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Abstract: Rate of penetration (ROP) is a key indicator for evaluating drilling efficiency. Its variation is jointly influenced by

multiple drilling parameters and exhibits strong coupling and pronounced nonlinear characteristics. The ROP at the current time
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step is determined not only by the instantaneous drilling parameters and formation conditions, but also closely related to the
historical evolution of ROP, drilling parameters, and drilling states over previous time steps, showing evident temporal
dependence and sequence memory effects. To address the challenges posed by complex operating conditions, high noise levels in
real drilling data, and the difficulty of traditional models in effectively capturing long -term temporal dependencies, this study
investigates real drilling operations from a drilling site in Xiangyang and proposes a dual-layer CNN-LSTM-based ROP modeling
method. First, to cope with the coexistence of multiple drilling conditions in raw data, a normal drilling condition identification and
automatic well-section segmentation approach is developed. Combined with abnormal data cleaning, segment-wise filtering, and
scale transformation, a systematic data preprocessing scheme is established. Second, a time-lagged mutual information analysis is
employed to quantitatively analyze the nonlinear and temporal correlations between ROP and multiple drilling parameters, based
on which the model input variables and the length of the time window are determined. On this basis, a ROP modeling framework is
constructed by integrating multi-scale convolutional feature extraction withtemporal sequence modeling through parallel dual-layer
CNNs cascaded with an LSTM network. Experimental results demonstrate that the proposed model achieves superior accuracy
and stability on real drilling data compared with traditional machine learning models and deep learning models with single network
structures. The results indicate that the proposed approach can effectively capture the temporal evolution characteristics of ROP
during drilling operations, providing a feasible data-driven solution for ROP modeling under complex drilling conditions.

Key words: Rate of penetration modeling; drilling data processing; time-lagged mutual information; convolutional neural network;

long short-term memory network.
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Fig.1 Sensor distribution in the geological drilling process
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h,= o0, tanh (C,). (8)
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Fig.5 Data distributions before and after filtering
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Fig.6 Heatmap of time-lagged mutual information between ROP and drilling parameters

®1 NEBSHYEE

Tablel Hyperparameter configuration of the network

YL BB N WU, 5 5y AE I Al e 91 b 5 A AR Ay
HSCH BRI AR . 55— T I, B A5 AR A R 2l

jﬁﬁﬁi Ead bt TR AT A B I S 2 BRSO
5 T A K 64
‘—/‘ 1 N j\?‘\—.
Tt e T 28— 4 i K o 4 2 e 3 )
P 00 AN X U R FR S L R, BB
S 0.001 Gl T A HTL 0 258 S A 0 5 8K 1 TR 2 785 A 8 1
RN 32

26 F0 S A S O AT e R B

T G0 o DL i G o B A AT A AR

[ TR EL 45 5 1 0 BLR B ML A1 DA I 48 2 {4

AT 2T TEERAT B . S5 R AR IR A R 04 b 1

iy O 22 S TR S S R 1 3 0 O R S

R 7 1 2 WL LE L T Al AR R 45 4 B R v AR

R

4.4 HEBETEY S SR

; L o B UE T 42 1 RS TR G54 1 A S L A

(10 T AL A Ak T B R 4.2 45 A A

BT Bl R 4 SR B, SR PR D B0 550 4 R A S B i — 2 A A

Fig.7  Output results of the ROP model e TR 5[5 2% 5 K A 2 T T JE XT L5206 . — 7

o5 A ST A 0 5 2R SUHL A 2 5T B35 BP M2

SR SVR HEFTAH L 3 53— 5 L FE TR 22 STRE4R T

3 (m/h)




3142 HiBR B 27

http://www.earth-science.net

51 %

R b e
SVR

r“ )\ PO | ; ]
“ il ‘ il wNHNH

i "r” ) ’

2 1 1 1 1 |
0 0.5 1.0 1.5 2.0 2:5 3.0

i )25 (10°)
B8 i AL 2% S Tt L

Fig.8 Comparison of machine learning methods for ROP

modeling

XF H LSTM B2 CNN-LSTM 5 78 377 1 i) g
PERE 1 IE WUZ CNN 15 Y b B

T E T B BP A 28 W 45 Al SVR AE b X by 35
By g A 8 TR L NS R0 LUE H, BP #f
25 [ 2 A Fat A5 Bl 1 B B i 8 R B0 R el o AR AL
B FLTE Bl o 2 AR X [R] R 3 % 2h By BOAE AE B 5
Ji R (L A 2, o L Aff Sz IR el T AR A R L 3
TSR T BP ML W4 DL E S B O 3 HELLA
BT S B R P IREBCR . MHEEZ T,
SVR 5 A [ B o i 45 S sh R B0, 5 8 S0l o i
ZEREKAE 2 Wf ) DX ) 2 00 P R O

