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In drilling operations, the Rate of Penetration directly impacts drilling efficiency, and
accurately predicting if 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, and K-Nearest Neighbor were used to predict ROP using a
Volve dataset from the Norwegian North Sea and provided by Equinor Company. In order 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 machine learning models using a sequential split, such
as continuous learning and sliding window split techniques. The performances of the models 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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NNTU WasandssilidunisAnendaynisunisimszinanes doyuidadu (Linear
. =X Y o 1 a a ¥ 1 o a 8 v a .

Regression) aqldinAUsz@nsnanaae Adulsz@nsnissindula ( Coefficient of

Determination, R )



1.4 38N9ALUUNNSIREY

miﬁﬂwqﬁﬁﬂﬁﬂ@mmqmwmmﬂ%’mmm‘rmm?mmm?ﬂ’mg@ (Data Science)
N3l Machine Learning Tpan1nTeuisuLUUaNaa9 Random Forest (RF), K-Nearest
Neighbor (KNN), Gradient Boosting (GB), Extreme Gradient Boosting (XGB), Adaptive
Boosting (AdaBoost) az Light Gradient Boosting Machine (LGBM) Lﬁlﬂuﬂﬁ’mﬁ?ﬁﬁmﬂ

gmanisianzaesiquianzlingaun naigdunauninisnniuewids Asnandszney 3

Auaauismssiuouila

identify |
Problem

h 4 v

, | ,
) Literature Review| Study Theory
| | |

) 4 h 4

Experiment

l

Analysis

|

I

Conclusion

ANUsEnay 3 waReTuRaUITN17AELaN1ARE (Overview Flowchart)



1.5 ds=lagunainanazlasuainnisias
1. 4791904 L LA AN e L dqsvinuneaAndmnsinisiany waldlsenanlunigang
o a d’/ £ b

AT P T I IR IaLHARN O AN
2 arurnunAIgnsnsanziniaunele llldlunsdsziluinainisiansiine
1 E 730 o = v

pavANA IFana lunnsaEiueuls

3.a1un9nuAgmsINIErzviwe e ldidunuanislidaansgaiany (Drilling

Engineer) Usznaunissndulalumiavanzgaaisls
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255 UNSSHLAZINUIALNILN T D

v [
o o = = av a a

"lumﬁﬁﬂmqﬁﬁa Mm”v‘hmmnmmwgmemq@wmm%uﬁmﬁum:‘
WrsumauuuuanaadluniinueAidasinisiatzasmguilinnasy wazlaiauani
vindessmelid

2.1 nuifiieades

2.1.1 Rate of Penetration (ROP)

2.1.2 Random Forest (RF)

2.1.3 K-Nearest Neighbor (KNN)

2.1.4 Gradient Boosting (GB)

2.1.5 Extreme Gradient Boosting (XGB)

2.1.6 Adaptive Boosting (AdaBoost)

2.1.7 Light Gradient Boosting Machine (LGBM)

2.1.8 n1susteyantsdaudunusiaies (Continuous Learning wie
Forward-Chaining Split) has LL‘].IUW’IWI"NU”]uLg'ﬂu (Sliding Window Split)

2.1.9 38n131ssiiuNawLLIa 889 (Model Evaluation)

~o a9
2.2 ANUIRUNLNEILDI

ad o
2.1 ‘VII]‘I&!{]V]LﬂEI')‘II’ﬂQ
2.1.1 Rate of Penetration (ROP)
a) al al :j/ dl 1 al
m@mm:ﬂimmﬂmumuum (Onshore) LA ELMV]:ZLZ\] (Offshore) TILNULRATSH
- Ao o = o o - o , oA o
‘lﬂ\‘]ﬂﬂ?‘éﬁﬂ‘ﬂlﬁ/]’&’] EULUNBUNY ﬂ\‘m”l‘Wﬂﬁftﬂ‘ﬂ‘U 4 11&71’13‘1!@L'QW%N‘]:T’Q'QHM@’]EI@H’NVILﬂEIQ‘lI‘ﬂ\i

TaeiifadenilandnAty Aa 8n3IN191a1e (Rate Of Penetration, ROP)
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ANLTENAL 4 LAANRIALITENALABIUTIULANY

Ann Sprijan et al. (2020). Automation Systems Design and Laboratory Prototyping Aimed
at Mature Petroleum Drilling Rig Retrofitting



NIIANUIUGATUBILLLAIABIULLILAN (Traditional Model) Axa1ABLULANAEY
neiAndlne ldgnsuasferdunisaiinfans uLua1ae Speer (Speer, 1959) lan1suN
ANANNUSIZUING 8RTINTTLA2 (Rate Of Penetration , ROP), Sin TN TN AAe LT
la1g (Weight On Bit, WOB) uaz Aa11139981114n191y 1 (Rotary Speed : Revolution per

Y o

minute, RPM) %w:g@ﬂluiummﬁuﬁuﬁrﬂm R-W-N L‘fi‘ﬂ\‘l@’m ROP 1AiAan WOB uay
RPM WULA1883 Maurer (Maurer, 1962) IAWmM U1 INN g n13A I sd14 5y rolling
cutting bits (Maurer, 1962, apud (Bourgoyne et al., 1986), p. 226) Taaldnisniaqny
mmmﬁr’fummmmumaj(Perfect bottomhole cleansing) memwlsimumahmﬁumm

#lany (incomplete bit tooth penetration) LAASAIGNNTA (1)

Thef
K A8 constant of proportionality
S Aa compressive rock strength
W Af bit weight
W, Aa threshold bit weight
d,, A% drill bit diameter

N Ag rotary speed

atidlafimuuLnsnans Maurer ldansnsatszensld il iasannidulds
(curve) ARaUaua RW-N WAuuanA1efy feiluuusiansiaualng Bingham
(Bingham, 1964) AN duNussz1d1a ROP, WOB, RPM W42 Bit Diameter laginns
Aaranndadallimenaes WoOB (Bingham, 1965, apud (Bourgoyne et al., 1986), p.
227) LAASFIANNNST] ) #affaranAenIsieatesed Formation 209uiin fiu WOB Tifly

BATNNAITRILLLAA89 ROP aualng Murray W& Z Cunningham (Murray & Cunningham,

v ]
1956) 1luasausn dailunisAuanluiivisazngs (Rock Formation)



Tpe?

woB Y’
dp

ROP = a RPM

atarb A dimensionless constants for each formation
WOB A8 bit weight
d,, A4 drill bit diameter

RPM A rotational speed

Bourgoyne as Young ((Bourgoyne & Young, 1974) AW UL LA AD

ROP Tneiaf1neiamnNLANFNaA1Laed 8 Parameters LAAIAIANANTN (3)

Taein

8
ROP = Exp|a; + Z a;X;

j=2

a, A4 the formation strength parameter

a, A4 the normal compaction trend exponent
as A4 the undercompaction exponent

ay Aa the pressure differential exponent

as A8 the bit weight exponent

Ag A8 the rotational speed exponent

a, A4 the tooth wear exponent

ag A8 the hydraulic exponent

LULUANA84U84 Bourgoyne Wa e Young (Bourgoyne & Young, 1974) 11 u

v 1 1
LULAIA89 ROP Wugnui ldfuasuilasluniswmund miy Roller cone bit sanfegaium

wnsuaelunisdseynadldiunisiany PDC Bit ua9a1nu Bourgoyne WATALE
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(Bourgoyne et al., 1986) ldWmuILuLA1aanHnsL5uwlsuaz A uAnTangu g

AUNITL@IZWUY Real-time

LUUA1a89 PDC bit lAN1A1N Hareland ha e Rampersad (Hareland &
Rampersad, 1994) Las Motahhari hazAds (Motahhari et al., 2010) ?ﬁlwxlﬁm%’mﬁu
ANANNUTUDY Cutters WAz ANITITUNTIRAzRsuAaTnquiiu Tne Hareland way
Rampersad (1994, apud (Soares et al., 2016), p. 1229) IMALaBULANABIUD Drag bit

wuialll waAIFIRNNNIN (4)

14.14 N; RPM
ROP = W; S :
I (rPM? woB®) dp

) 0.5
(ﬁ)zcos_l - 4 Winech _ [ 2 Winech _ 4 Winech® de
2 7 cos8 de2 o 7 cos Boc (7 cos 8 d¢ o) 2

— Winech
7 cos 8d, g,

cos a sin 6

=)

Tmel
a, b, Wa¥ c AB cutter geometry correction factors
Wf A8 a bit wear function
Nc A% the number of PDC cutters
Ol A8 the cutter side rake angle,
O Aa the cutter back rake angle
dc Aa the cutter diameter (in)
Wmech Ag the mechanical loading per cutter (Ibf)

Oc A @ the uniaxial (or unconfined) compressive rock strength

(UCS) (psi)

AU uaFT 9 AIANN AN N UTURINIINRIAATIUNITIRNZH AN T UTAULAY
111 lA 8N FIUUAIRNI2DB UM DIAINNA NN UFURINIIIN LN TN AINARan1TIR1y Tas
Motahhari WazAnLe (Motahhari et al., 2010) 1ALaUaLLLA1a84 ROP 284 PDC bit WAAIA4

ANN137N (5)



11

Y 53
. Wf(GRPM WOB )

dy, S

Tnefi
Wf @B a bit wear function
G A a coefficient related to bit-rock interactions La¥ bit geometry
auazy A ROP model exponents

S Aa the confined compressive rock strength (CCS) [psi]

ANNNITWEANLNLLILAN A MU LLAN 11NN 8 AT INTRaN L AN ANa9NN Hiladed
o ] o dl ] o o dld 1 1 ]
ﬂﬁuumluumazuUUWW@@awuMﬂMWQﬂu@@ﬂ1ﬂTmﬂﬂh@ﬂwmNamﬁuﬂ@ﬂwuuﬂuﬂquiuqrmz
wiualdwn 1.Machanical factors 2.Mud properties 3.Hydraulic factors 4.Bit type and

diameter 5.Formation characteristics 6.Rig and personal efficiency san wilsznay 5

Rig and
personal
efficiency

Mud
properties

Formation
characteristics

Bit type
and
diameter

nwlsznay 5 LapslasaNAIlafnasnIINITIANY

PR El-Sayed et al.,(2023). Rate of Penetration Prediction in Drilling Operation in Oil and

Gas Wells by K-nearest Neighbors and Multi-layer Perceptron Algorithms



A3 1 BAUNY RN ATANTLAN

12

Feature

Definition

Unit

Rate of Penetration (ROP)

Measure Depth (MD)

Weight on Bit (WOB)

Rotary Speed (RPM)

Surface Torque (T)

Standpipe Pressure (SPP)

Mud Flow In (Q)

Mud Weight Out (MW, ,)

Bit Diameter (Dgy)

Total Flow Area (TFA)

BRTTI IUNITRNE

Inlamesllauuuongy

1MINNNAAILLIIERNY

ANLIITALLBINIULANE

w39 ARI ALY

o oy
AIMNAUNNTIULRINS

A7 wadreanlaan

Pminaeatrlrauiaanun

YUAUBIAILANE

N sunuaslvaniug 1l 1w

IR

Meter / hour (m/hr)

Meter (m)

Kilogram force (kkgf)

Revolution per minute (rpm)

Kilonewtons. Meter (kN.m)

Kilopascal (kPa)

Liter / minute (L/min)

Grams / cubic centimeter

(glcm®)

Inch

2
Inch
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a o dsj =2 . o P
n13asetarAnw lugliuuesnisannas (Regression) Tagluua1aesy

Antazdaznaulilsng

1, Bagging (Tree-based) ensemble model, or Bootstrap aggregation
Aun Random Forest

2. Instance-based model lawA K-Nearest Neighbor

3. Boosting ensemble model & wn Gradient Boosting (GB), Extreme
Gradient Boosting (XGB), Adaptive Boosting (AdaBoost), Light Gradient Boosting

Machine (LGBM)

2.1.2 Random Forest (RF)
mqwﬁmwzﬁmmuﬂﬂﬁ (Random Forest) UL UUAIa DL L Supervise
. dl 1 | o . o o
Learning m@qluﬂqmmmmm Ensemble Learning TmﬂgﬂLL‘]_l‘leamgﬂW FNUINIANN
.. = = o 1% ¥ £ B o o o o a .

