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A Study of Building Extraction from Remote Sensing Imagery
Based on Convolution Network
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Abstract:Mask RCNN,the state-of-the-att instance segmentation algorithm,is adopted in the building extraction from

high-resolution remote sensing imagery.The paper proposes an efficient and accurate building extraction method from

high-resolution remote sensing imagery.Firstly, Tensorflow and Keras deep learning framework are used to build the Mask

RCNN network model;then,the model learning is carried out on the IAILD data set by supervised learning.By using the

trained model,the experiment of building extraction is carried out on the test set.By comparing with the building extraction

methods,such as KNN and SVM., it can be seen that this method can be more complete and accurate to extract the building.

The mAP evaluation index is used to evaluate the experimental results quantitatively. The recall and precision of the algorithm

are all larger than the contrast algorithms,and the mAP of the algorithm is more than 81% in this paper,which verifies the

validity and accuracy of the high resolution remote sensing image building extraction based on convolution neural network.
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2 EiEHE(Algorithm description)
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Fig.1 Mask RCNN structure chart
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Fig.2 Satellite map after segmentation
4 SIS 5&E X4 (Experiment and algorithm
evaluation)
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Fig.3 Model recognition effect diagram
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Fig.1 Mixed matrix of categorized results
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Tab.2 Algorithms performance evaluation
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