TERBE S I HESR i — Xt LSTM B 2
CNN-LSTM 5 A 307 ¥k , Bl i i 25 R an il 9 e
N NEBIR SR F  LSTM B8 B BE 0% 45 4 Hb il
PE AL TG B P AR AL L AH L BP R SVR, B HH RS
ARG A 1k ¥ A B 4R T AR, 7 Rl PR AR Ak Bk
TEAEARIE Y IX (8], LSTM {347 16 — 5 1 B A0 a3 7 1
PR ot S S A ) I A 5 UK

51 CNN 45 J7 , CNN-LSTM #8475 Pk fig
A E P — 3% . 2 CNN-LSTM il i % B4
Xof 22 A%tk BF 8] 5 50 2R AT Jey FB AR AE B2 I, 38 5 T A
X i S B A B TR BB g, 8 i A SR AR
o 8 AF X [H] (4 0045 85 R A T B T L ABAE ST AR i B
B, L2 CNN-LSTM A7 75 5 i 9 728 g A fm 22 8
S UL R R G U R IE R R 1 DA EAR 2

SRy R A TR TR (B L P BB AT A B AN AR SC
LY 7% 2% (mean-square error, MSE) -1 44 %}
1% 2% (mean absolute error, MAE) fl ik & & 50 (R?)
YERVEN FE A5, e LanF .

JR KR

7k LSTM
HZCNN-LSTM

i (m/h)

0 0.5 1.0 L.5 2.0 2.5 3.0
I ) 2(10%)
PO Bl B TR I 2 2] J5 1 X e
Fig.9 Comparison of deep learning methods for ROP modeling

1
MSE=—>"(y,— 3,V 9)
T,:1
1 T
MAE=—>"| y.— 3./, (10)
=1
T ~
( r t)z
Rim ] — 2323 an
DT (y—3)
=1

Horbcy, hy o) 20 LSRR HUE Ly, B R (B L 5 o
B YA, T A REAR I ] 45 K

Horpr , MSE = Bef HE 5 3150l 22 R 22 °F 7
() B2 B, B 0% A A58 i ek A5S 78 Xo) Rl ok 2 A% B ki )
FUU% B B (LA B8 3 T DA AR A A IARORS K
FE H s MAE #7815 25 4 5HA - 38 K F , A Y
P A 20— 30 S BORR R R R A A R L B
i TR 2 IS R B 1 %) O 1 0 25 e R RS
FH F i e 5 R X6 L Sl 7 2 1) i R R L LU
PRl R (—oo, 1, B0 B0 425 1 2 B ASE 7R X6 48l 3t A
ot S i i 5 g ) kg

T2 T ORFE BRI AN 255 . T LLE
W AR SO R TE SRR bR L B AR IR 2 AR
MSE 1 MAE /), R” fie i , vl BH 2 158 780 A 13 22 4%
il F1 A4 G B8 T O T B A B B AR LSTM JF
P Z 0 BP A SVR ik itk e I v J5 , o 2
SVR, H MSE fl MAE i % @& T H AW R, H R* K
B, 26 B2 B AE 2 1 5000 4 1 oK BB 2 S A A0
BN — A O R L X — S5 R AR A kR
XCFpoR AR M R AR H A2 2 R ARG R ) 4R
R, SVR J7 16 X B8 43 A1 S 800U
B LG R ) Z R

SRR E L GubL R 2% > 7 e LA TR] B 3 6 4l
TRECE (17 Al 2 1 R AE 5 K st 18] P AR M | X DA T



%58 1 PN AEAE L JEFRUZ CNN-LSTM [ Hb 5 i 1 3 7o i o At A 3143

R2 SHEBEFEITNERITLL
Table 2 Comparison of evaluation metrics for five ROP

modeling methods

A7k MSE MAE R*
BP 0.137 22 0.253 17 0.562 54
SVR 3.5130 1.492 4 —10.2
LSTM 0.032 27 0.113 69 0.897 12
PR B
0.077 719 0.197 990 0.752 230
CNN-LSTM
ARSIk 0.011 548 0.074 203 0.963 190

JE A BE Bl R A R Xt DA T S TR
TR 2 ) RN (R B i LSTM R RE A6 A 45
AL B TR M (R A A2 4 T ) S SRR AE 1Y
PEMLRE A PR . 51 A2 GG G LB R 22
157 T2 LSTM B, 156 B 5 2 45 FUAE AR IE R Gk g
I AR .