Decision tree @atiun1aiinanuusuld e azdunuulansudu lnadndulawuy if-else
panawilsznau 6 gnuntauaasausnluil 1995 at Tim Kam (Tin Kam Ho, 1995) T
UNAYINNTA41 Random Decision Forests uazsian1gniwmuilag Leo Breiman uaz Adele
Cutler lWuUnNAIMNNATa491 Random Forests Midleilagl Leo Breiman (Breiman, 2001) Llay

LN 11T] 2001

nWUsznal 6 MANNIINNUTEN Decision Tree

Ann -https://help.sap.com/saphelp_SNC700_ehp01/helpdata/en/99/02f1afe99c46cdab1f13

63755101e9/content.ntm?no_cache=true
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491 Random Forest #dnn13 Aa N1sEnlugAdayaLuuLLANa0fmlaui

)}

waneAf uugadeyainaaii luudazaisresniiindugadeyaazinendiuaesdaya

[ %

Anduldmdaunu wdainnisdndulareduuianasinianisingg class ANNNGA A

Awisznay 7

New sample

1 | |

Result 1 Result 2 Result 3
| Majority voting / Averaging |
I

Random forest prediction

AINUTENAL 7 UANNITNI9IULDY Random Forest

A https://medium.com/@roiyeho/random-forests-98892261dc49

2.1.3 K-Nearest Neighbor (KNN)

Evelyn Fix e Joseph Hodges (Fix & Hodges, 1951) 1ilu35i3u QiﬁLLuQﬁm
a2 L K-Nearest Neighbor ¥i3auuua1a89 KNN Jull 1951 atuef Thomas Cover (T.
Cover & P. Hart, 1967) laafunauuaAniniAnluunmans Nearest Neighbor Pattern

Classification h11a1a839 KNN TfnAatiA Instance-based Lﬂuﬂ’]?ﬁ'ﬂuf (Supervised

6

Learning) suu ldldw1918mas (non-parametric) Wi MiN1TAUNIAINNARNEWTEIZEIZYN

| |
¥ =

' ¥ o A v o 1 Y o o
ITNINANURHR IPEUANNI9NIN m@mmmmu%@qﬁlmnu pannilszneay 8 uay 9 tne

gadayaninangaildlunnasingula azizandn A1 k T9lun19vin Regression 1 KNN Az

¥

Avednaasdayalndiaasiavinunaaidaaagnusudasgalnd (Olafadehan & Ahaotu,

2023)
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Compute
Distance Test
Record

s Choose k of the
“nearest” records

ANNUT2NAL 8 LAAILUIAAYAILLILANADT KNN

Ann :https://kongruksiam.medium.com/%E0%B8%AA%E0%B8%A3%E0%B8%B8%E0%B8

%9B-machine-learning-ep-4-

%E0%B9%80%E0%B8%9E%E0%B8%B7%E0%B9%88%E0%B8%AD %E0%B8%99%E0%B8%9A%E

0%B9%89%E0%B8%B2%E0%B8%99%E0%B9%83%E0%B8%81%E0%B8%A5%E0%B9%89%E0%

B8%97%E0%B8%B5%E0%B9%88%E0%B8%AA%E0%B8%B8%E0%B8%94-k-nearest-neighbors-

787665f7c09d

0. Look at the data
@®
®
X, @
O '

1. Calculate distances

Say you want to classify the grey point
into a class. Here, there are three potential
classes - lime green, green and orange.

2. Find neighbours

Point Distance
O~ 21 — 15t
O- 2.4 —> 2ndNN
O-® 31 —> 3dNWN
D 45 —> 4thNN

Next, find the nearest neighbours by
ranking points by increasing distance. The
nearest neighbours (NNs) of the grey
point are the ones closest in dataspace.

Start by calculating the distances between
the grey point and all other points.

3. Vote on labels

o #of
lass
votes Class wins

the vote!

@ 1 * PomtOns

1 therefore predicted
to be of class

Vote on the predicted class labels based
on the classes of the k nearest neigh-
bours. Here, the labels were predicted
based on the k=3 nearest neighbours.

NNLIENAL 9 WARIUUIAANIINIAINARIENTB I EEUNNIENT 19qATaLATaY

KNN

'
a

n A 1

35d936e554eb

https://towardsdatascience.com/how-to-find-the-optimal-value-of-k-in-knn-
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sidenAn K Aasfiansunsail
1.1 K posuiusiuauiaan deanludeanisinalmaiivintu
2 &1duaudayaluganisindeunin An K pasiianden ieannaw
M ideunaziis sz@vsninlunnsAuan
3. &anuaudeyaluganisinaeudes A1 K pasiAran edasiunns

= o ' A o
GRENTREE ﬂﬂ@‘ﬂﬁ?@@WLLuﬂﬂ?ZLﬂVI

lunsmszazmaiunisfuiuszazinaszdneday afidenldtuaciieg 3

Uszinmn ha
1.Euclidean Distance 11133 Auaniszazinalngldgasanumasuiing
In¥a (Pythagorean theorem) Lﬁ'@mizmu’ﬁwwdwqmﬁluﬁuﬁmm@mﬁnwmz (feature

space) AINWLITLNAL 10 GATNIIAIUINS AIANNIIN (6)
sverma Eucigean =V ( (X2 — X1)2 + (y2 — y1)?) (6)

Tae?

(X1, y1) WAT (X2, y2) AD ANTBIAUAN HUETBITDYAADIAANALN

FIAIFAT N

(xll V;)

ANLTENAL 10 WAAINITUITLENINIAE Euclidean Distance

P https://digi.data.go.th/blog/what-is-k-nearest-neighbors/
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2. Manhattan Distance ({138 A UM sz zY19IA8NITUINAI2RIATN
UWANGNTENINUAAZ ATBNADIAN DAL AININLTENAL 11 4AINITATUI AIANNI9TN (7)
72NN Manhattan = [X2 — X1| + |y2 — y1| (7)

Tmeif

(X1, y1) UAz (X2, y2) ABANIDIANIANE U 10T AABI9ATIAT U TERIZUN

ANLTENAL 11 WAAINITUITZENINIAE Manhattan Distance

i : https://ig.opengenus.org/manhattan-distance/

3. Minkowski Distance L1135 Aua sz aziinanlantinutungn lne

FANNNTONUUAAT "p" LNBLIFUTTEIZYNe Minkowski 4NINITATUIN FAANNNTN (8)

3281219 Minkowski = (|[X2 = X1|P + |y2 — y1|P)Y/P (8)
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e
A a rdl o
P AR WITTNLARTNNTUUR
b2 won 1 o 1 o .
01 "p" NNU 1 7EEENININU Manhattan Distance Wae

1 "p" WML 2 s2aIENaWnGL Euclidean Distance

2.1.4 Gradient Boosting (GB)
Gradient Boosting (GB) Lﬂuma‘ﬁﬂui’mmm?‘@muu Ensemble Machine
Learning (Dhuha T. et al., 2023) & U U Supervised Learning ‘1/?1;\‘1 Regression Lk 8 &
Classification tnea1Au1ANN13 Decision Tree ABN138F9AU LA 7| FUARIE Random

v
o

v 1
Forest wpin13a 519U lndiinazarAanis liinuinuan 13 uaiiaAnNa AN AR NS Na L
wNInNdIman1swengn 1Ren19vin 1. N1IAUIIMNANINEHANAIATRNTALINEY 2. N9
ANUANANNUTNAaInN1 s sULN T naa9Rw Ly Fearnn lluuataasiAauusuenlunng

MUNLNINTU AIN L senas 12 uaz 13

) s [} s & ® 1
ﬁ***—>.3.—> :’*—>‘..—>nk:*—>.f‘<'.—>
*..® Model 1 ... Model 2 *... Model 3

Combined
results

nwdsenay 12 wansinseadne Gradient Boosting Decision Tree

'
=

i N 1 : https://medium.com/kbtg-life/tree-based-algorithms-

%E0%B9%81%E0%B8%9A%E0%B8%9A-high-level-4058e909e0c5
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Error

Number
of Model

1 v
a K

nwdszney 13 udnuun iuANNEANAIATLLLLAN 89NN T

7 Xl 1 : https://medium.com/kbtg-life/tree-based-algorithms-

%E0%B9%81%E0%B8%9A%E0%B8%9A-high-level-4058e909e0c5

2.1.5 Extreme Gradient Boosting (XGB)

Extreme Gradient Boosting (XGB) wann13aaaniu Gradient Boosting (GB)
INTIZWBNUINNR1N Gradient Boosting (GB) 1m8l Extreme Gradient Boosting (XGB) qnns

1N Regularization iinTudauaasnislsuinminaessiuld iwedsulassasesiuldiazanta
wnidnlinnsinunaianainlusaunaugnsiasuinau asgaausifoyun Overfiting Tu
Gradient Boosting (GB) wazvin1#n1938u5199U114148999A159n91 Gradient Boosting

(GB)

2.1.6 Adaptive Boosting (AdaBoost)

Adaptive Boosting Wunnsise u;iTLLU 1 sequential ensemble method 'l

dudD14 19 decision trees (MU4TTA) MIUNTIINULLINADY Weak Learner NaIE"]

1
o =

Instance uRneuAaiuduaAy iaaf1euuuanansil Stronger Learner NHsz@nsnan

'
o ¥ =

b 1 |
wnau 19vanis Reweight Nl¥Aaudyiuandayaivinuianann (misclassified) a1

9 u

Munegnlaluaiadnly n1siniuusazsauazinisninuauiuin (weight) 199usazan

¥

= ¥ 1 1 Z// o dl
DHALAZLIHUIINNANUNATUU NN IZNALN 14 LAy 15
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Original data set, D, Update weights, D, Update weights, D,
-+ + N
= e = Combined classifier
- + - + = . =
+ + s +
=T ¥
Trained classifier Trained classifier Trained classifier : + i
—— S o 1
H +
oy @ + -
=2 R - - *
+ . +
S i - 3 - ;
+ + +

Awlsznay 14 wanalagadsig Adaptive Boosting (AdaBoost)

nwo https://ranasinghiitkgp.medium.com/mathematics-behind-random-forest-and-

XGBOOSToostoost-ea8596657275

weakness weakness weakness

nwdsenau 15 wanslnseadne Adaptive Boosting (AdaBoost)

P https://www.almabetter.com/bytes/tutorials/data-science/adaboost-algorithm
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2.1.7 Light Gradient Boosting Machine (LGBM)

Tugau Light Gradient Boosting Machine e LGBM L1l Gradient Boosting
Algorithm N181A8a1N Weak Learners 1a18 WL LA1A0LNAAF194LLA1A8 Strong
Learner {un1siEaudiuy Boosting taedl LGBM gnwawnaiulag Microsoft 1un19vngu

1 @ = a a v o o . .

ataganilarilsrAnanngalunisainauaslulgauuuaase Gradient Boosting Insl
Iinaiia Leaf-Wise Tree Growth ilunsiasgysuldfgluuulu Aeniamsydulduuuinun
Aaluus (lusaly) ununinesyduldssiusasziu waznisewanuuuauiuluusazsay

989 Boosting A4N WL sznau 16

ANUTENAL 16 WAANIATIRTINLLLANADY LGBM AasitnAtia Leaf-Wise Tree

Growth

P https://www.geeksforgeeks.org/lightgbm-light-gradient-boosting-machine

2.1.8 MsuLeTaNANISIFaUFULLSALEaY (Continuous Learning or Forward-
Chaining Split) ag LLURUIANLIULAD Y (Sliding Window Split)
2 8 . . ) o o R
N133LATIEWRULAYUNTNLIAN (Time Series Analysis) tHun1svinunadayand
ANNANAUTLLUF9a16 (Sequential data) kazN17U 72N s ANENNURILLLANAB
azaulaludayanlailaldlunisdnelu azGandayatidn Unseen Data %38 Out-of-Sample
Data (Tashman, 2000) azlfwnaila K fold cross validation sianiwilsznaui 17 waz1s lu

nsutiedeyananidudiu luudazdiuaznszatg lideyawingiu lnanisutedeyaay
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wisiiudayanisidndu (Train set) uazdayanismaany (Test set) lun9nsaaganAIy
gneasuasdaya (Validation data) azvinnasannnisineuudaiane Inaldi3snng Ae

Forward-Chaining cross validation wag Sliding Window cross validation panindsznaui

19

Training data

fiemion 1 | {00 000/000000000000000
fieaionz |+ @@ @O0 000 0/0000000000
femions | +0 @ 90000000 0000/00000

[fetonk | >0 0000 000000000000000
4—[ All data I >

nnsznau 17 wamg K fold cross validation

A https://lengyi.medium.com/cross-validation-time-series-model-1cca8424e442

KFold

CV iteration

~N

44

200 400 600 800 1000
Sample index

=B

nndsenau 18 wans K fold Tulsiazsaunisaisein (Iteration)

I : https://medium.com/@soumyachess1496/cross-validation-in-time-series-

566ae4981ce4
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Sliding window vs. forward chaining cross validation
Sliding Window
- ;

|

time

Measurement

time
Train | validation

V|8 |

\

Forward Chaining

Y

Measurement

e time time

nwd9znau 19 Wame Continuous Learning 138 Forward-Chaining Split bag

Sliding Window Split

w1 https://medium.com/@pradip.samuel/cross-validation-in-time-series-model-

b07fbbat5db7

Continuous Learning YEG Forward-Chaining Split VB Rolling-origin SiFTIEEN

1
Yy a a

dayan1sFausuuuse ey aziuuaAFusuNaNalunisutvdayaresdaunig

{ 2 ]
= A

1 1 o 1 v a [ % dl
NARDUATLLNENTNY LL@:’&Quﬂ’]?ﬁﬂIZJWIJ?JHZWZLWNTML BE] AININLgEnauN 20 uas 21
v
ANAINFIBENGALLLNNNTHNE Y (Training) W1 4 ATI ASINNITNAGDL (Testing) Tuusiay

3 1 vl ) o ] A o o a & o4
N9 (Iteration) Iﬁllsﬂu']ﬂlmq”lﬂu LL@zﬂﬂﬂLWNm@H@aﬂNUWLWNﬂJuL?@ﬂﬂ

Forward Chaining
[ rime [togt | v [ rme Jiagt] y [ Tene [tagt| v fme [e1] v |
1 ? 1 1 ? 1

( 1 =
{1" oné ‘ 3¢ 3 7 o

1 ? 1 1
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3 0t T g 3 5 i 3 0 1
— = " - . 5 o 4 1 0
‘ e zm’ﬁg-u] 451 s 0 0 2 d Y
) 6 0 ?
y > p —
1t | gnd \‘ 3 W‘ 4 | sn \_:rral;\“ Validation
‘ 15t | ond | 3 ‘ am | 5th I [ ‘
Past Now Feature

