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Abstract: To solve the problem of person posture change, feature fusion loss and blocking interference in
video—based person re-identification, a fusion network model of three-dimensional convolution and self-
attention mechanism is proposed in this paper. Firstly, short—term motion features and local detail features
between adjacent frames are obtained through three—dimensional convolution. Secondly, a cross scale
fusion module with multi-branch structure is proposed, multi-stage features of time and semantic
dimensions are fused. Fnally, long—term features are captured by a self-attention mechanism. Compared
with other methods, this paper proposed network was tested on three commonly used public datasets, the

experiments results demonstrate that the proposed network can efficiently utilized the long—term and short-
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term information of videos so that advanced performances can be obtained.

Key words: computer application; video—based person re-identification; temporal information; three-

dimensional convolution; self-attention mechanism
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Fig. 1 Fusional network structure of 3D convolution and self-attention mechanism
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Fig.3 Self-attention mechanism
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Table 5 Influence of self-attention mechanism
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Table 8 Comparison with other methods %
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mAP Rank-1 mAP Rank-1 Rank-1 Rank-5
M3D'"! IEEE2020 79.5 88.6 93.7 95.5 86.7 —
FGRA'!" AAATI2020 81.2 87.3 — — 88.0 96.7
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