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Multi-objective Saliency Detection Based on Full Convolution
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Abstract ; With the explosive growth of image data,image processing becomes more and more important. Saliency target detection is one
of the important research directions in image processing. At present, many research methods have been used to detect saliency targets, but
the low-level features used in traditional saliency detection methods are not robust for complex scenes. Fully convolutional network has
excellent performance in image processing,but it has some shortcomings such as ambiguous edge of target saliency detection. In order to
solve the problem of boundary fuzzy,a fully convolutional network with jump connection and ESP module composed of five hollow con-
volutions with different expansion rates according to certain rules are adopted in this model. On the basis of the fully convolutional
network ,the ESP module and different jump connection methods are used to obtain more low —level features to accurately define the
boundary of multi—objective significant objects. In the experiment,we use the data set of MIT Scene Parsing to train and test the model.
Compared with the related models in accuracy and MIOU, the results show that the improved fully convolutional network has higher
accuracy and more accurate boundary information while ensuring that the processing time of the model does not increase.
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