Time
nwigznau 20 Wame Continuous Learning 1138 Forward-Chaining Split

nun https://python.plainenglish.io/cross-validation-techniques-for-time-series-data-

d1ad7a3a680b
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nwusenau 21 WaAS Continuous Learning 1138 Forward-Chaining Split

VNI https:/python.plainenglish.io/cross-validation-techniques-for-time-series-data-

d1ad7a3a680b

Sliding Window Split tlun1sutivdeyani1sFauiuuuniinfetiuiaey

'
a v
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NINUTENAL 22 WAAN Sliding Window Split

naun https://python.plainenglish.io/cross-validation-techniques-for-time-series-data-
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25

2.1.9 98n15UszLiUNaLULUA1aad (Model Evaluation)

Tun193AA1UILANENINULLAIABINTY Regression AziN139ARIL ANFNS7)
5 98 A1 Mean Absolute Error (MAE), Mean Squared Error (MSE), Mean Absolute

Percentage Error (MAPE), Root Mean Squared Error (RMSE) , R-Squared (RZ)

1% a a o (9 1 a a -
ﬂ’]ﬁ‘Q@ﬂ?Z’&‘VIﬁﬂﬁWLL‘].I‘].I"V]@@\‘]@QEIPWNﬂW@’]@L@l@ﬂ@NUﬂ?E‘L& ( Mean Absolute

Error, MAE) TpgiAn MAE azilpannaauluasa Outlier Hae agn1ann Adaunish (9)

1 A
MAE =~ 27§ — il (9)

Tnaim
y #Ae Arn1svinune (prediction value)
Y; A8 AA3 (actual value)

A o Y b i
n A UIUIYAYNUNA (Observation)

ANK mwmmaaaﬁmg@m‘ ( Mean Absolute Error, MAE) (Wang & Lu, 2018)
LﬁN’]zﬁUﬂq?{mﬂgqNam‘W@’]ﬂ"ﬂ‘ﬂqLLUU%’]@QQI@E?QN LN LﬁﬂULﬁﬂULLUUﬁqﬂﬂﬁiﬁﬂﬁh\‘]

= a L a 1y = ° ~ a a aa
TAALT Iﬂﬂﬂ\j MAE HATAINNRANAIARALAZLAAIDIATLLLANARNNUTZANTAINNA A9

A wdsznaui 23
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MAE

NNLTZNBL 23 LAAY Mean Absolute Error (MAE)

< .
NN : https://hackernoon.com/my-notes-on-mae-vs-mse-error-metrics

n1rdadsz@ninanuuuanaesnaaAdulszansnissndula (Coefficient of
Determination, R? ) [https://scikit-learn.org/stable/modules/model_evaluation.htmi] v
NN9IAANNINNNZANTALLLANA89 MLTLNTBY Regression Lﬁﬂmmwmmmmﬁuﬁﬂgm

A34 AetuAduANEIATYNISANADATSLLILANAeN IF IUN 1IN UNENAYTAN1INAGAL

NANNAFIY TAEMIAN FaANNN9N (10)

Sum Squared Regression (SSR)

R% =1
Total Sum of Squared (SST)

. Coi-92)
- Coi2) "o

=b_

gl

y #a A

a =
AR ANLRNLUBN Y

<
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ImeIAn Coefficient of Determination 38 R? (R-Squared) aziN@n 0 94 1 Inel

ANEaEINA 1 axeied InslnfvialilAiAasiAaninndn 0.6 asazfadiiluluuaaadng fa
al o = 1 £ a 1 = = 1 o

nisznay 24 apAn1 Ae AN93983ARS (actual data) A9UAUAINALAY AE AINITYINUNE

(prediction) Alrannnisinaey (Train)

Regression line

nnUsenau 24 uams Linear Regression
‘37; E\ 1 -https://medium.com/@615162020027/metrics-
%E0%B8%9E%E0%B8%B7%E0%B9%89%E0%B8%99%E0%B8%90%E0%B8%B2%E0%B8%99%E
0%B8%AA%E0%B8%B3%E0%B8%AB%E0%B8%A3%E0%B8%B1%E0%B8%9A%E0%B8%A7%ED
%B8%B1%E0%B8%94%E0%B8%9B%E0%B8%A3%E0%B8%B0%E0%B8%AA%E0%B8%B4%E0%
B8%97%E0%B8%98%E0%B8%B4%E0%B8%A0%E0%B8%B2%E0%B8%9E%E0%B8%82%E0%B8
%AD%E0%B8%87%E0%B9%82%E0%B8%A1%E0%B9%80%E0%B8%94%E0%B8%A5-machine-

learning-c00fcc32fa30
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2.2 UIREALNEI 1D
2.2.1 UNAIMNINELFDY Rate of Penetration Prediction in Drilling Operation in Oil and

Gas Wells by K-nearest Neighbors and Multi-layer Perceptron Algorithms (El-Sayed et al., 2023)

v
a v A

UnANISeRlAN1uIe8nsIN19181Y (Rate Of Penetration , ROP) Tasinng
= v dl % o ¥ i o o
Lﬁ?ﬂug‘ﬂmLﬂﬁ"ﬂﬂuﬂ’]im‘NLLuU’Q’M’ﬂ\‘l Tag i uUanaed luN19IUIL8mnIINIgane (Rate Of
Penetration , ROP) iAo uuansnaiuaasnisdinassnee Ia 1.Depth 2. Weight On Bit
(WOB) 3. Revolution per minute (RPM) 4. Torque(T) 5. Standpipe Pressure (SPP) 6. Flow
in pump (pumping flow rate(Q) 7. Mud Weight 8. Hours on bit (HOB) 9. Revolutions on
bit 10. Bit diameter 11. Total flow area (TFA) 12. Pore Pressure 13. Overburden Pressure

14. Pit Volume 4azhanadayan1eainrednislinessiee Awnimdseney 25 uaz 26

Andeznay 25 TRdaNNNAaRan 19 UILERIINITIANY

Aun El-Sayed et al.(2023). Rate of Penetration Prediction in Drilling Operation in Qil and

Gas Wells by K-nearest Neighbors and Multi-layer Perceptron Algorithms
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Statistical ROP  WOB  RPM T spp Q Mwt  HOB 0‘:*;“ D TFA vo{’::m PP OVB

parameter  (w/hr)  (kb)  (rpm)  (ft-Ib) psig (gpm)  (ppg) () Gm) W bry  PPe) (P2
Maximum 253 328 121 4948.7 3429 1079 1072 4385 304 1750 117 78526 1032  16.04
Minimum 37 0.6 49 1749.7 1645 508 1020 0.05 0.1 1225 099 39682  8.85 1251
Range 216 322 72 3199 1784 571 0.52 4380 3039 525 0.7 38844 147 353
Mean 1235 845 11528 266647  2908.09 960.78 10.50 1947 12827 1491 108 69869  9.73 145
Median 1160 76 119 2623 2952 940 1050 18.65 1221 1750 117 69585  9.81  14.59
Standard 3.61 488 1451 48433 29167 6073 0.3 1161 8294 263 009 3850 036  1.04

Deviation

NNLIENeL 26 LAANANI AN NATATRINIINHINBTH9

un El-Sayed et al.(2023). Rate of Penetration Prediction in Drilling Operation in Oil and

Gas Wells by K-nearest Neighbors and Multi-layer Perceptron Algorithms

TriszraeAaasuNANNIABTNEN IR UILLILAIa9 lWuN9Y N UE8RIINNg

\anz (Rate Of Penetration , ROP) ila ldudayaniaguindiludeys Mud logs uaz
Petro-Physical eyl iludayanisianzascluuuansiaamquiing (Vertical gas well
Tnemauneansitse il ldnaatstonas usldlWdanaudn Wellx udaganinianzlunza
UinnAuneuawatniiaresazfueannans (Middle East's offshore Nile Delta)
udayaludau 17.5” uay 12.25” ﬁqmuimﬂ@%wm 1771 F03 BYIzUINITALAIINEAN
1207 wms 4 2092 was kuusaesgnWaLnIaeFmaTianFeuiaasiasfiunnsiieiu

aasuuy A 1.wauiunlnanga (KNN) LﬂuLLuuﬁmmﬁﬁﬂmﬂﬁmﬂmimﬁzzﬁmﬁ*usqm

day @ﬂ’]’a‘aﬂ@‘ﬂuLL@ﬂ\‘iﬂ’]@ﬂﬂﬁ‘”@ﬂﬁﬂ’]i‘ﬁlﬂ’&uifﬂ L‘V]’m‘i_l 0.94. mmﬂmmmmmmm

.
t(

dutsrAvaniadadula (R2) Winfil 0.84 LAz 2..LULR1a89 Multilayer Perceptron (MLP)

NUNELARTINITLAY zq’m?mm@mmﬁ‘ﬁﬂ@@ummmﬂ?mmﬁmmm@u% L‘V]’]ﬂ‘]_l 0.98

STLREY @ﬂ’]?‘l’]ﬂ’&ﬂ‘]_lLL@@QﬂW@Nﬂ?”@Wﬁﬂ’]?ﬁ]ﬂ@ulﬂ L‘V]’m‘]_l 0.79 @?ﬂiﬂqq MLP HAN

q

AL LNLENFNTN KNN diavinnistnAiadnf (outlier) aanAaeLlasidws 14.7% azdae

a KR

sz ABAIMNNITeILTeINLLIAARY Multilayer Perceptron m‘lmﬂu@@ﬂmmuﬁdﬁq

>

luussmSanesaunAneieaesiR AnduL sy Ansnisinaula (R) seciemmwiniy 92%
Tmﬂmqwmm?ﬁﬂiﬁmﬂmme%qmqwLﬂ?ﬂuLﬁﬂum@qﬁq 2 BUUAAeY AanInLlsEnay

27 uay 28



Model Dataset RMSE R?
Train 0.606917 0.94326
Test 1.837651 0.84054
KN Validation 1.654272 0.85156
Total 0.923941 0.91485
Train 0.265653 0.97502
Test 2.528778 0.79381
MLP s
Validation 1.962094 0.83643
Total 0.911712 0.92034

ANUIENAL 27 WARNANTINNATAILLLANAEY KNN Wag MLP
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un El-Sayed et al.(2023). Rate of Penetration Prediction in Drilling Operation in Oil and

Gas Wells by K-nearest Neighbors and Multi-layer Perceptron Algorithms

[ 38 0

K Prd e 4 RCP i)
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Actusl ROP jmitw)

Figure 14. Regression plot of the sctus! ROP s0d predicted

ROP for traising dataset for KNN model.
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Figure 16, Regression plot of the sctusl ROP snd predicted
ROP for test datsset for KNN madel.
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Figure 15. Regression plot of the sctusl ROP sad predicted
ROP for training datsset for MLP msedel.
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Figure 17. Regression plot of the sctual ROP aad predicted
ROP for test dataset for MLY ssodel.
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Figare 12. Regression plot of the actust ROP and predicted
ROP for validation datacet for BN model.

NNUIENaL 28 WARINIINHATEILLLAIa8Y KNN Way MLP

Actaal IROP (mite)

Figure 19. Regression plet of the sctual ROP and predicsed
ROP for validation dasacet for MILP seedol.

un El-Sayed et al.(2023). Rate of Penetration Prediction in Drilling Operation in Oil and

Gas Wells by K-nearest Neighbors and Multi-layer Perceptron Algorithms
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Z’/ dy a v o 4 = a o o
Aailuunenuddadalfuansnannisuinieuinaurenisyinunadnsinig
1R AUERIINI91812a39 T4 2899 AL ANANFNT IULLS1883 KNN UaE MLP A4

Awdsznay 29

Actual ROP Actual ROP
KNN Predicted ROP| MLP Predicted ROP
Rop(m/hr) Rop(m/hr)
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1600 - 16004

E g
§ -
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AU9EnaU 29 LAAINITLTUINEUINELAAINITN UL A AIINITANZA LS ATIANT

L’Q’]Z@?‘\ﬂ%ﬂﬁﬁliﬂ‘ﬁ'}\mﬂﬁﬁ‘tﬁﬂﬂQ’]ﬁJaﬂlﬁi’WQﬂULLUUﬁ’W@’ﬂ\‘i KNN wag MLP

Aun El-Sayed et al.(2023). Rate of Penetration Prediction in Drilling Operation in Qil and

Gas Wells by K-nearest Neighbors and Multi-layer Perceptron Algorithms
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2.2.2 UNAMNINELTDY Analysis of rate of penetration (ROP) prediction in drilling using

physics-based and data-driven models (Hegde et al., 2017)

UNANNAS IV 8RN TIan: (Rate Of Penetration , ROP) Taei9nnng
WFeudfleuuuusiansuuudafs (traditional models) %'qLﬂuLLuuﬁmmﬁuﬂmmaﬁm
AAnd (Physics-based) wialatdi 3 wuuanaas 1. Bingham Model 2. Motahhari Model 3.
Hareland Model lzauiauiuuuuanaauuudaga (Data-driven models) biiebaiilu 2
WUUANa8d 1. Linear Regression Model 2. Machine Learning Model (Random Forest)
A Tme A Idun 1. Weight on bit (WOB) 2.Revolution per minute (RPM) 3.Flow
rate WUAMNAT AR AN IMTaUTY LAlULLLS 1A B9ULLLAY (Traditional Models) a3
LA aedsadednisA N dmesifinan 1dun Anuudeaesiiu (The Strength of rock) R
luustazsiuandiu (Rock Formations) azdAnAruudefiunnsnai lnadayaasmundiuiild
N1LTHN Marathon Oil fudayaialans Smith 616 PDC bit Ann19ia1e TuuesRaaafuas
uasna1lamnA (Williston basin, North Dakota) tlugaedeyaseinunananasaluiuamnes
(True vertical depth : TVD) luszuaanuan 4871 vlm fa 9128 vln Bailudeyalu Bakken

shale unislununadiuaaasnafgsiu san1ndsznay 30

SYSTEM FORMATION OR GROUP

Minnekahta
PERMIAN Opeche

Broom Creek

PENNSYLVANIAN Amsden
Tyler

Otter
Kibbey

Poplar interval

Ratcliffe interval

Charles Fm.