M Z T, W2 CNN-LSTM #7544 25 T
T RB E AL A e . SUZ B RS e 12
J2 4 B 5 J2 UK IR R R AE e A A M R
4[] Fof 384 B8R T X Rl 3k A2 b S B AR A e B A ), 8
3 LSTM X 4% fil 1% 5 F 55 FL 30 50 14 04 R84 5 91 F
AT H PP RS . 3 — 5 b 7 AR A Al B Y BB R Rl 3 8 A
B B34 e 3 T A i S R D

5 %5

AR SC T X S PR Al b et R e ARl S AR T I A KR
Pt WP R T A A B B AR A ) B
— Pl B F X2 CNN-LSTM (4 4ilf 8 7 45 )5 9%, I 4%
G HE Ak P15 S BRI 4 SR X R A R AT T
k. FEBWT

(1) i 51 A IE & oF T 803350 5 FF B R 4
L BB NS A RS B AR B E T B SR R AR A )|
SRB T, A Bl AR L 5 A Y B L B — Bk
A 0 KA EL A

(2) Bty BAS B C M BT s R R 4l 5
B VBN B AR AR R S A SR R A A
B AR 2R Pk T2 I R AR 6 56 2R I IE T 3R FH IR T o
>R AT Al AR ) A A

(3) W2 CNN-LSTM £ 783 i 2 R 4 BURY
fEFRECS LSTM B 7 JE 10 25 A, 26 5 ok B2 5 2
SE M T Y T AT GE LA 2 S R R B — 25 A TR
JE 2 ) RERY | RS B L S W T Ao AR v 0 R AL

SO AR SOOI AR LW 45 R I T 8 AL

R B — AR B IR B R A B A
R AE B 26 PF T R BE ELHE I A, X Aol 3 ) 52 7
RAERERY A5 5 58 70 R BL . A B8 i A
X B MR SCHIE AT A X B DX S SR 11 38 I R )
3t — LT . 5 SL 050K LU JLAS Jr i
I —REIAZIH G5l ol B 5z Ak

F4 Bl AL TR 5 R 4 Al 0 L R Y i g B2 R
PR BN 9K 3l 5 L PR AR R ) Bl Ry k5
Jee b — 2 ¥ R A L T B R 2 B0 Al AN BE 4% )
R, Sk B 2 2 8 3t O T A ) R SR R A SR

References

Ahmed, O. S., Adeniran, A. A., Samsuri, A., 2019. Com-
putational Intelligence Based Prediction of Drilling Rate
of Penetration: a Comparative Study. Journal of Petro-
leum Science and Engineering, 172: 1—12. https://doi.
org/10.1016/j.petrol.2018.09.027

Bai, K., Sheng, M., Zhang, H., er al., 2025. Real-Time
Drilling Torque Prediction Ahead of the Bit with Just-in-
Time Learning. Petroleum Science, 22: 430—441. https:
//doi.org/10.1016/].petsci.2024.12.014

Barbosa, L. F. F. M., Nascimento, A., Mathias, M. H., ez
al., 2019. Machine Learning Methods Applied to Drill-
ing Rate of Penetration Prediction and Optimization: a
Review. Journal of Petroleum Science and Engineering,
183: 106332. https://doi. org/10.1016/j. petrol. 2019.
106332

Du, S., Ma, T.Y., Huang, C., 2026. Federated Dictionary
Learning - Based Intelligent Monitoring for Geological
Drilling Processes. Earth Science, https://doi. org/
10.3799/dqkx. 2026.002(in Chinese with English ab-
stract).

Gan, C., Wang, X., Wang, L., et al, 2023. Multi-Source
Information Fusion - Based Dynamic Model for Online
Prediction of Rate of Penetration (ROP) in Drilling Pro-
cess. Geoenergy Science and Engineering, 230: 212187.

Gu, Y. B., 2023. Real - Time Prediction and Control of
Weight on Bit in Automatic Drilling System Based on
Downhole Weight on Bit (Dissertation). Xi'an Shiyou
University, Xi'an(in Chinese with English abstract).

