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ABSTRACT

Rate of penetration(ROP) is one of the important variables for maximizing the drilling performance. In order to
maximize drilling efficiency, it is necessary to increase the drilling speed, and real-time ROP prediction is important so
that the driller can identify problems during drilling. The ROP has a high correlation with the drillstring rotational speed,
weight on bit, and flow rate. In this paper, the ROP was predicted using a data-driven supervised learning model trained
from the drilling efficiency parameters. As a result of comparison through the performance evaluation metrics of the
regression model, the root mean square error(RMSE) of the RF model was 4.20 and the mean absolute percentage
error(MAPE) was 9.08%, confirming the best predictive performance. The proposed method can be used as a base model
for ROP prediction when constructing a real-time drilling operation guide system.
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Table. 1 Input and output data for ROP prediction model.

Data type Data name

Depth
(m)

Weight on bit(WOB)
(klb)

Drillstring rotational speed(RPM)
(rpm)

Input data
Torque

(kgf - m)

Flow rate
(gpm)

Stand pipe pressure(SPP)
(psi)

Output data Rate of penetration(ROP)

(m/hr)

Table. 2 Statistical analysis of drilling parameters dataset.

Data name Min. Max. Avg. Std.
WOB
lb) 0.70 45.02 14.74 7.48
RPM 0.06 69.96 45.61 10.85
(rpm)
Torque 50238 | 10311.56 | 6693.01 | 2265.16
(kgf - m)
Flow rate

129.00 | 46158 | 32121 66.49
(gpm)
SPP 21111 | 2037.96 | 105459 | 368.18
(psi)
ROP
() 4.90 7276 3434 11.99
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Fig. 1 Training and test data for field data
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Table. 3 Exponent(a1-a8) description of Bouroyne and
Young ROP model

Exponent Description Exponent Description
a; formation strength as bit weight
normal compaction .

a; a rotational speed
2 trend 6 P

as under compaction a; tooth wear

ay pressure differential ag hydraulic

Table. 4 Hyperparameters of SVM model

Model Search range Optimum value
C 10~500 100

Epsilon 10°~10°¢ 10°

Gamma 10°~10° 10°

Table. 5 Hyperparameters of GBM model
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Table. 6 Hyperparameters of RF model

Model Search range Optimum value
Number of trees 10~500 200
Max depth 10~50 30
Min samples split 1~10 5
Min samples leaf 1~10 3

Depth RPM WOB

Torque Flow rate

SPP

Relative influence

Fig. 2 importance variables obtained from Random
Forest
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Table. 7 Accuracy of supervised learning models for
ROP prediction.

Algorithm RMSE MAPE(%)
MB&Y 7.14 11.99
GBM 8.41 16.74

RF 420 9.08
SVM 4.58 9.74
100.0%
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80.0% *
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60.0%
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| [ 1
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Fig. 3 Absolute percentage error of ROP prediction
models for test data sets
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