MISSISSIPPIAN

Mission Canyon

Madison Group

Lodgepole
Bakken
DEVONIAN Three Forks

ANUTENAY 30 WAANANTINUNAAYW LU Williston basin, North Dakota

fun Hegde et al.(2017). Analysis of rate of penetration (ROP) prediction in drilling using

physics-based and data-driven models
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LULRNADNLLLASIANTRY Motahhari Model laniuualiilunisaunisilda i

[ %

WUUANADINBNITRIIN196a12 (Rate Of Penetration , ROP) NANNIAIEALALLAE

o

(unconfined rock strength : UCS) inldwnafimasnd Ay lunisvinuie ROP Wuay

1sznausae 4 W1sRmas sannLsznan 31

Importance of input drilling
variables for Lodgepole Limestone

0.5
0.0 ﬁ i -
wos RPM

Flow ucs
nnilsznall 31 LAAIANNAIATYIBINITINLADT

o o o
N w »

Feature Importance

(=]
ey

R Hegde et al.(2017). Analysis of rate of penetration (ROP) prediction in drilling using

physics-based and data-driven models

HARIN19M1UNE ROP WiLANa@duLLdaya (Data Driven Model) azlAmau

¥

QNABNANINULILANABNULLLAN (Traditional Model) Aanwilsznay 32
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Predictor R Normalized error RMSE
Random Forest 0.84 0.12 8.3
Ensemble ROP Model 0.72 0.14 16.21
Linear Regression 0.12 0.35 32
Bingham 0.46 0.26 17.67
Motahhari 0.63 0.23 16
Hareland 0.19 0.36 13.7

nwdgznau 32 LAAIANIINHA R2 WAL RMSE 289n19M1R1e8msNnisians i

LULIAN AR5

nn Hegde et al.(2017). Analysis of rate of penetration (ROP) prediction in drilling using

physics-based and data-driven models

Warndanyavas Tyler Formation 81911113 Normalization wa ¥ U5uqu
ANYNNIHLEAS (Hyperparameter Tuning) 284U UAa84 Random forest LazlLuLAN1a8
=

Bingham a1nUXIN1IWa2ANIINIZUING ROP L 32ALAMNAN (Depth) taen uualyd &

WW(BIue)LﬂuﬂjﬂH@ﬂﬁimmmﬂu (Test data), A (Orange) Lﬂu%’mﬂmmiﬁﬂm@u (Training

¥

data) uaz&1T89 (Green) wludagyanisvung ROP wansliiNITUUA s BEWS e

v
[ %

LATR (Machine Learning) ki1 Random forest AN R? = 0.97 WAZLULANADIWLLAILAN

(Traditional model) WLIL Bingham 1A R? = 0.64 saniwdsznay 33



ROP Learning and Prediction
Tyler Sandstone
RandomForest Model

7100- . % :s
° 1
. "
o 2o
. ;.
7200- '-';
o :’ cw 2 i
< 7300-
e
(=]
O.’
.‘ L L]
7400 -
s
- 0,.0.
=)
7500 -
0 50 100
ROP(ft/hr)

¢ Machine Learning * TEST ¢ TRAIN

150

35

ROP Learning and Prediction
Tyler Sandstone
Bingham ROP Model

7100~
7200+
g
£ 7300~
3
(=]
7400 -
7500 -
0 50 100 150
ROP(ft/hr)

¢ Bingham Model ¢ TEST ¢ TRAIN

nnilsznau 33 waneniaBeunsudagananeaey (Test data), dayanis

Nnaai (Training data) wazdayan19vNuIA8RIINITIANE (Rate Of Penetration , ROP)

Tuwusa1aes Random forest Las Bingham

nn Hegde et al.(2017). Analysis of rate of penetration (ROP) prediction in drilling using

physics-based and data-driven models
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2.2.3 uwm’]s\ﬁ'ﬁ'ﬂﬁ:m Research on the Rate of Penetration Prediction Method Based on
Stacking Ensemble Learning (Ren et al., 2023)

B3
a o A

unmarNdIseilaniuiadnsanisiany (Rate Of Penetration , ROP) Tae

WAL LUTEUINLLLANa 8 K-nearest neighbor (KNN) was Support Vector Machine
o . . ~ o . P

(SVM) Taeild 1.Stacking Algorithm 1HuN19 38U ULUNANNAY (ensemble learning) 7
aAeFaEY (learmer) anesalunisiindy IneudesnEaueanidu 2 sz eun primary
. o v dl ¥ v dl

learner Uaz meta-learner 1a¢l primary learner m‘wm‘wﬁﬂtlumﬂsgmmﬂmm;mmgj@ WUEN
meta-learner utinndudayanldainnissaugadeyadiaaaiu stacking algorithm

= ' o o = | o I ¥ .

ATNIT0AIALAULBLLUANAINIINUIENUANANAUN 1E Useynsld primary learner

nangfafanAuLuldadndu (infinitely superpose) wazld meta-learner U5uumanis

%4
=

HANNAIUIZUINN primary learner 619°7] Aaeuin il IlaWaUiy single prediction model ax

& . . pragp s - = ; & \
WiuaN stacking algorithm a4N Usz@nsn1nnanan(better performance) ,AANNLAILN
(stronger robustness) LL@::ﬂ’]?ZQ'gﬂ (generalization) Awtlandn way 2.Genetic Algorithm

(GA) 1 udanaTNuN 19 UENIT T UITNITAUNILLUGHULATNITUIANUNIEANN
Usz@nsnn Taea1Aanann1INIeRUgNITNANNEITNTNAUALATNUINNININTTNEN Tu

% dy o a R a a o = 2’/ =2
ﬂizmumﬂmﬂfymu 'ﬂ@ﬂ’ﬂ‘ﬁ/}llL@ﬂuLLUUﬂZ\]iﬂﬂW?')’JWUWﬂ'ﬁ“ﬂ'ﬂﬁI@ﬂﬁ')ﬂWW [AMNUUA

8

v o rdl dl 1 o o A ¥ o
1®N@@WﬁﬂL‘MN’WZ’&N‘WQ@N’]Hﬂ’]?‘l’ﬁ\‘]’]u"ﬂ‘ﬂﬂﬂ’]?ﬂﬂL@‘ﬂﬂtﬂﬂﬁ\ltsﬁw NN9ANNUG (crossover)

9

6

LaTnIINATERUE (mutation) WalagAtyresdanasnuiinanistsziinAmAzreudas

9

D

= o ! '

o A . .o 1 . . o A dl 1
FALaanN (individuals) N1U fitness function mm@n‘mimmLmu%mmmum@ﬂﬂfaﬂuﬂﬁ‘mm

v
{ o

' o dl = = o o a KR a o a KR
m@ag‘umiﬂ WA UINYUALEANATNNNIINIANNNILANLLUAILAN FANATNNNI

= o v

Wugnesui A NLdawnss (robustness) 75 soude dnEniznisdumiuuusialan (global
search) WAz lNEN19M 19 VLU LIUIY (parallelism) %H@ﬁ‘lﬁfmmmmmﬁqﬁu i
WA e (Xinjiang) Usn AR (China) IA8N19M1WI8A28 LU UAa89 KNN , SVM LA
stacking models T NANIN1UNY 63.2%, 73.7% LAY 81.6% ATNATAL anu 27 AN
Parameters m@mﬁimuuuﬁmmm%’ Genetic Algorithm T KNN, SVM uae stacking
models WNANIVNE 73.7%, 78.9% WA 92.5% MNANFL  T9nansviuendadlifiv
F1ANHUHUEN TIN50 ROP 441014 92.5% wazillszAninnas Gegnunsnldidu
1y a819BIg LN wianmfmeslunsanzunaairfuuiedl waznduuuanislu

NN98NTAULLANENNUBINTANTLNUIANE AININUFENauN 34
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Tasre 5: Default model prediction results. TaBLE 9: Model prediction results optimized by genetic algorithm.
Model Accuracy of classification Model Accuracy of classification
KNN 63.2% KNN 73.7%
SVM 73.7% SVM 78.9%
Stacking 81.6% Stacking 92.5%

ANU9ENaY 34 LAANLIZANTAINIBILLLANAR9A28 Default model LA

Genetic Algorithms

AN : Ren et al.(2023).Research on the Rate of Penetration Prediction Method Based on

Stacking Ensemble Learning

2.2.4 UNANNINE L?m Real-time predictive capabilities of analytical and machine

learning rate of penetration (ROP) models (Soares & Gray, 2019)

D o d” ¥ Y & ! = & dl 5 .
unAnsdailduandliifiudanisGauiuedieias (Machine Learning) a1x190)
Mu1ednsnlun19gaany (ROP) laat1qudutndiuuuanandidsingizi(Analytical

models) Inalddayaiuia (Surface data) LAgaiu AMNIIRIAaTAdIasaAT ROP laun

¥

1.Weight on bit (WOB) 2.Rotation Speed (RPM) 3.Drilling fluid rate SRR ST TAUDY A

a

Williston Basin #34AT12% WudwULAa89 Bourgoyne WA Young NUSLasumudiaue

TuunAidsidlsransninangaluussnuunataas ROP @edasef aesnanwiszneud

D

©

1
= J

35 lunigiuuuanaed Random Forest Ingsauiidatanainiaangn ausnadnnisizenus

[

3

wuu A uuuanaesnisBeuiaedweIesaINisnandaianataTesnimagay liatngg
dszAninnninauieddeyanisineusunintu susnluindeyananduduiudn
UsrAnsninaesnisFaufrasipsastiaandinaia lfiliesainuuuanaasnisizauinesiases

! v = a

wansdalanaIateanInuuLaIaediia i ludasnainisliuussideyainesduqn

q
4

dmiunstlnausy NeaEnAuLLLANae9NN | dana WL IE ANEN TN IBIULILIA1ABIATULAAS
Tfiuten A 1a9nsFaufaasiuuanaesat wAailasuuuFaand nnsasaagaudnu
(Cross Validation) linadnsnuinalalugiuziumaiinnisiaenuuudanassniagiy

v ¥
wduenlun1siaue ROP geuunFaa vy dunaunisiaanuuuaiaasiddananud1Any
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wasann ldiidayanisianz luiui Welaznguuuugnsa n1sauANNIHnaigany

U

WU close-loop Mdaia laiuaAeni174519uLLa1ae9 ROP Nusuen sAasiunaluunman

[ %

Aqpilazdenansznuatinsninsanisldnisgaa i udnlu

Table 1
Drilling variables for four analytical ROP models divided into data types.

Analytical Bingham Bourgoyne Hareland and Motahhari
ROP Model (1964) & Young (1974) |Rampersad (1994)|  eral (2010)
Operational Variables
Weight-on-Bit, WOB v
Rotary Speed. RPM v
Flow Rate, g
Well Depth, D
Equivalent Circulating Density, o
Bit Wear, i or W,
Rock Properties |4
Pore Pressure Gradient, g, *
Unconfined Compressive Strength, o, v
Confined Compressive Strength, § v
Bit Properties
Bit Diameter. o 4 v v v
Bit Nozzle Diameter, d,, v
PDC Cutters Design Properties
Number of Cutters, NV, i ‘
Cutter Diameter, d,
Cutter Siderake Angle, a
Cutter Backrake Angle. 8
Drilling Fluid Properties
Maud Density, p v
Apparent Viscosity at 10,000 sec”, p v

surface measurements uncertain data constant during
* available in real-time ‘A' availability in real-time ‘ a bit run

v v

v v .