Guan, Z. C., Hu, H. G., Wang, B., et al., 2019. Experi-
mental Study on Rock-Breaking Efficiency of PDC Bit
Based on Mechanical Specific Energy and Sliding Fric-
tional Coefficient. Journal of China University of Petro-
leum (Edition of Natural Science), 43(5): 92— 100(in
Chinese with English abstract).

Hegde, C., Daigle, H., Millwater, H., ez al.., 2017. Analy-



3144 HERBL2E  http://www.earth-science.net

51 %

sis of Rate of Penetration (ROP) Prediction in Drilling
Using Physics-Based and Data-Driven Models. Journal
of Petroleum Science and Engineering, 159: 295— 306.
https://doi.org/10.1016/}.petrol.2017.09.020

Ji, C., Ma, F. Y., Wang, J. H., ez al.., 2021. Real-Time In-
dustrial Process Fault Diagnosis Based on Time Delayed
Mutual Information Analysis. Processes, 9(6): 1027.
https://doi.org/10.3390/pr9061027

Kor, K., Altun, G., 2020. Is Support Vector Regression
Method Suitable for Predicting Rate of Penetration?
Journal of Petroleum Science and Engineering, 194:
107542. https://doi.org/10.1016/].petrol.2020.107542

Li, W., Li, Y. N., Chen, S. C., et al.., 2013. Drilling Rate
Model of Cone Bit in Bottom Hole and Field Applica-
tion. Journal of China University of Petroleum (Edition
of Natural Science), 37(3): 74— 77(in Chinese with Eng-
lish abstract).

Liu, I. B., Wei, H. S., Zhao, J. F., et al., 2015. A New 3D
ROP Equation Considering the Rotary Speed of Bit. Pe-
troleum Drilling Techniques, 43(1): 52—57(in Chinese
with English abstract).

Lu, C. D., Gan, C., Chen, L. F., et al., 2023. Develop-
ment and Prospect of Intelligent Control of Geological
Drilling Process. Coal Geology & Exploration, 51(9):
31—43(in Chinese with English abstract).

Najjarpour, M., Jalalifar, H., Norouzi-Apourvari, S., 2022.
Half a Century Experience in Rate of Penetration Man-
agement: Application of Machine Learning Methods and
Optimization Algorithms: a Review. Journal of Petro-
leum Science and Engineering, 208: 109575. https://
doi.org/10.1016/j.petrol.2021.109575

Pan, H. G., Su, T., Huang, X. D., et al., 2021. LSTM-

Based Soft Sensor Design for Oxygen Content of Flue
Gas in Coal-Fired Power Plant. Transactions of the Insti-
tute of Measurement and Control, 43(1): 78—87. https:
//doi.org/10.1177/0142331220932390

Yuan, Q. R., He, M., Chen, Z. C., et al.., 2025. A Real-
Time Prediction Method for Rate of Penetration Se-
quence in Offshore Deep Wells Drilling Based on Atten-
tion Mechanism -Enhanced BiLSTM Model. Ocean En-
gineering, 325: 120820. https://doi. org/10.1016/].
oceaneng.2025.120820

Zhu, Z.P., Song, X. Z., Zhang, R., et al.., 2022. A Hybrid
Neural Network Model for Predicting Bottomhole Pres-
sure in Managed Pressure Drilling. Applied Sciences, 12
(13): 6728. https://doi.org/10.3390/app12136728

W 325 % Tk

MM, R, W, 4, 2026, TS AR ) 5 b T4
it R e W . M R BL 4% | https://dot.org/10.3799/
qkx.2026.002

BAEVK, 2023, FeF FHIET R M B 8h 2% 5 3R 04N T SE i
Sl (22008 30) . P69 19 % A K2

BN, PEARAL, Tk, %, 2019. 3T UMK e fE 5 0 sl e i
FEH) PDC 8 ke R 5 . o B A il KA 2 (A
RBLEM), 43(5): 92—100.

ARG, A, BRIER, %, 2013, TR F 54 Sk 00 4l 7
K i Y. v B T R % R (R AR B2 i), 37(3):
74—77.

XU, FLaOAR, BRETF, 45, 2015, % B4, s T 4 5 iR A0 B
FYEET TR A AR, 43(1): 52—57.

ftiRas, HOlE, BRI 45, 2023, M 4l ot i AR fe g
ek 5k TS . A M S R, 51(9): 31—43.



