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Abstract

Traditional shadow detection methods need careful hand-crafted features design and long training time. Specially, these methods

have lower detection rate as well. In order to solve these problems, in this paper we propose a supervised learning method for shadow

detection. Firstly, the inputted images are transformed through Laplacian pyramid to determine the clustering centres, and these clustering

centres are then taken as the centres for extracting the windows separately. Secondly, the method synthesises the training samples, and trains

these samples in convolutional neural network to generate the posterior distribution. Finally, it feeds the derived posterior distribution back to

the conditional random field to generate the labelled image. Experimental results show that this method works well in different scenes, the

training time is short and the shadow detection rate is high.
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