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Abstract; In the oil drilling engineering, because of the objective factors of technology and equipment,abnormal values often appear in the

logging data,which affects the accuracy of logging interpretation and evaluation. Aiming at this problem,a method of logging anomaly

data processing based on BP neural network is proposed. In order to provide accurate and reliable engineering data in the construction of

data, we study the causes of logging abnormal data and the characterization of abnormal data,and select BP neural network as the method

of outlier processing by comparing the characteristics of Grubbs method, K-means clustering algorithm, BP neural network and other

methods. By comparing the square error of the logging data predicted by the model with the root mean square error of the sample data,

the abnormal situation of the data can be determined to ensure the rationality of the abnormal points detected. The experimental

verification and comparison with the similar algorithms show that the BP neural network model can detect logging anomaly data,and the

accuracy of detecting anomaly points is higher than that of the similar algorithms. The results of handling anomaly points are reliable , and

it can effectively solve the problems caused by the abnormal point data.
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