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Abstract

In consideration of the problems of instability in operation, limitation in installation position that
caused low accuracy of drilling abnormal prewarning for data distortion and loss, low accuracy of
drilling abnormal prewarning from unstable operation of sensors and newly developed cuttings
flow monitoring instrument, the mud logging sensors, down hole sensors and cuttings flow moni-
toring instrument were used as object; the low warning precision of logging sensors, down hole
sensors and cutting flow monitor was analyzed from the aspect of data distortion, data loss, data
transmitting difficulty and single system. Abnormal condition discriminating parameters were
designed with random forest algorithm in four dimensions, including Euclidean distance, Mahaton
distance, GMBR distance and Marsh distance, and with conditions of no abnormality, abnormality
increase and abnormality decrease were used as its discriminating target space. A drilling engi-
neering accident warning model was built by using random forest algorithm with Euclidean dis-
tance of each parameter as its dimensions and various drilling accident conditions as its target
space. Finally, emulation is made with actual field data, and the results show that the warning ac-
curacy for both abnormal engineering parameters and accidents is improved significantly.
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Figure 1. The pre-warning system of drilling engineering based on forest decision
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Figure 2. RF diagram of leakage parameter importance analysis
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Figure 3. The contrast diagram of RF training and test effect
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Figure 4. The contrast diagram of traditional single model and RF
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