results, which shows that the deep learning into remote sensing image land
use classification extraction has a broad prospect.

Key words: Full convolutional neural network; U-Net; LLand use classification; High resolution remote sensing

images



