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Abstract

To address the limitations of drilling operating condition identification methods based on thresh-
old settings and expert experience in terms of time-series modeling and classification accuracy, this
study proposes a drilling operating condition identification method based on a long short-term
memory (LSTM) network. Through its gating mechanism, the proposed method effectively captures
the long-term dependencies in time-series drilling data and automatically learns the temporal varia-
tion patterns associated with different operating conditions. Multiple LSTM layers are stacked to
enhance feature extraction, and a feedforward fully connected neural network is connected to the
output of the LSTM network for operating condition classification and optimal model parameter learn-
ing. Real-time drilling data from 10 completed horizontal wells in the Sichuan-Chongqing region
were selected to evaluate the performance of ANN, RNN, CNN, and LSTM models. The results show
that the LSTM model achieves the best performance across all evaluation metrics, with a precision
of 0.94, an accuracy and recall of 0.95, and an F1-score of 0.96. These results demonstrate that the
LSTM model can effectively capture complex sequential features and learn and retain critical infor-
mation, thereby achieving highly accurate classification. The proposed method provides a new tech-
nical approach for the accurate identification of drilling operating conditions and is of great signif-
icance for promoting the intelligent upgrading of drilling supervision.
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Table 1. Labels and one-hot encoding for drilling operating conditions

F 1 A TR AR IR AR R

BT b2 P GmAT Kol el oy A
st 1 1000000000000 3,106,460 9.82%
T 2 0100000000000 2,888,185 9.13%

e ER 3 0010000000000 8,019,223 25.35%

B AL 4 0001000000000 4,027,010 12.73%
PEH 5 0000100000000 2,081,518 6.58%

AR 6 0000010000000 3,059,009 9.67%
RIIHR 7 0000001000000 2,179,583 6.89%
IR IR 8 0000000100000 2,138,459 6.76%

BhETHER 9 0000000010000 363,791 1.15%
# ik 10 0000000001000 417,569 1.32%

li) b et 11 0000000000100 1,208,419 3.82%

) T 5 12 0000000000010 907,896 2.87%
HoAh 13 0000000000001 12,368,694 3.91%
it - - 31,634,016 100%
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Figure 1. Sliding window optimization
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Figure 2. ANN network architecture diagram
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Figure 3. Recurrent neural network architecture diagram
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Figure 4. Convolutional neural network architecture
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Figure 6. Overall framework of the drilling operating condition recognition model
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Figure 7. Comparison of loss functions among different models
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Figure 8. Comparison of performance metrics among different models
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Figure 9. Comparison of confusion matrices for different models on the 13-class classification task
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