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Abstract ; Pedestrian attribute recognition ( PAR) aims to mine pedestrian attribute information from input images. In recent years,
convolution neural network (CNN) has been widely used in PAR. Existing methods mostly use visual attention with unknown attributes
or heuristic body part localization mechanism to enhance local feature expression, but ignore the improvement brought by multi-model in-
tegration. Therefore,there are few integration algorithms proposed in this field. In order to further improve the performance of PAR, we
propose a probabilistic ensemble learning method based on meta—learning from the perspective of CNN model’ s prediction probability.
The experimental results on RAP dataset of pedestrian attribute recognition show that the proposed algorithm achieves improved mean
accuracy (mA) and Fl score with the increase of models, which are better than several existing pedestrian attribute recognition algo-
rithms.
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