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A Lightweight CNN Modeling Method for Building Detection from Aerial Images
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Abstract: In recent years, represented by convolutional neural network(CNN) method, the deep learning method has greatly improved the auto-

matic detection accuracy of buildings in remote sensing images. However, due to the complexity and diversity of buildings, in order to construct

and extract image features with stronger distinguishing ability, existing CNN methods tend to construct deep models with complex layers and

large parameters. This makes high storage and memory overhead of the model, and the detection rate easy to be affected, which to some extent

limits the application in mobile device platform or disaster emergency. To solve this problem, we proposed a lightweight CNN modeling method

for building detection from aerial images. We used the depthwise separable convolutional method to simplify the complex network, which could

greatly reduce the computation and maintain the original accuracy. The test results show that compared with the method before the improvement,

the accuracy of building detection is only reduced by 3% when the calculation and reference quantity are reduced by 86% and 87% respectively

and the training time is shortened by 10%.
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