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Abstract: ROP prediction is an important part of drilling optimization, machine learning algorithms are currently an

important means to achieve accurate ROP prediction, and correct feature selection is the key way to ensure machine
learning accuracy. Based on the actual drilling data of a well in the South China Sea, this research uses a fusion feature
selection method to select 10 drilling characteristic parameters, including well diameter, outlet temperature, inlet
density, outlet density, K value, plastic viscosity, filtration loss, overburden pressure, pore pressure, and nozzle
equivalent diameter. The optimized parameters are taken as model inputs, and the integrated Gradient Boosting
Decision Tree (GBDT) algorithm is introduced to establish a ROP prediction model. The established model is
compared with the conventional machine learning algorithm model, and the test results show that the accuracy of the
proposed fusion feature selection algorithm model is 2% higher than that of the full feature model, and the average
accuracy is 14.5% higher than that of the commonly used machine learning model. The research provides an effective

solution for the accurate and rapid optimization of drilling parameters, and have guiding significance and practical
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application value for improving the drilling rate.

Key words: ROP prediction; machine learning; fusion feature selection; Gradient Boosting Decision Tree(GBDT)
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Fig.1 Research on ROP prediction model with

fusion feature selection algorithm
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Fig.2 Comparison before and after standardization
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Table 2 Discrete parameter variance
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Table 3 Mutual information estimator
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Fig.5 Mutual information feature screening based on forward search
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Fig.6 Schematic diagram of the feature selection process
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Table 4 Feature selection results with fusion

feature selection algorithm
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Table 5 Some model input data

PP OoP MW MI FL PV k TO d NS ROP
0.999532 2.032095 1.06 1.05 7.8 9 0.1 37 17.5 45.25 46.03
0.999532 2.03227 1.06 1.05 7.8 9 0.1 37 17.5 45.25 49.53
0.999532 2.032445 1.06 1.05 7.8 9 0.1 37.1 17.5 45.25 50.3
0.999532 2.03262 1.06 1.05 7.8 9 0.1 37 17.5 45.25 43.73
0.999532 2.032795 1.06 1.05 7.8 9 0.1 37 17.5 45.25 32.6
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cross-validation principle
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Table 6 10-fold cross-validation test R> under GBDT model

WKL 1 2 3 4 5 6 7 8 9 10 ¥
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Fig.11 Comparison of test set scores between the full feature model and the feature selection model
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Fig.12 Comparison of the test sets between the GBDT model and the common machine learning algorithm model
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