AN ENAYAYAYAN

<

SIS|SS

nniszneu 35 uansnafsauiauadunisyaianyly 4 LULA1ae9E

AT ROP

N : Soares & Gray.(2019). Real-time predictive capabilities of analytical and machine

learning rate of penetration (ROP) models
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2.2.5 UNAININELFDY Reference dataset for rate of penetration benchmarking
(Tunkiel et al., 2021)

‘mnmmﬁﬁﬂﬁﬁl‘ﬁm%g@memémn@’mﬁﬁw Equinor 1 2018 gadayaie
Volve dataset %’@quu%\mum 7 wqn wasndime i 1 T8ur 1.Measured Depth [m]
2.Weight on Bit [kkgf] 3.Average Standpipe Pressure [kPa] 4.Average Surface Torque
[kN.m] 5.Rate of Penetration [m/h] 6.Average Rotary Speed [rpm] 7.Mud Flow In [L/min]
8.Mud Density In [g/cm3] 9.Diameter [mm] 10.Average Hookload [kg] 11.Hole Depth
(TVD) [m] 12.USROP Gamma [gAPI] T BT U LU US1a09aMLn 6 LULA1a84 & 1
WLLRNABLULANNNEANE (physics-based model) léun Bingham LU aeslERunNg
sanfuuazldaulasinidauaniiga esaniaoudaaulunisdnllld uazdn 5
LLUU‘S’]@@GHW?@‘H‘LA@@\‘]Lﬁﬁ;‘ﬂ\‘l (Machine Learning) 1@ Gradient Boosting, Random
Forest , AdaBoost, K-Nearest Neighbors LLaz XGB 1F38n19lnelunaznismagauLLL
TimeSeriesSplit In ey ﬂﬁﬂ‘ﬁlaﬁ A8 Continuous Learning, All for One tLaz One for All #i4
Awisznaud 36 waziAAnUsEANsnINLLLIS a8988 Mean Absolute Error (MAE) 1ay
Weighted Mean Absolute Percentage Error (WMAPE) Iuﬂﬁiiqmuqu%\mumﬁ’] A8

1 o

wae Train-Test Split 6m31d91 9:1 lAnaans Gradient Boosting AN lAL50uAY MAE winfu

¥

4.75 uaz R2 WU 0.82 Ay WU1A14a93 Bingham 11 Continuous Learning M ld1adaya

a

USROP 13iA1 WMAPE agj311919 20% 019 103% HaRa8471l9 ilautisdeyanisdananass

WNATAIMFUN1T I ENINAIAANIN WLLSIABINTTFEUIURIATELLLNIATTIUALH

122ANBAINAININNUITLNAUNTNT wadSaNUNERatdaad lFiunalscAnsanaag
ax o vy o4 & | o ax P Ay !
Fan19nlddesya TN ALAENNTUATUQNIANZIANIZIANZAY D1AazIUllaNd vTaAatnIn

A o =R o

LuLA1aasnWNANguLLAaa@nad 1IN Tuuneass Betiudunapnandudmivgadeya

¥ a 1 dl 1 ¥ a ' o a o = v 1 < !
mmwmmimy getng liaunsndssiiuauudug 189N WRUNA VL@@EI’]\?LL‘INLLﬂ?\‘]
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ROP benchmarking dataset

Available

A\,ai]able g 8 8 8

s
34— 628 BEE

o ™
2 | | Available |

£
a
“.. Remaining { “Te;sgng’
e G IRLEEG
b) All for One ¢) One for All

a) Continuous Learning

Fig. 3. Proposed scenarios for model validation.

nnilsznau 36 uandHanIsuLdayaINen1sHnHuLazN1IMAgeL

AW 1 Tunkiel et al.(2021).Reference dataset for rate of penetration benchmarking
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N1SANLUUINUIAE

N17AN19N U T UNNFARELND NI INNUIE U AR H WL UENUBITATINITLANY
= o 1 o a a) = di 1 a
WeuiuA1gnsINIganzaseesngningasy iedqslun sl ssilinansiauauszezioan
nsanzuazilsziduan ldanalunisanianzaesguilingdsn sudedaduuianieidaans
di % v a v dld o a 1 5’/
yaranzine Il naunissingulalunineuaneninisailinaunisaianz ety Inenis
a o d’ld a c A = ° = ¥ = . . =
AU UANHITLATIZAUTHUNELULLANABIN9TEUTIRALATEY (Machine Learning) 4
1srnaumie Random Forest (RF), K-Nearest Neighbor (KNN), Gradient Boosting (GB),
Extreme Gradient Boosting (XGB), Adaptive Boosting (AdaBoost) & ¢ Light Gradient
Boosting Machine (LGBM)
Tun193densll gt lanntunRdamudunen Aesialili
3.1 NFTLIUNITNNIULBILLLANAEY (Model Overview Workflow)
3.2 ﬂ’]ﬁ‘Lﬁ?‘HN%H@ (Data Preparation)
3.2.1 MNvasunadeya (Data Source)
3.2.2 Mslaunaasdaya (Data Acquisition)
3.23N13M1AINATRIALAZNITLATANTaYA (Data Cleaning and
Preprocessing)
A 1 a a‘d‘ dl ¥ 5
3.2.4 NNTLRANATNINLEATNLINEAURY (Selection Parameters)
3.3 N3gn9adeyanuanEuzLiiassiy (Exploratory Data Analysis)
3.3.1 fayaniiaing (Outliers)
3.3.2 NMIUIANANNANNUSIZNINeFaLLT (Parameters Correlation)
3.3.3 N7aBUNEAALLITA (Explain Feature)
3.4 NMIAIANLLANABILAZNTHNE Y (Model Setup and Training)
3.4.1 nMautigadeyanisinluuaznimaasy (Train-Test Split)
3.4.2 NMTA9ALULANADY (Model setup)

3.5 38019192l uNALLLANa99 (Model Evaluation)
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3.1 NFEUAUNITIINULAILLUAIARY (Model Overview Workflow)

Data Acquisition

A 4
lData Preprocessing ’__)[Expf;ztlszsnataJ__) Train-Train Split

Continuous sliding Window
Learning split Split

Evaluation
4—| Model J(—{ Model Setup ]

ANUIEZNAL 37 WAANNTZLIUNITNINLABILLLANARY (Model Overview

Workflow)

3.2. MswpsENTaYa (Data Preparation)
3.2.1 iINNUBIUUAITIAYA (Data Source)
v dl o a a o d” o a o . dl o a o o
daai i lunisaniinauddeiiinnnaint§sm Equinor Faiuigustmnaanu
¥ 1 !
g fneslszmanadiag nadayaillmneaunsainnieussmidat] 2018 iNansAnE LAY

1
¥ a = ¥

Tdaiidu iugadeayaaienanuisoniodlvangadoyala

https://www.equinor.com/energy/volve-data-sharing mﬁﬂyjaiﬁuﬂﬂﬁﬂ wraaluanidaes

uasiael (Norwegian Continental shelf : NCS) 4@t/ 1u Volve field fiunsisaglanatmeia

Wile (Central part of North Sea) #19ann Stavanger Usenna 201 Alawms (Uszanns 125

lud) uay 5 Nlalum? NN9FTieres Sleipner Axduaan AaNINLsznay 38 D 41
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L] S
equinor %~ Q ENING  Menu =—

Volve field data set

Home > Energy > Datasharing > Valve data sharing

nnisznel 38 wanInTin website 15 Equinor N@nxn3aanaulnantadays

[

A https://www.equinor.com/energy/volve-data-sharing
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Uivinninge v per 22 jusi 2016

Den norske kontinentalsokkelen i‘g

‘ $)4ag28 nerataden
‘nark pattolaumaverkaemi. auEoRERTORATET

Teiknforklaring hovudkart

-l
T7ASwesachih ase-sa i ks

Feltog

" NORDSJZEN

-

A wilsznay 39 uamenunLnaluanituesuasiog (Norwegian Continental

shelf : NCS)

A https://en.wikipedia.org/wiki/Norwegian_continental_shelf
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-

United Klngdo}r\ - f g
1 £
Amsterdam )

nwtlsznay 40 uaRI9ARUNTeY Volve filed lanatemziaimile

Ann Wang et al. (2021).Ensemble Machine Learning Assisted Reservoir Characterization

Using Field Production Data—An Offshore Field Case Study. Energies.

Uk / Norway

R S e

.. ©Bergen
Quadrant. 15 | |
'q 77\ oStavanger

Uk [T
T

B Gas field

B oil field

" Block 159

d

C A A
AWUTZNAL 41 LAAIUUAINUNUDN Volve filed

Ann Wang et al. (2021).Ensemble Machine Learning Assisted Reservoir Characterization

Using Field Production Data—An Offshore Field Case Study. Energies.
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3.2.2 mslan1wastaya (Data Acquisition)
nshstatayates Volve axsznaulidog 2 dow Asil
1441017 website https://www.equinor.com/energy/volve-data-sharing

1{We¥11N19 Lon in Taaitdan Log in B2C (netud i lawiinauisem) Tnagadayanldadadn

¥
¥ =

Volve Data Village {ludaya Subsurface waz Production e lingadayatiazaiunem

q a

§U Azure signature URL sanwdsenay 42 fia 45

Equinor Open Data Licence (new Sept. 2020) (PDF) N
Equinor Volve FAQs 4]
Equinor data portal forum 4
Go to the Volve dataset: data.equinorcom A

nwilsznau 42 wanenisdnfanisanaldinaatedasys

A https://www.equinor.com/energy/volve-data-sharing

n
equinor %~ [ @ -

EQUINOR EMPLOYEE

LOG IN B2C

ANUTENaL 43 WAAIUENNIT Login B2C

N https://www.equinor.com/energy/volve-data-sharing
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Volve Data Village
14/06/18

. For the first time all subsurface and production data from a field on the Norwegian continental shelf
B (NCS) will be disclosed

Read more

nndsenau 44 LL@@Q%@‘Q@%@H@ Volve Data Village

Ik https://www.equinor.com/energy/volve-data-sharing

Data links

Usage
We recommend using Azure Storage Explorer when exploring the content of, or parts of this dataset. Using this tool will enable you to explore
and download only the parts you are interested in. Follow instructions here for download and installation

For connecting to this dataset in Azure Storage Explorer. use the shared access signature URI:

https://datavillagesa.blob.core.windows.net/

NNWLTENAL 45 LARAN Azure signature URL

-t
NN https://www.equinor.com/energy/volve-data-sharing

2. 1 Microsoft Azure Storage Explorer ( Tnegn1081uATNITA1Y NG
LLﬂzmiﬁm%\ﬂﬁ’fﬁ https://azure.microsoft.com/en-us/products/storage/storage-explorer/ )
annauilug AgAtasa Volve Data Vilage Tnendleila Microsoft Azure Storage Explorer
Funuda WAenT Azure for Students AANTINASN Storage Accounts [aaZ#AN1S

Connect to Azure Storage TAan1sAANT21ULAILAAN Blob Container or directory Waan

|
v o =

Shared access signature URL (SAS) ka13141 Azure signature URL Nlaannda 1 u1ldlu

v

Enter Connection Info asanniiuazlagadayaaas Volve Data Village fivnananInng

Q a

ANTan FannLlsznall 46 D4 49



EXPLORER ,:; Get Started X

2 v

Collapse al reesnal - Storage Explorer
2% Quick Access

> & Emulator & Attached Get Started

v Azure for Students

(@1 e
B Storage Accoul = in with Azure

with your Azure account to access all of your Azure
es.

Search From Here

Refresh

h to a resource

Don't have permissions to access Azure subscriptions? You can
connect to individual storage resources using various
authentication methods.

Tasks

Actions  Properties N/ Activities

Clear completed  Clear successfu

NNLTENAY 46 AR Azure signature URL

= Connect to Azure Storage

Select Resource

Resources
[» Documentation

& Troubleshooting Guide

Select Resource Authenticate Connect

What kind of Azure resource do you want to connect to?

Subscription

Sign in to Azure to access storage resources such as blobs, files, queues, and tables under subscriptions you have access to. 2
mm=m Storage account or service 5
M=  Attach to one or more services in a Storage account.
m Blob container or directory 5
Attach to an individual Blob container or directory.
ADLS Gen2 container or directory 5
Attach to an individual ADLS Gen2 container or directory.
@2 File share >
Attach to an individual File share.
M Queue >
Attach to an individual queue.
Table 5
Attach to an individual table.
j‘ Local storage emulator 5
Attach to resources managed by a storage emulator running on your local machine.
Cancel

NINUFLNAL 47 LAY Azure signature

48



B Contiectto Azure
vect to Azure

- Co 2

Select Connection Method

t Resource Select Connection Method Enter Connection Info

How will you connect to the blob container?

O Sign in using OAuth
@ Shared access signature URL (SAS)

© Anonymously (my blob container allows public access)

Summary

Back Next Cancel
NINU9ZNAU 48 LARAY Azure signature URL
=2 Connect to Azure Storage
Enter Connection Info
0 Enter Connection Info > Summary

Display name:

volve-1
Blob container or directory SAS URL:

https://datavillagesa.blob.core.windows.net/

Back Next Cancel

NINU9LNaL 49 AR Azure signature URL

49
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1n103a Volve Data Village neilutlsznausiag 12 folders fanindsznay 50
Javsa 5 TB Uszanns 40,000 files e unn folders az il lnd readme Tag 12 folders
lsznaumae
1. Geophysical Interpretations
. GeoScience_OW_Archive
. Pl System Manager Sleipner

. Production data

2

3

4

5. Reports
6. Reservoir_Model-Eclipse_model
7. Reservoir_Model-RMS_model

8. Seismic

9. Well_logs

10. Well_logs_pr_WELL

11. Well_technical_data

12. WITSML Realtime drilling data (lgatayatiinanisvinnisiag)

~. GetStarted X | volve X

. & M 4+ B DB S| X 2. O | X O

Upload ownload Open Preview New Folder Select All Copy Paste Clone Delete Undelete Manage History Folder Statistics | Refresh
& > ' N Active blobs (default) v | volve NG
Name /  Access Tier Access Tier Last Modified Last Modified Blob Type

Geophysical_Interpretations
GeoScience_OW _Archive

Pl System Manager Sleipner
Production_data

Reports
Reservoir_Model-Eclipse_model
Reservoir_Model-RMS_model
Seismic

Well_logs

Well_logs_pr WELL
Well_technical_data

WITSML Realtime drilling data

D HRS and Terms and conditions for license to dat  Hot (inferred) 3/1/2023 4:51 PM Block Blob

