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Abstract

Abstract: Aiming at lack of tag samples and high cost of sampling tags in complex industrial processes,
an active learning algorithm based on probability selection is proposed. Firstly, unlabeled samples are
performed subspace integration by using the principal component analysis. Then, the information of
unlabeled samples is evaluated by the uncertainty, which is calculated based on the out put of all sub
learners. And the most valuable samples are selected to mark manually. Finally, the function of unlabeled
samples and labeled samples are analyzed, and the termination conditions are designed by introducing
the performance index of training set. Through simulations of industrial processes data, it is verified that
the proposed method can improve the accuracy of the model while reducing the cost of marking.
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Abstract: Aiming at lack of tag samples and high cost of sampling tags in complex industrial processes,
an active learning algorithm based on probability selection is proposed. Firstly, unlabeled samples are
performed subspace integration by using the principal component analysis. Then, the information of
unlabeled samples is evaluated by the uncertainty, which is calculated based on the out put of all sub
learners. And the most valuable samples are selected to mark manually. Finally, the function of unlabeled
samples and labeled samples are analyzed, and the termination conditions are designed by introducing
the performance index of training set. Through simulations of industrial processes data, it is verified that
the proposed method can improve the accuracy of the model while reducing the cost of marking.
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Fig. 1 Training set renewal process of active learning strategy
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