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Comparative Analysis of Machine Learning Algorithms for Drilling Rate Prediction

Yanadade Pakawatthapana', Subhorn Khonthapagdee®

Abstract

In drilling operations, the Rate of Penetration directly impacts drilling efficiency. Accurately predicting
this rate is crucial as it affects the cost-effectiveness of the process. In this study, ensemble machine learning
models such as Random Forest, Gradient Boosting, Extreme Gradient Boosting, Adaptive Boosting, Light Gradient
Boosting Machine and K-Nearest Neighbor were used to predict ROP using a Volve dataset from the Norwegian
North Sea provided by Equinor Company. To simulate real-world scenarios, especially in cases with limited
amounts of data, we utilized sequential data or depth-dependent data to trained and tested various machine
learning models using sequential split such as continuous learning and sliding window split techniques. The
model’s performances were evaluated by calculating mean absolute error. The results of this study showed
that the ensemble machine learning models, especially Extreme Gradient Boosting with sliding window split
technique outperformed in predicting the Rate of Penetration. Moreover, the various sizes of the sliding window

were studied to find the optimal size.
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Tnanivuesiag (Norwegian Continental Shelf, NCS ) agnaunalmelamila (Central part of North Sea) 114310

Stavanger M9 TumnUszana 200 Alawwns uagagmawnumileves Sleipner ayfusanuszana 5 Alawwuns
Yunaud 2 : N13liuvesteoya (Data Acquisition)

gatiaya Volve Field annsaitifisiaumns Equinor Open Data License Ssanansagsieastdomuiiaialsiiy
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n1siddrdeyadae Python awnsadnwiinifuldvivles Discovervolve [15] uaz GitHub [16] ddeyadianun
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Yupauil 4 : MIAREENAMANYME (Feature Selection)

Tun197U18A18RTNISIEAMLUTNINARDERIIN5LANE AIBE1TL UInTnTinaasuuLane (Weight on Bit,
WOB), é’m’naumaamimuﬁuaqﬁflmms (Rotary Speed, RPM),ﬂmamﬁ’aﬁuawaalwaiumﬂmz (Drilling fluid
properties), 3109 (Bit type) way SnwazianIzetuiu (Formation characteristics) Ingn15@nuuas Ashrafi

wazAny [17], Gan wazAuy [18] uay Soares & Gray [7] Aaudnvazdudsddgiinalaensaienisaniunsyaanzias

v
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darafardnIIN1sate Ml AndenaAudnuagdmiuLuuTaensiouiveaases  baun §951n19197¢ (Rate

of Penetration, ROP), Anuandisnls (Measure Depth, MD), Ywinfineasuuaieny (Weight on Bit, WOB), §as150u

¥
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suaaﬂ'ﬁmgummﬁmmz (Rotary Speed, RPM), k3aUa#uiN? (Surface Torque, T), wsanuluvie (Standpipe Pressure,

SPP), dmsnisluattivesuilaau (Mud Flow In, Q), Uminvesiilaauiiean (Mud Weight out, MW_ ), tdUNIY
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M19199 1 Adnaudnvzmavadalunsyarztinsdeuuazanumung

Feature

Definition

Unit

Rate of Penetration (ROP)

A measure of the speed at which the bit drill

into formation

Meter / hour (m/hr)

Measure Depth (MD)

The length of the drilled borehole

Meter (m)

Weight on Bit (WOB)

The amount of downward force placed on the

Bit

Kilo-kilogram force (kkgf)

Rotary Speed (RPM)

The speed at which the drill string and bit

rotate during the drilling process

Revolution per minute (rpm)

Surface Torque (T)

The amount of rotational force or torque

applied at the surface of the wellbore

Kilonewtons. Meter (kN.m)

Standpipe Pressure (SPP)

The pressure of the drilling fluid within the
standpipe

Kilopascal (kPa)

Mud Flow In (Q)

Circulation of drilling mud into the wellbore

Liter / minute (L/min)

during the drilling process

Mud Weight Out (MW The process of measuring and adjusting the Grams / cubic centimeter (g/cm’)

out)

density or weight of the drilling fluid as it

returns through the flowline

Bit Diameter (Dg7) The diameter of the drill bit Inch
Total Flow Area (TFA) The set of nozzle areas which fluid flow Inch?
through a bit

