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Prediction of Error Rate in Measurement-While-Drilling
Data Transmission Based on Improved LS-SVM Method

Liu Xinping' , Xue Xiwen®

(Computer and Communication Engineering College, China University of Petroleum, Qingdao, 266555, China)

Abstract: In the continuous wave measurement-while-drilling (MWD) system, the accuracy of
error rate prediction is low and the data transfer process is affected by interference signals. A
model for error rate prediction of continuous-wave data transmission is proposed by using the
improved least squares support vector machines (LS-SVM), and the genetic algorithm is used
to search the optimized parameter to improve the prediction accuracy of the model. During es-
tablishing the model, Dixon criteria is used to screen the data and improve the error rate pre-
diction accuracy. With small samples, mud continuous-wave data transmission model is estab-
lished by using Matlab based on the improved LS-SVM. The simulation results show that the
model can avoid falling into local optimization problem effectively, and has strong generaliza-
tion and prediction ability. Compared with back propagation(BP) and Elman neural network,
the model has higher prediction accuracy, so it can be used to predict the error rate of mud con-
tinuous-wave data.
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Fig.2 Screening data error rate using Dixon criterion
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