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Local Instance Search Based on Deep Learning
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Abstract:In order to solve the problem of low accuracy and visual similarity of traditional instance search methods, an instance search
method for extracting global and regional features of images using convolutional neural networks is proposed. The method realizes
instance search task through three stages: filtering stage, spatial re—ranking and query expansion. The retrieval performance is further
improved by fine—tuning strategy and the improvement of the feature matching method in the re-ranking stage. It is applied to the local
instance search task,that is,using the incomplete image retrieval to obtain the whole image. On this basis, the online search function is
added. Experiments are carried out on two public datasets of Oxford building Sk and Paris building 6k that the mAP value and visual sim-
ilarity of the whole image are greatly improved. The mAP value of the local instance retrieval is higher than that of other literatures. The
retrieval of images is only 0. 032 lower than the retrieval of the entire image. Therefore, the proposed method not only improves the
accuracy of instance search,but also enhances the accuracy of target location,and solves the problem of local instance search.
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