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Abstract; In recent years, the pedestrian re—identification (Re-ID) algorithms based on deep neural networks ( DNNs) have made con-
siderable progress. The use of batch normalization modules in constructing DNNs is key to the success of deep Re-ID, which can
effectively improve the convergence speed and training stability in most cases. However, when multiple independently labeled datasets are
mixed together for cross—domain or multi—domain training, the domain gap makes the use of the current batch normalization module
questionable. The distribution difference among training batches may result in unstable estimates for various statistical parameters, which
may lead to possible performance deterioration for the employed batch normalization. We focus on the training of pedestrian re —
recognition models under the combination of multiple data sets and analyze the problems in the batch normalization of multi—domain
models caused by the distribution differences of multiple data sets. Aiming at the multi — domain difference of the batch model
normalization algorithm,a strategy is proposed to improve the generalization ability of the model under the parallel training of multiple
data sets. Experiment shows that the proposed domain — specific batch normalization algorithm can effectively improve the final
generalization ability under multi-domain training and obtain higher recognition accuracy. Furthermore, it can be applied to existing Re—
ID networks for further improving their performance.
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