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Abstract: With the development of dee&ing in recent years, research focus of image salient object detection tends

to use deep learning methods to solv

object detection, this paper pro
learning framework, summari
of salient object detectio

The comprehensive use

roblvs. In order to comprehensively and deeply explore the field of image salient
view more than 20 deep learning methods over the past five years based on deep
es of deep learning strategies, and compare their evaluation results on four datasets
Its show that F-measure of various strategies on different datasets are from 0.800 to 0.950.

iple strategies can achieve better prediction indicators, but there are still the problems of

incorrect detection under the interference of complex scenes. In view of the existing problems, it is proposed to strengthen

the training of deep learning methods on complex datasets, so as to optimize the positioning accuracy and edge integrity of

salient object.
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