EBVESY WAL B TR Vol. 52 No. 2

20254F 3 H Drilling Engineering Mar. 2025:134-143

JE T RE T BEOC AR 10 Rl B o AT 22 455 i o 0 R Y B 58

FrRm', £ O&RT, AKA £ %, £ F!
(1. 3 T k¥ Mk TAREFER, W R 610059; 2. & # 345 T2 2% AR A, W)l & 610000; 3. & #3# T
KEFEFRE LR TR ¥, M) KA 610059)

T8 T« A2 250 110 A5y U0 A4S T8 2 & 2 30 S0 20 32 5 v AR REAE A DG M A5 IR AT 199 1 240, S RN o T A SR ARG A2 B .
T PRI B [, AR SCHRE T — Bl R RO AL (PSO) B Rl 5 AF 38 456 B S T SR AR A S T Ak B ) S
b, e R 34 K B 4L threshold _1 . threshold _2 il threshold _3 4t 4k B Fx , 3 13 25 & D7 s B0 Foks 1 BEDL A6 535 4
ETE N B PR, DT ST R O R TR B S B R I SO X BT AR 0 AR T T vk R AT IR, O 5% G n AL
A oE ) BRI AT X S0 . SCIR A SR I TR AR T IO Ak R G R R 0 B B AR R IR e R T I LA e Y
SR FERT M, 6 FH A AL 5 A0 Rl A R AE 8 15 45 S B I 2R 14 4 A BILAe 2 20 Bl 101 0 AR 0ORS B AR 4 AR AL i o 4 7 17
599 1% 3% F1 1% , A% T8 FH A TR T I 2R AL TR0 43 ) 3 T 1 24960 (206 (4% M 3060, AR I TR i I
I RIE S B0 22 I R AL T — A R R S B Ty 1 L X R AIE R 0 B v A AR AU Ay S s oy AT — R R
IR SR AR < Bl T AR IR R AE MR R T REOC AL s ALAR
FESHES:P634 X#kFRIRED A XEHS:2096-9686(2025)02-0134-10

Research on a rate of penetration (ROP) prediction model based on
feature selection integrated with particle swarm optimization (PSO)
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Abstract: Traditional rate of penetration (ROP) prediction models have often been constrained by issues such as high data
dimensionality and feature correlation, resulting in limited efficiency and accuracy of ROP prediction. To address these issues,
a ROP prediction algorithm model based on particle swarm optimization (PSO) with integrated feature selection has been
proposed in this paper. Based on data preprocessing, 3 key parameters, threshold 1, threshold _2, and threshold _3, have
been chosen as optimization targets, and a fitness function has been constructed by combining historical data and the PSO
algorithm, thereby establishing the ROP prediction model. Subsequently, the proposed ROP prediction method has been
validated using actual drilling data and compared with traditional machine learning algorithm models. Experimental results
show that the proposed PSO-based integrated feature selection algorithm achieves higher efficiency and accuracy in feature
selection. Compared to before optimization, the accuracy of the 4 machine learning ROP prediction models trained using
the optimized integrated feature selection results is improved by 59%, 1%, 3%, and 1%, respectively. Compared to models

trained using all features, the accuracy has been improved by 24%, 2%, 4%, and 3%, respectively. This paper provides
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an effective feature selection method for cases where too many feature parameters have been extracted in drilling engineering.

It offers significant guidance for the practical application of feature selection algorithms in the engineering field.
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Table 5 The average of R’ and RMSE of test set of

different prediction models

oM XF 2 A Y RY F¥ RMSE
AR EE 0.56 6.72
BP i1 45 % 2% MALHIERAE  0.21 10.18
Ak 5 FEAE 0.80 5.53
A HRRHAIE 0.84 4.51
g L) AL HEAE - 0.85 4.32
AL 4R 0E 086 4.35
LR RFAE 0.88 3.80
GBDT DAL HITFFAE 0.89 3.74
Ak 5 A 0.92 3.28
A2 R RFAE 0.89 3.70
Bl HIL AR AR WAL REAE  0.91 3.43
DA J5 FRAE 0.92 3.23
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