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Pedestrian Re-identification Based on Improved Center Loss
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Abstract; By improving the distance measurement function and on the basis of the open - collection test protocol, pedestrian re —
identification related problems are studied to make the measured pedestrian characteristics meet the following two requirements: the
minimum distance between classes is large and the maximum distance within classes is small. At present, there is no algorithm can satisfy
the two goals. In this paper, Center Loss function and classification loss function are combined to make the network learn more
discriminative pedestrian characteristics under the joint supervision. Among them,the classification loss function can solve problem of pe-
destrian feature resolution very well. The conventional Center Loss function can only make the maximum distance within the class
smaller,but it can’ t solve the problem that the minimum distance between classes is large. Therefore, we improve the Center Loss

function by adding the variable of distance between different classes, which can make the minimum distance between different classes
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larger. Finally,the experiment shows that the improved classification loss function have a better realization.
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