Showing 1 to 13 of 13 cached items (1 item selected) > < 1 V[ > > Load more

nwdsznau 50 wansgadayaisunnniali Volve Data Village
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3.2.3 msv‘hmmmmmtmm?‘ﬂu**ﬁ"aga (Data Cleaning and Preprocessing)

dayanlininisadsas lddeyaly WITSML Realtime drilling data folder vinnng

‘nanuqu 15/9-F-15, StatoilHydro (Norway-StatoilHydro-15_$47$_9-F-15) dagalunisyn

lwzuiaaniilu 2 dau laun 17.5”section waz 8.5"section gnifiuly Wellsite information

transfer standard markup language (WITSML) @nLdiazatAsneiiag Python dumaunng
¥ K ¥ o Y v v = QI a Qldl [~ & .

dndedayauaznisindndeyasian Python anunsndnsivaidslaniidlast Discovervolve

[https://discovervolve.com/2021/01/06/understanding-the-witsml-format-in-the-volve-

oilfield-dataset/] 1L a

o

Github [https://github.com/maribickpostanes/Interactive-Well-
Trajectory-Plot] 1l unguia1zuiiug199a (Exploration well) Tagidin191anz1a 8914y
(Deviation well) fan wilsznau® 51

WELL 15/9-F-15
Field Name: Volve Field

B 17.5 in. Section (T-826808-1)
BN 8.5 in. Section (T-838463-1)

andL
o o
o
=}

-
o=
o ©
e ©

3a WOLpRAA,

\Hid

nnisenal 51 wansiANIeNIaanzaeanguianz e e lianuuanss (Deviation

Well)

dayangu 15/9-F-15 udayanfiuiuuazidan Waiinisdimadasyalu
d’l v ¥ o 2’/ a o o rzj/ o &
\HaefuasnudagaaUINLALYININA 112,714 WAD UATHANUIUABANLUVIANNA 189 AaAN]
Tnadayanunlanniuazlildldnneaednd awinisdndenaeduiiuiazinaadeseansn
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v
6 o/

luidiassunan M iivaedeyaauanunayisnun 112,714 unq uariAadnuianun 24

[ [ %

paaNY Aunwdsenau 52

nnnnnnn

rrrrr

nndsznau 52 uapen1aAalaanAa ANl A9FU

anniulavinnsdndagananuan (Measure Depth) AR nnaiudayald

TnaEufnAINANAUABNALAUNT 1200 WAT aanandayaanun asniwilsznaui 53
i %’ 3 o dl

uwazynnssindeyaniianudfauiuesan Wasainluy 17.5"Section lAvinnnsianzaauan

014 2591.141 was M lidayanau 8.5” section T9iiunisasiiuiaziauiazasainnig
fnfauiunnIulugaaNan 2,464.156 A3 19 2591.105 WwAs Aslavinnisdndasa
9; ¥ ¥ ZJ/ o o r-dl 1 dl ¥ = [ ¢ o val ¥
dnfausanandayanavin wazyinnsauaeanivliinaadesdn 8 Aaduyl nliddaya
ANUIUUDIAAAUUABTIINNA 111,134 UDT UATHADANITIINNA 16 ABANL

3 1 =X dl M v [~3 ¥ % ¥
N l9znau 53 LAAINIIFATIN WJ’]?J@ﬂ%iNi@Nﬂ’WLﬂUﬂﬂ?ﬂ@i’Jﬂ@ﬂﬂ’]ﬂﬂﬂ?;lj@

S
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wasaniulaninisuendeyasmivdenudaaseanainiulunedul name

k% o

WAZUNUNANLANFALATLNENAENILALR Fan1nLsznal 54

Average  Average Average Hud Mud Bit  FPWD Pore

Rate of Rate of Weight g Flow % Bit Bit Bit 4
Memsured) | SUSitU Penie b Rotary  Surface standpipe [ 0 Flow  Weight o 0 ol peinigeg  Revolutions Pressure
Depth m Jn (it h it Speed Torque Pressure Y In out: St i 2 (cum) Gradient
Wl (P aE). . & rpm KkN.m ka Y™ min grems TIME Amers . unitless g/cm3
0 1200150 NaN NaN 1310882 00 0013558 236765965 NaN 00  NaN 13756 NaN NaN NaN NaN
11200302 NaN NaN 1342633 00 0013558 236765065 NaN 00  NaN 13757 NaN NaN NaN NaN
2 1200455 793360872 793360872 1229235 00 0013558 236765965 NaN 00  NaN 13757 NaN NaN NaN NaN
3 1200607 784689312 784689312 1288202 00 0013558 236765965 NaN 00  NaN 13757 NaN NaN NaN NaN
4 1200760 786914352 786914352 1256451 00 0013558 236765065 NaN 00  NaN 13757 NaN NaN NaN NaN

Sy

nnisenal 54 wansnsusndayamniidaiazfoiaraanainiuua ununaeg

o/

1 = 1 =
ARAAULAULWENBEINLAEID

NINIIBANAITAI919 (NaN) Fs3TRNATaNan282T Forward Fill WAy

U

o ¥ I 1

v
Backward Fill anniuaznudndsnArdayannavaslu 4 aaduid laun 1. Weight on Bit 2.

Surface Torque 3. Flow Pump AMNMTUNRANRAALA22AT 0 WAL 4. Mud Weight iNN1TUNL

ANRAALAIEAT 11.933929 LAY 11.850475 (U1AINIAINIILITUNITANEURH) A

Asznal 55 D4 56

<class 'pandas.core.frame.DataFrame’>
RangeIndex: 111134 entries, @ to 111133
Data columns (total 16 columns):

# Column Non-Null Count Dtype

® Measured Depth m 111134 non-null float64
1 Rate of Penetration m/h 111134 non-null float64
2 Rate of Penetration (5ft avg) m/h 111134 non-null float64
3  lWeight on Bit kkgf 111134 non-null float64
4  Average Rotary Speed rpm 111134 non-null floast64
5 Average Surface Torque kN.m 111134 non-null float64
6 Average Standpipe Pressure kPa 111134 non-null float64
7  Flow Pumps L/min 111134 non-null float64
8 Mud Flow In L/min 111134 non-null floaté4
9  Mud Weight Out g/cm3 111134 non-null floaté4
10 Bit Drill Time h 111134 non-null floaté4
11 Bit Drilling Time s 111134 non-null float64
12 Bit Drilling Run m 111134 non-null float64

13 Bit Revolutions (cum) unitless 111134 non-null float64
14 FPWD Pore Pressure Gradient g/cm3 111134 non-null float64
15 name 111134 non-null float64
dtypes: float64(16)
memory usage: 13.6 MB

v
o

nwtlsnay 55 WAAINIFFENAIGIN (NaN) s luteya
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count mean std min 25% 50% 75% max

Measured Depth m 1111340 2513851e+03 7.734257e+02 § 1200.150000 1836.868000  2463.428500 3142949500 4.065346e+03

Rate of Penetration m/h 1111340 2524718e+01 4.298708e+01 0.786384 15.266518 19.671792 24885091 8.103961e+02
Rate of Penetration (5ftavg) m/h 1111340 2.480611e+01 4.194384e+01 1.847088 14.938248 19.674840 24871680 8.076286e+02
Weight on Bit kkgf 1111340 5744417e+00 6.348784e+00 -2.685267 1.923232 4578108 8334760 8.698994e+01
Average Rotary Speed rpm 1111340 1.305520e+02 1.987593e+01 0.000000 129.390000 139.640000 139.736000 1.430500e+02
Average Surface Torque kN.m 1111340 1.784067e+01 7.677005e+00 ) -333.748146 12.080338 17.042632 23599367 3.648913e+01
Average Standpipe Pressure kPa 1111340 6.395786e+27 6.982077e+29 | 205.463767 | 15145713350 20326.158190 25656.839790 1.300000e+32
Flow Pumps Limin 1111340 3.372227e+03 1.152180e+03 § -535.469971 2092020021 4028979982 4451779784 4.490720e+03

Mud Flow In L/min 1111340 3.349487e+03 1.163824e+03 0.000000 § 2114.455435  4010.000494 4453120823 4.573043e+03

Mud Weight Out g/cm3 1111340 -9.242238e+00 2.232734e+02 §-2426 593299 11.182843 11.767021 11.933929  1.243465e+01

Bit Drill Time h 1111340 2017458e+02 2.793582e+01) 137.560000 179.362500 215.555000 225667000 2.256670e+02

Bit Drilling Time s 1111340 1.080511e+05 7.629634e+04 | 834429993 § 43239.218750 94777.632810 154170.015600 2.878508e+05

Bit Drilling Run m 1111340 5.154156e+02 3.466006e+02 0.950000 221.399994 480.489990 760.429993 1.269420e+03

Bit Revolutions (cum) unitless 1111340 4.840380e+05 3.501796e+05 0.000000 §193658.000000 420529.000000 701478.000000 1.303268e+06
FPWD Pore Pressure Gradient glcm3 1111340  9.586114e-01 4.440912e-16 0.958611 0.958611 0.958611 0.958611  9.586114e-01

name 1111340  1.356729e+01 4.464120e+00 8.500000 8.500000 17.500000 17.500000 1.750000e+01

nnilsznan 56 uansARnaLnatludaya

3 o a 1 % = v o % U == dl
RANUUNIN ﬂuaﬂumm@g@mm@ﬂmﬂu 0 LASNINITAULRHAATAITNANT

% £ [~ v 1 v o ¥ 1 =S 3’/ o QI ¥
"ﬁ’]sﬁ‘ﬂuLLﬂzLﬂ‘leL’JLWE\?ﬁ’]LL?ﬂI‘MLﬂuﬁ]‘?LLWH%@H@IuﬂWﬂQWN@ﬂuu’] LRZNINITINNIDYA

o 6

ARaNY Total Flow Area (TFA) 1ag 17.5"Section Lﬁuﬁ’]ﬂ/@sﬁ]mﬂu 1.633 LAY 8.5” Section

1
a2 1 ¥ ﬁ o [ I 1 U
e . ,, .
WHNANTBRH ALY 0.721 LAz 0.509 AANAAL AEARIN Bit No. LlUN17nwA1 8.5” Section
v v
o eL vl ¥ o A o a o 6 o o e o
o
N IVHTDYAIMUIRLAIRAAILUNDNINUNA 2,701 LD LASHADANUVINUNA 17 ARANU A
= =
o
A nlseneumn 57 09 58
2 . . P Pore
Rate of Rate of Average Average Average #ud , (T e— Bit Bit
";:s“‘;e‘: penetration penetration “:;5":“‘2 Rotary Surface standpipe 1M :';:':: Flow In "‘;3;";5:; orin1 B3It "r:g‘:“ﬁ orilling Revolutions :::Zi::‘: name
v m/h  (5ft avg) m/h 8F  Speed rpm Torque kN.m  Pressure kPa L/min L Time h Run m  (cum) unitless S
0 12000 | 793360872 793360872 1310882 00 0013558 236765965 3825500001 00 11933620 137.56 1845813946 095 30350 0958611 175
1 12010 | 784589312 784680312 1288202 00 0013558 236765065 3825500001 00 11933929 13757 1845819945 085 30350 0858611 175
2 12020 | 784648640 784646640 1324490 00 0013558 213875371 3825500001 00 11933929 13757 1845819946 095 3035.0 0essen 175
3 12030 | 784843784 779711928 1485103 00 0013558 213875371  3825.500001 00 11933929 13757 1845819946 095 30350 088811 175
4 12040 421233 20464272 2013950 00 0189815 224493298 3825500001 00 11933929 13764 1845819946 0.95 30350 0858611 175
5 1200 | 231757728 19635216 1896016 00 0203373 222218028 3825.500001 00 11933929 13765 1645819945 085 30350 085881 175
6 12060 | 398074396 22716744 2054773 00 0325396 241730191 3825500001 00 11933820 13771 1845819946 0.5 3035.0 0958611 175
7 12070 | saassear2 23518368  2.304249 00 0325395 241730191 3825500001 00 11933820 13771 1845819946 0.5 3035.0 0958611 175
8 12080 | 626251224 608469192 2263426 00 0338954 255857600 3825.500001 00 11933928 13771 1845819946 095 30350 095881 175
s 12000 | s27a71720 625336824 2240746 00 0338954 255557600 3825.500001 00 11933828 13772 1845819946 095 30350 0esssn 175

nwilsznau 57 uaasAnmnaunatludea
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10 rore
Nl petiation  senetravion 'SP WG TR e Povms Ty mevemt ol SOl ool pecuton PSS e [corires

/i (5ft avg) m/h Speed rpm Torque kN.m  Pressure kPa L/min Time h Run m  (cum) unitless g/cm3 (TFA) in2

0 12000 793.360872 793.360872 1.310882 00 0013558 236765965  3825.500001 00 11.933929 137.56 1845.819946 0.95 3035.0 0958611 175 1633
1 12010 784.689312 784689312 1.288202 0o 0013558 236.765965  3825.500001 00 11.933929 137.57 1845.819946 0.95 3035.0 0958611 17.5 1633
2 12020 784.646640 784.646640 1.324490 00 0.013558 213875371 3825.500001 00 11.933929 137.57 1845.319946 0.95 3035.0 0.958611 175 1633
3 12030 764.843734 779.711928 1.465103 00 0.013558 213875371 3825500001 00 11.933929 137.57 1845.319946 0.95 3035.0 0.958611 175 1633
4 12040 4212336 20.464272 2013950 00 0.189815 224493298  3825.500001 00 11.933929 137.64 1845.819946 0.95 3035.0 0958611 175 1633

