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Reservoir prediction through cost-sensitive active learning

Wang Min', Zhao Fei',Min Fan*
(1. School of Electrical Information, Southwest Petroleum University , Chengdu, 610500, China; 2. Institute for Artificial

Intelligence, School of Computer Science, Southwest Petroleum University, Chengdu, 610500, China)

Abstract: For oil and gas industry, traditional reservoir prediction usually takes a lot of time and requires researchers to have
high expertise, while using artificial intelligence to realize reservoir prediction effectively improves the efficiency of prediction.
However, due to environmental and equipment reasons, there are a large number of missing attribute values in oil and gas well
data, which greatly reduce the accuracy of reservoir identification. To solve the problem of classification difficulty due to the
lack of attribute values, we propose a cost-sensitive active learning algorithm with unified evaluation and dynamic selection
(ALES). First, we consider the setting and calculation of various costs, including misclassification costs, attribute costs, label
costs and sample costs. Second, we use softmax regression to achieve a unified evaluation of attribute values and label values.
Third, we propose an optimal acquisition scheme with permutation and greedy strategies to achieve dynamic selection of
attribute values and labels. The experiments used three actual logging interpretation data. The results of significance test
verify the effectiveness of ALES and its superiority to the state-of-the-art supervised cost-sensitive classification algorithms
and missing filling algorithms.
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Table 1 An incomplete information system
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