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RGB-D target detection algorithm based on attention fusion network

Zhu Shuqin

(School of Soltware Engineering, Beijing Jiaotong University, Beijing 100044, China)

Abstract: Aiming at the problems of insufficient network fusion and low detection efficiency in current target detection
using RGB-D images, a feature-level fusion network structure based on attention mechanism is proposed. First, under
the backbone network structure based on Yolo v3, the RGB and Depth networks are trained separately with the labeled
RGB-D samples, and then the two features are enhanced by the attention module, and finally the final feature weights
are obtained by layer-by-layer fusion in the middle of the network. Tested on the challenging NYU Depth v2 data set,
the average accuracy of the method in this paper is 77. 8%. Through comparative experiments, it is concluded that the

fusion network based on the attention mechanism proposed has significantly improved performance compared with

44 B oW

similar algorithms.
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