AWLTENaL 58 LAANNITIANABANY Total Flow Area

3.2.4 NMFLARBNATNINLADSNLNLTRY (Selection Parameters)

[ %

o A ¥ o e‘d‘ ¥ o dl o dl ¥ o
‘V]']ﬂ’]ﬁ‘L@‘ﬂﬂ?.l‘ﬂ?;lJ@ﬂﬂ@NuWLﬂuﬂ@H@ﬂ@@ﬂW@’]ﬂmLL@:ZLﬂEI'HI‘ﬂQ 119U 10

o [ %

ARaNY Aanntsznau 59 Usznalieas

1.Rate of Penetration (ROP)

2.Measure Depth (MD)

3.Weight on Bit (WOB)

4.Rotary Speed (Revolution per minute, RPM)
5.Surface Torque (T)

6.Standpipe Pressure (SPP)

7.Mud Flow In (Q)

8.Mud Weight (MW)

9.Bit Diameter (Dgr) A70 name AN

10.Total Flow Area (TFA)

Rate of Measure Weight on Rotary Surface Standpipe Mud Flow Mud Bit Total Flow

Penetration Depth Bit Speed Torque Pressure In Weight Diameter Area

[} 793.360872 1200.0 1.310882 0.0 0.013558 236.765965 0.0 11.933929 175 1.633
1 784.689312 1201.0 1.288202 0.0 0.013558 236.765965 0.0 11.933929 175 1.633
2 784.646640 1202.0 1.324490 0.0 0.013558 213.875371 0.0 11.933929 17.5 1.633
3 764.843784 1203.0 1.465103 0.0 0.013558 213.875371 0.0 11.933929 17.5 1.633
4 4.212336 1204.0 2.013950 0.0 0.189815 224.493298 0.0 11.933929 17.5 1.633

= v o o‘d‘ o o dl %
nwlsznau 59 LAANTEAZLALAUDNAADANUNATATLAZLNEIUD
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3.3 MsRN5IaTayAAMANEMEIIRIAYN (Exploratory Data Analysis)

\arianisdsadenyailiassiuaindayaasnuauauwng 2,701 U9 wazauaY

ARANY 10 ARANIY AININUsznel 60

<class 'pandas.core.frame.DataFrame'>
RangeIndex: 2701 entries, @ to 2700
Data columns (total 18 columns)

#  Column Non-Null Count Dtype

@ Rate of Penetration 2701 non-null float64
1 Measure Depth 2701 non-null  float64
2  Weight on Bit 2701 non-null  floaté4
3  Rotary Speed 2701 non-null  floaté4
4  Surface Torque 2701 non-null  float64
5 Standpipe Pressure 2781 non-null float64
6 Mud Flow In 2701 non-null float64
7  Mud Weight 2701 non-null  float64
8 Bit Diameter 2701 non-null  floaté4
9 Total Flow Area 2701 non-null  float64

dtypes: float64(10)
memory usage: 211.1 KB

a9 & o 2
nwilsznau 60 LLZQG’]\‘I?’]EIZ\]ZL@EIWH@Q;IJ@L‘]_I’ﬂ\WIIWNMNG’]

3.3.1 Tayainmlng (Outliers)

Mn1zasaaauAteyanninlnfresdayanisatzaziiulddnpdesy

a 1 o

&
ANRAUNRRENANINNGT 400 uazAntayanIuEaLNFA284 Rotary Speed NHANWNAL 0

=)

o dl = [ % Y a a { d” o ¥ dl A
FNNINLTZNALN 61 D9 62 @\‘imma‘mmm’mmqﬂammﬂﬂmmmu@@ﬂvl,ﬂ AMUIULRYALLDTINLIAD

HaMNA 2,664 unq ARANYTIAMNA 10 ARANY uazAdeyasINNIsaTANAIANFnd Ry AT

ApinRaan AIANT199 2 WAY 3
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ANUTZNAL 61 LAANAIAINNNALNAURIANERNTINITLANE
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120 4
100 1 ]
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60 4 L]
L
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@

20 1
*
0 L]

NMWUILNAL 62 LAANATANNALNAT8YAT Rotary Speed
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1379 2 dgtdeyaranuneainresdaya Rate of Penetration, Measure Depth, Weight on

Bit, Rotary Speed, Surface Torque

Statistical ROP (m/hr)  MD (m) WOB RPM (rpm) T (kN.m)
Parameters (kkgf)

Maximum  340.52 4065.00 19.86 140.57 35.19
Minimum 1.62 1237.00 0.00 15.33 1.10
Range 338.90 2828.00 19.86 125.24 34.09
Mean 29.16 2602.50 6.05 129.87 18.77
Median 19.89 2568.50 5.06 139.74 17.86
Standard 41.71 817.33 4.52 23.56 7.47

Deviation




1379 3 dsLteyaraNneainTesdays Standpipe Pressure, Mud Flow In, Mud Weight

out, Bit Daimeter, Total Flow Area

Statistical SPP (kPa)  Q (L/min) MW Dgyr (Inch)  TFA

out

Parameters (g/cm®) (Inch?)
Maximum 27718.94 4475.27 12.43 17.50 1.63
Minimum 4330.53 1083.31 4.84 8.50 0.51
Range 23388.41 3391.96 7.59 9.00 1.12
Mean 19358.00 3181.45 11.37 13.08 1.15
Median 16364.20 2121.38 11.43 17.50 1.63
Standard 5845.70 1167.11 0.91 4.50 0.49

Deviation
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3.3.2 MSUIANAINNANNUESEUIN9AIWLS (Parameters Correlation)
NIN1IUIAIANNANAUT Tz UT19A Ty a89s LT Tneukug) R A N Tau
(Heatmap) mﬁTfJL@ﬂmmugﬁmm%’ﬂuéaﬁﬁ%ﬁﬂﬂé’1 WAANDY ANANANNUSIL U196
ulsfifipnaduiudTuann way defasaluuagfinanufeudedandning -1 uassis fn

v o & ' o dld o o v ¥ o
ANANNUSTE AL AN AR USRI R eiWTa Aenndsenay 63

- 100

Correlation Coefficient Of Predictors : 15/9-F-15 WELLS

Rate of Penetration - 1 - 075

Measure Depth
- 0.50

Weight on Bit

Rotary Speed

Surface Torque

Standpipe Pressure

Mud Flow In

—0.25

Mud Weight

—0.50

Bit Diameter

e
o
w

0.99

o

=
w0
]

Total Flow Area
—0.75

-1.00

Rate of Penetration
Measure Depth
Weight on Bit
Rotary Speed
Surface Torque
Standpipe Pressure -
Mud Flow In -
Mud Weight
Bit Diameter -
Total Flow Area -

NUIZNAL 63 LNUYNANNIAULARAINIIMANIANNANRUTTEUdNemaLL e

3.3.3 n1gasungAIRawLls (Explain Feature)

=2 !

AANAIMNANTZNING 2,592 D4 2,604 LUAT NUINAIUINUNNNAAILUILANE

1
a a A

(Weight on Bit, WOB) ﬁﬁ'ﬂzﬁmmﬂﬂmLummﬂmﬂﬂﬁwuﬂmmmﬁuﬁu TALNINITALLA
wilumaedai@adu (Linear Interpolation) aananwilsznaui 64 (n) iWunanWindenszndna
ANANANTTALA (Measure Depth, MD) iU A18m31N194a1% (Rate of Penetration, ROP)

1 v

TUT99FNFAUAERIIN9IANZAZ A ANGINIAIANANTE UGN 1,200 D9 1,306 LUAT NAIAINTIY
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A ”mqmilmmzﬁfam@mmLmzﬁ'umﬁﬁmmmﬁﬂ 1,320 wm3 ludau 17.5"section AN
Smsmsianzeszndng 5 e 25 10usdl 8.5"section axilAagsziing 20 i 40 taeLneag
arfinnsnisifinednesania 19y fiANANEN 3,151 f9 3,177 WA Weaunannnis
wanuul aereeduiiu AN finaasLuialang (Weight on Bit, WOB) uaz A2NL5lu
N1IUNUI1WLae (Rotary Speed, RPM) furTadefidenasasnininanziduagnemnn lu
A wtaznaud 64 () %ﬁqmmié’dqmﬁmﬁﬂﬁﬂmmuuﬁqu]z (Weight on Bit, WOB) Tu
17.5"section aziliegszving 0 B 5 Fuludaefuresnisians avmiudfisidu 5 e 11 ag
fiAnANAN 2,213 019 2,591 AT &1119U 8.5"section AN ANA LN (Weight
on Bit, WOB) azifisigeauiie 13 a1ntiuazanaslugasdnnanuan 2,591 i 3,517 was log
ARLTBIAN NN TIN AR L LTIAN Y (Weight on Bit, WOB) ﬁﬁqqﬁ%@?ﬁ 6 MdANTuAL
aaANTInARLIL AN (Weight on Bit, WOB) LAZAZLRN AT TIN AL

Iagsendne 7 049 19 A1ERI19DLTRINIIUNUUBINIULAY (Rotary Speed, RPM) a1n

' ¥
a K

Adsznaud 64 (A) lu 17.5”section ﬂ'q@”mmi@ummmwguﬂumﬁmmﬁm@mmeu
=2 A, = a 2 0 e [y a
QUANNAIAIINAN 1,480 LHAT NAIAINTUANERAIIIDLIBINIINYUIBINIWANZALAINT 130
WAz 8.5”section ANEAINTBLUBINIIUHUIBIAIWANT LTINS 140
annisznau 64 (1) lu 17.5"section Arirlaaunaananuguazgninen i
a = , A, % P N e | @ o >
agNlsennnd 11.8-12.0 aziluntanAtinlaauneanuIfAIANA wAANeNE1uiNH 19
nauNIeg luszAUT 11.8-12.0 20ueh 8.5 “section 1aeusnA1tinlnauazegi 10.68-10.75
=2 1 =< dl 9O/ o %’ dl o [ v QI d?/ 1 o dl
AUReAIAINANT 2930 AT UrnintrlrauneanuIargninEsyau I NIUE sTAUN
11.1-11.5 aann 1wl 9znall 64 (a) A1 Standpipe Pressure Az lLNTALAUIZNING 2 section
114 17.5”section axilA144nd1 8.5"section Tnel 17.5”section ANATLT9 20,000 LATADE"]
WWNTUAUD 27,500 204N 8.5”section ANazagfidas 14,000-16,000 Tnaidunisans-iix
AL section WIn AanNNINLUIZNaL 64 (2) A1 Mud Flow In azliNdal@auszndng 2
section A4 17.5"section ANazdnusyaLllia 4,400 uazlu 8.5 “section ANALNHITEAL
ot 2,100 AUDIAIAINANT 3,175 1HAT UAIAINUU AZAAAINIIAS 2,000
annn ndsznay 64 (ry) A1 TFA aziddasumiunisidaguiaiane tae
17.5”section azH AN 1.633 WAL 8.5 section AazH AN 0.721 LAY 0.509 AMNAAL A1N

nanisznau 64 () A1 Surface Torque AxHANNNTUIFTE[AILA 17.5”section AUN
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8.5"section IAEIT4N171A1E section kINAZBE 4-20 WAZTINNITIANT section NAIATLRE] 15-

35 a1nNNLsznal 64 (1) A1 Bit Diameter azuiialiili 17.5 waz 8.5 AMNANAL

Rate of Penetration vs Measure Depth

Weight on Bit vs Measure Depth

Rotary Speed vs Measure Depth

s .
. LI
1500 1500 1500 I
2000 2000 2000 '
E E £ [
£ 5 £ g
B 2500 . 7500 B 2500
@ ] 2
=] =] e
2 2 g
A H H
® 3000 © 3000 & 3000
] i} ']
= = =
3500 3500 3500
4000 4000 4000
0 s0 100 150 200 20 ;0 350 0 5 10 15 20 0 4 6 80 100 120 140
Rate of Penetration (m/hr) Weight on Bit (kkgf) Rotary Speed (rpm)
Mud Weight Out vs Measure Depth Standpipe Pressure vs Measure Depth Mud Flaw In vs Measure Depth
Bl Semieelod
1500 .’ 1500 1500
2000 2000 2000
E E z
ﬁ 2500 E. 2500 ;; 2500
F g E;
a 4 £
e [ A
3 H H
3 2 3
% 3000 = 3000 = 3000
3500 Ll ( 3500 3500
. L ]
w000] o ° H 4000 4000
5 & 7 8 8 w 1 o1 5000 10000 15000 20000 25000 1000 1500 2000 2500 000 3500 4000 4500
Mud weight (g/em3) standpipe Pressure (kea) Mud Flow In (Lminl
Total Flow Area ws Measure Depth
P Surface Torque vs Measure Depth Bit Diameter us Measure Depth
1500 1500 ® 1500
2000 2000 2000
E £
£ 2500 5 2500
B 3
E &
H H
: H
= 3000 ¥ 00
3500 3500 3500
4000 4000 4000

o6 08 10 12 14 16
Total Flow Area (Inch2)

(@)

(7

0

s 1 15 20 25 W 3
Surface Torque (ki.m)

0 » 1 w

Bt Diameter (Inch

(n)
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nwtlsznay 64 nsesuneraLnauTiadeiugdearANAns e iR L

o

(Measure Depth, MD) (n) AN8MT1N19L1R1E (Rate of Penetration, ROP) (1) AN

oY

1
o o

WMINNNAAILUIRLANE (Weight on Bit, WOB) (A) AN MINTALIDINITUNULD
ANz (Rotary Speed, RPM) (4) Ansiuinunlrauiaansn (Mud Weight out,

