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Abstract Recently there are many image datasets which has variety of data class and point to extract general features.
But in order to this variety data class and point, deep learning model trained this dataset has not good performance in
heterogeneous data feature local area. In this paper, we propose the structure which use sub-category and openset object
detection methods to train more robust model, named multi-branch tree using ASSL. By using this structure, we can
have more robust object detection deep learning model in heterogeneous data feature environment.
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