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overall accuracy is about 92%
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i The trademark should be
applied and registered after the saliency judgment. For the determination of trademark similarity or infringement, it is also necessary to
trademark database. After a further evaluation, an open—source trademark saliency detection dataset is proposed. Based on the current

We propose a trademark image-oriented saliency detection scheme. Firstly,in view of the

0

lack of related datasets,a trademark database was built based on the trademark images which are extracted, processed from the Chinese

grated with the saliency detection service and the feature generation service for the trademark retrieval is proposed. An image-to—image
B
gl =

saliency detection framework,a variety of mainstream saliency detection algorithms have been developed and evaluated. The results show

that a U2 —Net network adapted to the trademark images has the most outstanding performance on the trademark saliency detection ,and the
The further model optimization training and evaluation should be later established. Finally,a module inte-
trademark retrieval system has been developed, which lays a foundation for the subsequent industrial applications
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