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Abstract

This paper proposes an image retrieval algorithm based on multi feature fusion to address the is-
sues of significant changes in image scale and target similarity that affect retrieval accuracy in
image retrieval. The algorithm uses a residual network (ResNet50) to extract image features, adds
a Global Attention Mechanism, and fuses the original features extracted by the network with the
features extracted by the GAM attention mechanism, so that key parts of the image receive more
attention, The experiment has proven that the proposed algorithm has high retrieval accuracy and
robustness.
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Figure 1. GAM attention structure diagram
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Figure 2. Channel attention structure diagram
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Figure 3. Spatial attention structure diagram
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Table 1. Comparison of retrieval accuracy
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