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Unsupervised learning triplets for video-based pedestrian reidentification
CAI Jianglin, HAN Hua, WANG Chunyuan, PAN Xinyu, RUI Xingjiang
( School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] In view of the massive videos of the intelligent transportation system, it is impractical to manually label pedestrian
images, making unsupervised learning get more attention. Aiming at the lack of detailed identity information in the unsupervised
learning data and the inability to know the positive and negative samples corresponding to the target image, an unsupervised learning
triplet method is proposed for video pedestrian re —identification research. From an unlabeled dataset, the method mines triples,
namely target images, trajectories with the same identity as the target image and trajectories with different identities from the target
image .First, according to the spatio—temporal consistency of the trajectory within a single camera, that is, any frame images that
constitute the trajectory have the same identity. After the pedestrian trajectory feature is expressed as the feature mean of the image,
the rank — 1 trajectory is calculated as the condition for judging the triplet and is used for designing a special triplet loss function.
Based on this, the paper assigns the sample weight according to the feature distance, focuses on learning difficult samples, makes the
model dynamically adjust the distance between positive and negative sample pairs, accelerates the convergence rate of the model,
and reduces the risk of overfitting. Then, by computing the cross—camera rank — 1, the highly correlated trajectories are merged as
anchor samples for the cross —camera triples for loss computation. Finally, joint single — camera and cross —camera losses are
evaluated. Experiments show that the results of this method on PRID2011, iLIDS-VID and MARS all demonstrate the validity and
reliability of the model.
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Fig. 1 The spatio—temporal consistency with a single camera
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Fig. 2 The process of intra—camera association learning
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