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Image Retrieval Based on Convolution Feature Map
Fusion and Saliency Detection

NIE Yiliang, DU Jixiang, YANG Lin

(College of Computer Science and Technology. Huaqgiao University, Xiamen 361021, China)

Abstract; Based on an in-depth learning of image retrieval, the features extracted usually contained the com-
plicated background noises, which resulted in a low level of accuracy in image retrieval. The methods of fea-
ture map fusion and saliency detection are proposed in this paper. The method firstly trained deep convolution-
al neural network model used in image classification, and then fused the features of maps after image convolu-
tion in order to obtain the salient region of retrieved images. Finally, the retrieved images are calculated using
the cosine distance of the salient features. The experiment shows that the proposed methods are able to effec-
tively improve the accuracy of retrieval and that the robustness is relatively high, compared to the current ma-
instream methods.
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Fig.1 Overview image of feature map fusion
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Fig.2 Image of marker map
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Fig. 3 Significance detection and image retrieval results
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