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Discussion on the lower limit of data validity for ROP prediction
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Abstract: Prediction of ROP is of great significance for optimizing drilling technology, reducing operating costs, and
realizing scientific drilling, and it is also an important part of drilling operations. The accuracy of ROP prediction with
artificial intelligence technology is remarkable, but the massive data required by this technology puts forward higher
requirements for the traditional drilling operations. To determine the minimum amount of data for ROP modeling based
on artificial intelligence, analysis was carried out based on 21917 data samples collected from 10 wells at South China
Sea. Through correlation analysis, all input parameters were divided into three categories: high, medium and low
correlation. By gradually introducing parameters to establish a prediction model to compare the accuracy, it was found
that when the number of parameters was sufficient, the parameters in all three categories can be used to establish a
high-precision (==85% ) prediction model; however, the higher the correlation of the parameters, the less the number
of the parameters required to set up a high accuracy prediction model. When the sampling interval is gradually
expanded, comparison found that the accuracy of all the prediction models decreased with the sampling interval
increased. The lower limit of the data sampling interval for setting up the prediction model can be obtained through
finding out the downward inflection point of prediction accuracy. It is verified that the BP neural network prediction

model based on any of the three correlation parameters can still obtain high prediction accuracy when both data
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dimension and sampling accuracy are at the lower limits.
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Table 1 ROP prediction algorithm based on data mining and artificial intelligence in recent years (partial)
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Table 2 Data variables and abbreviations in

the initial data set
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Table 3 Correlation criteria
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Fig.1 Correlation calculation results of the initial data set
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Fig.2 Basic principle of 10-fold cross-validation
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Fig. 3 Basic structure of the BP neural network

used in this study
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Fig.4 Test results of the lower limit of the data

dimension for the ROP prediction model

S HAE I A 154 S 50UR @ BOR B ik 3 IR
295 92% , A S BAE DI A 1340 S80S HEBOR
ik FBRZY 92 %, mAAH WS BAEGI A LN S
BRia 8] FBRZY 9450 KB I PR 09 A2 78 Ui B 0 1R
AR P SO SHEBEAE LR, X W 5H %
PE IR 25 3 v i v A DG M R R 3 0.7 A A -

B 1) % b 3 R AH OGP SR (IR 4 iR ) L 7R
S R 1) S 50, S 8000 M et i &
Aty S T A 15 2 BTG, TR kR R . (RE S
TR, R X I AN A O 4R B0 IX 4 BE IR 4
WA o FEAL GBS B IR DG M 2 B30 o 1
e KR 2235 %) 13.31 m/h, [A B HAE BEAUA 19.28% .
PN e S GG R eR P S e = SR PN
W25 11.78 m/h, UMK BE 49.92 % , A CE S 4L
W A B KR 22 R 10 m/h, FUI RS R 67.58% .
A DLAE 5] #0280t B R 56 4 AR v 0 2 B
5% 2 AR K, TG B 3 A . [) 3, TR) A G
PEPT A S 8050 A5 AR A P S B0RR 0% BUS 19 B 1K
T 5% 2% 54 5.42 m/h, UMK B A 91.70 % 5 HAH 5
P S B0RE % B 1 S AR T 5% 25k 5.41 m/h, FL
K BE Ry 91.72 %6 5 18 AH M S B RE 05 UG 1) Je IR iR 22
g 4.59 m/h, TR Bk 94.12% . =& 2 [a] £ i 5t
AKXV YA SR LS —ERER, |
it 2 AH G PE AR Y 2 8, B 51 A S 80 8
i, BP 25 I 2% B A 5 v 11 T DUAS 3 S AR Y
TR 22

2 B A M O T B0 AN T X Rl S T 000K A 5 i)
W) % Bk B 3K 48 8RS T E N S BRI AT .
W 5 BT, BL Ol F B o5 IR BE A 0 8500
PR, 3k T A S0 4 AR AH G HE S TR Z B A 94,
A S 50T ZE 5] A 64, 0 A OGPk S B0 2
FIA AN o FHHRERE T A T B2 T2 90 % , MK AH
M R OGS A DG S BT A B A 12
A 104 5 94, B LT WL, BE RS B S AR T FR A 2
o, AN TRV SE P S 50 51 A B (488 R D)t 7F 1
TE, B TE A 56 M 2 8051 A B0 25 15 78 B i /b
X T AR B RS B A A LB BT, X R AR
JE b B 45 v A Y B OE B R AL 0 MF AR TE
PR o 120U S 7E G B 4 7 i 1 R E 0 A T BR U 5G
b 15 B B, M5 A S B R T 10 UG L &
A 3 A 56 1 2 B0 TIOIRS FE 383K B R R i
Wi 54l 4 3 ) T e



A8 3 A5 TSR TN TR AR Al T AR R B A RO T RO B 27

I 7 BRG FE 85%

12 e
I 2 A4 29 0%

I
10t

N

#

Z
[ee]

AR LR

0 RARSHIX PHRSHIX SRS HIX
5 AEEXESEEBINERTNBEENLEE TR
Fig.5 Lower limit of the dimension of different

correlation parameters for the required accuracy
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Fig.6 Analysis results of the lower limit of sampling accuracy for ROP prediction
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Table 4 Analysis results of modeling test for the lower accuracy limit
BOHERTEE 1 m BORERTBE 10 m IBOHERTBE 40 m IBURERTEE 100 m
KRy WIERKEE/ Y% RMSE/ 4 RMSE/ , RMSE/ , RMSE/ ‘
e T ORY% LR LR LOR/%
(meh™) (meh™) (meh™) (meh")
o 85.9 6.94 85.9 8.11 80.5 12.32 58.7 15.83 52.2
fIRAH e 2 5L
90.4 5.80 90.4 6.89 87.1 11.17 63.6 12.47 58.7
Y 87.2 6.65 87.2 7.36 82.8 9.35 75.2 12.50 65.0
AR S B
90.0 5.93 90.0 6.44 87.8 8.82 78.1 11.56 69.1
e 85.4 7.07 85.4 7.58 83.0 8.76 75.2 10.80 71.3
A S
90.0 5.99 90.0 7.32 84.3 8.97 77.3 11.19 70.1
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Fig.7 Prediction results of the model based on the lowest data dimension and sampling accuracy
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