3.2 M3IATendayaldn1snsianaulUasdu (Exploratory Data Analysis, EDA)

mimﬂﬁagaL%aé’ﬂLLawTwmmLéfh’l,ummé’mﬁuéiwdNémmilﬂumﬁmeﬁsﬁauﬂa@amim’ma%Lﬁyaqﬁu %
Foyausznousy 2,701 un uaz 10 Aedul YinnsaudeyafifimAuinnivesdnsiniseanzannni 400 son doyad
Igiauns 2,664 uan way 10 ABSHL TiAANENTEMING 2,592 89 2,604 1wRs WAL inAAULTLaE (Weight
on Bit, WOB) ﬁﬂ'wqaﬁmﬂﬂaLﬁaqmﬂmsm?{amwawaq%uﬁu Tnevinsauuazinlene3BiTady (Linear Interpolation)
e 1 () Wunsmiiindensening aanudniiiale (Measure Depth, MD) fiu A19MIIN5LATe (Rate of
Penetration, ROP) SsziNL’%'mfﬁuﬁwé’mwmilms%ﬁ@hqaﬁmmmﬁmwdw 1,200 99 1,306 LnS VEINTUANSAINNG
mexﬂ'aaqamaumxﬁlumﬁﬁmmmﬁﬂ 1,320 wns Tud 17.57section A1dRTINTSIATRETENING 5 B9 25 YUz
8.5”section awilenagsening 20 fiv 40 TeUNetRsiinsmafinegesngy Wy fienanuan 3,151 89 3,177 was
ewnannsiasuwlamestuiiu anhminfinaawuiiene (Weight on Bit, WOB) war Aansalun1suyuiuaie
(Rotary Speed, RPM) 1Jutlaseitdanasiodnsnnsiansduegnan Tunmd 1 @) szdunmldinAniminfineasuuiee
(Weight on Bit, WOB) Tu 17.5”section 9gilfnegsening 0 s 5 Fadutraduresmsians sndudiundu 5 8 11 E]gJ:ﬂ?iﬂ"]
PWIEN 2,213 89 2,591 1IAT A% 8.5”section ALVTNTINARsULITILE (Weight on Bit, WOB) %Lﬁquuﬁa 13
ntuazanadlutamALEn 2,591 89 3,517 was Inganadeverinvtiniinnasuuilene (Weight on Bit, WOB) %24
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Havey®l 6 wasantuazanAImEnInAasULAILAE (Weight on Bit, WOB) wazagiiinauvitinfinaasuuiianglviet

d 4
55138 7 B4 19 A8RI159UVBINITVHUTBIN1UAY (Rotary Speed, RPM) 9N 1 (A) W 17.5”section Adnsnseu
maamimwmﬁmmsﬂ'aaqLﬁusﬁmuﬁqﬁmmmﬁn 1,480 wng ué’af\nﬂﬁ?uﬁﬁm'mawuaamﬁmumaﬁﬁmms%maﬁﬁ
130 wag 8.5”section ANBAIITOUVBINTVLUVDINTU YT 140

Rate of Penetration vs Measure Depth  weight on Bit vs Measure Depth  Rotary Speed vs Measure Depth

1500 { 1500 15001 * l

s 2000

Measure Depth (m)

Measure Depth (m)
Measure Depth (m)

s an 10001 |

IEELEEEE] o T D % @ @ o m 1w
Rate of Penetration (mihr) Weight on Bit (kkgf) Rotary Speed (rpm)

(n) () (A)

Ad 1 nseduneseuiisutladenurnainudnanegidals (Measure Depth, MD) () A18AsIN151aY (Rate of
Penetration, ROP) (¥) At mitinfinaasuuiagte (Weight on Bit, WOB) (A) AN8R3150UYBINTSMLUVBINUANE (Rotary
Speed, RPM)

3.3 NMSAYAILUUIIAB9UAZA1SENNY (Model Setup and Training)

Yumauil 1 : nsAnNuNISISeusiuUT1aed (Training Machine Learning Model)

AsAnuIveil %’a;gaﬁi%’uuummﬁﬁu%ayja (Sequential data) n3e AuseLiieswaA1ALEn (Depth-
dependent) Al#luuuuiraosmesmssuiunumsyaans fadu wwudaesillflunmsiinduwasmamadeuazldnisuds
Foyamud1iu (Sequential split) Ine 2 inada A4 fo nsutsdeyauuusiaiiles (Continuous Learning or forward-
chaining split) waz n1sutsdeyauuumiisuiudou (Sliding Window Split) 11 2 inafiautsdoyamurinudn 7
Fon msifisaunn (ncrements) Tugesdioya nsifivsuiaturesdeyamduiunuvesisinarudniitoyagnuudluus
a¥n97ue (teration) $oEN3Y0INSLRLTY (Increments) llun153se Téun 5, 10, 15, 20, 50, 100, 200 WAz 500 Lite

denmsnaaesiiludununisusyfiulssnsamuuuiiaesnisiieuidmasieninuuiueg

il 2 LLammsLLﬂﬁasﬂameiaLﬁaa (Continuous Learning or forward-chaining split) LLaaﬁmiLLﬂﬂﬁﬁjagaLmU
weiAIUIEDY (Sliding window split) Buusn W 2 wiadlalivoyansinWuuagn1snaaauLriniy wilunsaugndait 2
miﬁauil,wwimﬁm (Continuous Learing or forward-chaining split) 3¢ s dayalusiitriugateyanin Nuﬁﬁagjﬁu
Tuvagfinisudadoyauuuniinsiauiudoy (Sliding window split) 9gtdeuntisinavssteyatinuazdeyannasuly

