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Dual stream ConvNet-— f r person re—identification

Lin Tong, Che ang Xiao, He Ling,Li Hao

(People’s Liberation Army E Early Warning Academy , Wuhan 430019, China)

Abstract : The performance of current
are still a lot of difficults in dealj

gorithan of person re—identification (RelD) has been made great progress, but there

different backgrounds and poses. In order to cope with the difficult in actual
scenes, this paper proposes a n I, which can very well solve the problem that the characters have different pos-
es and the number of picturgs e’ dataset is insufficient and uneven. Firstly the IDs with a relatively small number of
images are screened out t by transferring pose and solve the problem of imbalanced datasets. Then two different
convolutional neural networks afe used to extract picture features and they are joined to get different characteristics. In
the end, the task with extracted features is completed. This model solves the impact of different poses on the recognition
effect very well. At the same time, it uses two independent feature extraction networks to extract the features of the per-
son more comprehensively. Experimental results confirm that this model significantly improves performance and achieves
high accuracy in Market —1501 and DukeMTMC —-Reid. When tested on the DukeMTMC —Reid dataset, Rank -1 was in-
creased to 92.10%, and mAP was increased to 84.60%.
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