Danth lnednsun (Size) veayadayainuazyntoyanaaauriniunIsiiauwin (Increments) Iuvesteya
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Continuous Learning Sliding Window Learning

Testing set
(= = Training set o

-

iteration

)

0 500 1000 1500 2000 2500 500 1000 1500 2000 2500
depth depth

AT 2 WEASAALANGNETENING MILUsTaALUUsBLTBd (Continuous Learning or forward-chaining split) kg N3

wlstayauuunthsunuieu (Sliding window split)

YUABUN 2 : NMIAIALUUT AR arUIZIUUIEENSNIN (Model Setup and Evaluation)

NuiTeEanslFuuUsIas 6 wuu laun Random Forest (RF), Gradient Boosting (GB), Extreme Gradient
Boosting (XGB), Adaptive Boosting (AdaBoost), Light Gradient Boosting Machine (LGBM) wa e K-Nearest Neighbor
(KNN) msvinaesiisnuasiiumsineldlaus3 scikit-leamn lun1w Python fedmnsfivesiZudu dnsunisudedesa
MINERU (Sequential split) §3TelAUTuusslAR "continuous.py” 31 GitHub [19] Timsnegiun1s3de dmiunisiseus
wuusiawlos (Continuous Leaming) lusunsafisssruaunisifiuawin (increments) ?Tumaﬁayjawhﬁ?u Tumenauniu
dmiunisutseyauuuniidisurudau (Sliding Window Split) ldufuusan1saug while iitelsiyndoyatindy
(Training Set) Tusoudaly unanyadeyanaaey (Testing Set) vossoudagdu nstssdiunuusiaosiaualaglian
mmﬁﬂwmmé’uyﬁzﬁl,a?iﬂ (Mean Absolute Error, MAE) fisiifienaililu [20] FasinsannisTauuudug i Mean Square
Error (MSE) 3@ Root Mean Square Error (RMSE) #in MAE T#n1s5¥aninudnelnenssvesanadsvesdefinnainlunis
vune TnglidudminluiideRamatnuunsivg wenanidilddeen Random Seed vas Numpy uaz Random State
Tu scikit-learn ielfulaimadniinruasiiauewazanansavals [21]

4.0aN1529uazanUsIuNaN1sIY

Tuustazn1sIue (terations) wuusaosiivhnisiinduuazmsnaaey axlfmadalunisutsdeyauuuianms
(Continuous Leamning and Sliding Window) Fusn1siiadu (Increments) LﬁULawwmamwmmL@gﬂmmmtﬁ (Mean
Absolute Error, MAE) diuganisnageu (Testing) mﬁmwmm@?{mumrﬁi (Mean Absolute Error, MAE) 21011574
%1 (Iterations) Havisn thindnadmiuuiasseutazmaianisutsdeyaiiie Tauszansamlagsan annwd 3 wang
AsUS8ULTgy ﬁﬁmwmm@?{muqmi (Mean Absolute Error, MAE) v8stayanagaudmiukuuingasdsieg dunis

WiuTU (Increments) Yasdayaf199
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Continuous Learning sliding Window split

10
4.16 H 7.16 8.01 5.95 5.83 7.00
f
LR 4-84 6.01 WA x] 8.66 8.92 = 6.66 7.61 1o KR 424 H 7.05 7.94 H 5.82 5.85 pULBE]
s e
9.70 8.29 882 BUKIE g LAPA 655 811 849 7.49 7.91
- -7
' Hﬂ n s | ﬂﬂ "
-7 R
o Em “ . T TS H o u
-6
s
I H “ H ™ o H
s
R - S s e e N

Increments Increments

AdaB
AdaB

- 8.68 9.55 BUNLEBIN-LPIREN 7.56 6.68 In

KNN
~
o
o
i
i
("
)
w
@
@
®
N

Model
Model

RF LGBM

XGB

AN 3 uaRIPRANANARABANYINS (Mean Absolute Error, MAE) luuuudnaessingg 714 8 increments

(n) Continuous Learning (¥) Sliding Window Split
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