MW, ) (3) AAuALninuany (Standpipe Pressure, SPP) (8) nsluaidnaas

1
Y o =

WrlAay (Mud Flow In, Q) (sy) Aunuisasunnidaasnantudnld ludamng
(Total Flow Area, TFA) (3) wsedasian1uuu (Surface Torque, T) () 2W1AU8997

A1 (Bit Diameter, D)

3.4 MIAIANLIUANDILAENTSEINE Y (Model setup and Training)
3.4.1 nMsusiatayan1siniluLazn1sna@ay (Train-Test Split)

mnﬁmqﬁ@ﬁmmum%@um 2,664 U0 LaTdTauna 10 AaduLl i1n17aL
ABANY Rate of Penetration aan MitduAnvnng (Target) a1l unnsvnuneAnfauls y
LazAeduTIMAean 9 Aeduiliduansuils X Taeen X Mdusudsdulunisinunedns
wlamn y @qﬂﬁuﬁﬂmﬂmmmi@sﬁL‘ﬁ@iﬁﬂumﬁ‘ﬁﬂmu (Training) wazgadayaiialdlunis
NARAL (Testing) %@H@ﬁiﬁLLUUMWNd’]&Tﬂ%@H@ (Sequential Data) 138 AMFRLIITAIAN
AINNAN (Depth-Dependent) ﬁlﬁfslul,l,uw-i’m@wmm@ﬁﬁLﬁumumwmmz Faru
LmuﬁmmﬁﬁlﬂumﬂﬂcJuLL@xmﬁnmmmﬂ%’mmﬂﬁmﬂ@mmﬁm‘“u (Sequential Split)
Tne 2 wmalla 104 Ae m@LL‘Liﬁ@Hmmwimﬁm (Continuous Learning or Forward-
Chaining Split) ua mmm%’ﬂgaLmumﬁqﬁmmmﬁ@u (Sliding Window Split) ¥4 2 weila
wiadayaniuAIANan AiBandn mafinaun (Increments) %ummimg@ AL AT

mﬂﬁm@LﬂuﬁqLmummsﬁwﬁ'ﬁmmﬁﬂﬁ%’@mmLLi_iﬂuLLﬁim:mmwﬁﬁ (Iteration) FIAENY

a u

4

984N1FANTU (Increments) Nldlun153498 lawa 5, 10, 15, 20, 50, 100, 200 LAE 500 LNAT
dl A -dl o a a Aa o = 9/Adl ] 1
iNalaann1IAaanidudununslsviiulse@nsn nuuuanaeanisizauiNdenafandn
wuuen BieAauds X wa y laan1uum Random Seed Ny 1234 189 Numpy La
- d‘ v 1 1 [ ol c|> o 9; I
Random State 14 scikit-learn iialiiiladuadnsiaanugianawarauisanignle

[https://sklearn-genetic-opt.readthedocs.io/en/stable/tutorials/reproducibility.htmi]
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NsuLedeyALLUADIHaILA NS UL A ARLILININ AN AU BRSNS (FHIINTT 2

¥

mAARdayansinluLazn1IMAaaLWnGL wilun19winAsen 2 neiFaufiuuseiiaay

¥

¥ Y o d‘d I a | . (A . . dl
mmmﬂaiuuLmﬂmmm@mﬁﬂﬂuwmmmu bW increments tN1NU 500 WA iteration N 0

Fafunnsinelusaui 1 Fdeyanislnedun 500 was aglutdasriarnaniissas 0 09 500
WA wazdayanAaauan 500 was agludasAIANANIszay 500 D19 1000 LNAT WAL
iteration 9 1 lun1saud1saui 2 nstneluldayan 1000 wWes agfludasriaananiiszas 0
=2 ¥ = 1 1 1 = Adl =®

019 1000 wms dagyaniImaaaLan 500 WA g lutaeAIAINANTIsze: 1000 D9 1500 NAS
o dl o 901 d” dl ' =2 . :j/

san nilsznaud 65 MngouguuuillFesauAIuAIANANLe increments T LAY

NINITRNEUNITNAZRLRUATLLAAE increments AN14UA 1Y

Tuangnnisutedayauwuuntinssuimaeuazinauninfresdayainuas
1Y 1% v o . 1% o | e
ayanaaaulldenin Tnadensaunn (Size) aasgadeyatnuargadayanagauwiniunig
Wil Increments AUTBIT@LA L1 increments ¥l 500 A9 iteration 71 0 lun1sElneu
saud 1 Adayanisindun 500 was agfludasArAuaniszas 0 D9 500 AT dayanns
= \ y ] = A = . . A
NAA8LAN 500 WAs ag lugaaAIANaNsze: 500 D9 1000 WAT LAY iteration 71 1 lunns

'
¥ =

auingaud 2 dhdeyanimmeaauiinaingaud 1 uvianisinduluseui 2 deiideyan 500
L 0 ! = = % =
wpe wrag lugaeAiANanNszey 500 D9 1000 A3 wardeyanaaavan 500 wng i
FL8ZANNNANT 1000 D14 1500 WAs A9NINUsENaUN 66 VINNIsiasudayaindudeya
d” dl ! =2 . ?/ o
nageuwuLillFegrauAILAIAINANTEY increments T wAZYINN1TENHUNNIMAAELIAY

] . dl o v 1 a o o = % | dl
ATULLARE increments ‘V]ﬂTMLLﬁVL'J FIRLAEINUNUNITLIEUT UL ABLUAN
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Continuous Learning

[ Testing set

0 Emm Training set

=

iteration
N

—

3

500 1000 1500 2000 2500
depth

o

nwdsenau 65 ﬂ’]iLL‘Lix‘l%ﬂﬁ;llmL‘]_l‘LlﬁiﬂLﬁﬂ\‘l (Continuous Learning or forward-

chaining split)

Sliding Window Learning

o; Wi et set

= Training set

iteration
-

N

0 500 1000 1500 2000 2500
depth

nilsznau 66 NnsutdayauuLninsLwAeU (Sliding window split)

2
1

3.4.2 N1FAIAILLLAIRDY (Model setup)

AR AN19 I wuuanae9 6 wuy LewA Random Forest (RF), Gradient

Boosting (GB), Extreme Gradient Boosting (XGB), Adaptive Boosting (AdaBoost), Light

v

Gradient Boosting Machine (LGBM) lLag K-Nearest Neighbor (KNN) N19NARA7I9UNA

'
A

adiunnsiaaldlaus? scikit-leamn lunnen Python fagAwisnlimesisumy 4115unns
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LLUG‘H@N@M’]M@W@U (Sequential Split) m@ﬂmﬂm wsiaTAm "continuous. py" 1N GitHub

U

[https://github.com/AndrzejTunkiel/USROP] 19 luinn1eiun19948 €1150 Continuous
Learning TAUFULASINENA1UIUNIFEIN Increments Tuaasd 8y ATy lunienduiu
43U Sliding Window Split la5uusanisaudn while ivaligadasaineulusaudnaly 11

Angadayanaaauessevaq i

3.5 3an19UseiiunNaLuuaIaa (Model Evaluation)
Tun1sidstliFeunaulss@nsnmuuuanaessaaAianaiaeasduysnl (Mean

Absolute Error, MAE) @4f1991nn1350 LLuu%uj \14 Mean Square Error (MSE) %58 Root

Y a

Mean Square Error (RMSE) A1 MAE 1¥n13imaasdnalnenseaadmniadauesdatinnans

v
¥ a o Ao

lunnsvinwng T ldiudwdnldadefianatnauialun lunisaseiinivualiafauls

v
o o

ANETANYIN LAY ROP Mineaaadnanisiansidly wnssedalue et MAE Asiiving
W m/nr wazdnAnlss@nsninuuusanandsnigadnilss@ansnissindnla ( Coefficient of
Determination, R?) a4 1un1391A91 e A N LN UENIB9N1IN 11N HATBILLLA A UAR Y

'
1 a o

LUY wazdas1anainallFauinauan ROP aseluaaniuA NN uiglaaniuuanang



uny 4

NANISANLUUIIUIRE

[ %

lunsiseiiaalszasfifednedinssilazmaseaieuifiauuuudaesite
uIEANERIINI9IaNE (Rate of Penetration, ROP) TaglddayaainiFions lnanaduediaed
(Norwegian Continental Shelf, NCS ) @ﬁ.ﬂiﬁlfauﬂmw@\‘m:m Wil (Central part of North
Sea) Lﬂuﬁﬂgmmﬁﬁ?ﬂﬁwﬁu Equinor ﬂifzmmuaﬂm‘%ﬁmﬁmi’mmLﬂ%q (Machine

% 1

Learning) Tneinnguiisaduaasdaga (Sequential Data) 1w 2 Wil Aa nsFauating

u

faLilad (Continuous Learning U39 Forward-Chaining Split) ha ¥ ﬂﬁiﬁﬂuiuuuuﬁwﬁd

2 o

U1uAeU (Sliding Window Split) ga4tlianHun1s3dalnan1sAnsdunausinenan aat

¥
o A

TonlszAvanam ileussaqndsasiesnsaideldtmunls fil

44 nadniniadaufatiesiaiiiaq (Continuous Leaming wia Forward-
Chaining Split) 284NILLLANABIFNN’]

4.2 m@ﬁwﬁmiﬁﬂu;}fuuuuﬁqﬁiwmuﬁ@u (Sliding Window Split) 284019
LULANAB9RN7)

4.3 mmﬁ”‘Wﬁ‘Lﬂ?‘ﬂuLﬁﬂ‘uﬂﬁ?:am%mwma?l,?‘ﬂui@ﬂwﬁi@Lﬁ@q (Continuous
Learning %38 Forward-Chaining Split) a2 miﬁ“ﬂuiuuuuﬁﬂf;iwmul,?i"au (Sliding
Window Spilit) ﬁqmﬁmﬁmwmmaﬁlﬂﬁmymj (Mean Absolute Error, MAE) 289LL61a¥N9
Finaundaya (Increments)

4.4 NARNTUULA1A291UN19911 8 AN BTN TRz FaLRau AU A8 RIINNg

LQNZAT

4.1 Nﬂﬁ’WéﬂﬁﬁL?‘ﬂuqﬁ:"ﬂﬁﬁdﬁiﬂLdﬂd (Continuous Learning %58 Forward-Chaining Split)
ADINITUULINADIFN ]

lunsutidagyanisdeudiuuseiias niafinaunn increments il 5, 10, 15, 20,
50, 100, 200 wa ¥ 500 wu A9 luuuuanaadsne laun Random Forest (RF), Gradient

Boosting (GB), Extreme Gradient Boosting (XGB), Adaptive Boosting (AdaBoost), K-
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Nearest Neighbor (KNN) k@ ¢ Light Gradient Boosting Machine (LGBM) Tnanisin

Usz@nBnmsmaAiianaineaeduysnl (Mean Absolute Error, MAE)

AdaB

- B8.68
4.84

[=+]
w.

=
- 716 8.11 8.55
g

Model

LGBM
|

6.71 7.19 8.07

i -
m
5.68 735
i
5 10 15

Continuous Learning

- -
6.01 7.63 8.66 8.92

10
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anaandsznau® 67 lum1919351919n1910 Y increments 7899234 U
WULANABIANNT ALWUIIAINIIAY increments WAL 5 azliAUsz@nTnansaaen
- Ao e d 4 A e A 4 : 4
Aananasduysideangn WensaninauiuaAInaiiy increments 817 Tnaid1 MAE #
ﬁ@ﬂﬁzﬁm luwuuanang Random Forest (RF) k@ Extreme Gradient Boosting (XGB) 7
IndiAaeiu Aa 4.65 uay 4.67 m/hr pnanau Tnendeavianisusaunausans muria A9
nwdsznaud 68 aziindinanurien i MAE dasgaazatlunnaiia Increments da3a

a
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4.2 Naé’wémﬂ?ﬂufuuuuﬁﬁshamul,a;ﬂu (Sliding Window Split) A84n15LLULANADY
AN €

lunasudsdayanisFaufunnudisieuiwden nanfinauinaesdoya
(increments) 114 5, 10, 15, 20, 50, 100, 200 4A% 500 AT lULLUA1A83519 LHwn
Random Forest (RF), Gradient Boosting (GB), Extreme Gradient Boosting (XGB),
Adaptive Boosting (AdaBoost), K-Nearest Neighbor (KNN) Lhaz Light Gradient Boosting
Machine (LGBM) Tagn1sinilsz@nsnan ﬁqmﬁﬁmwmmﬂﬁﬂﬁuyid (Mean Absolute
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Sliding Window split
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Wil 100, 200 A 500
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Continuous Learning VS. Sliding Window split
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AMNATNUIZNALN 69 LAAILLILANADY Extreme Gradient Boosting (XGB) Aldnng

Y 1% | = = | v A ai 1Y
wisdayauuuninsvuIuaaunas 5 uiae TaA1 MAE Naangauudayannaay
Usr@nSninnwnnzanaesAdnilsrdninisinanla (Coefficient of Determination, R? )
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5.1 @giluanisiae
5.2 anenanisiae

5.3 TRLAUD WL

5.1 #guan1san

£
a o A

lunisidailddayanisgaiatzuuungugnsaa (Exploration Well) Tagndaya
Volve oil field %frng:u 15/9-F 15, StatoilHydro (Norway-StatoilHydro-15_$47$_9-F-15) Y

doyariannn 2,701 una waz 10 pedNy Tadeinnendas laun

1. 8mM3IN19Lane (Rate of Penetration, ROP)

ANANTNIA A (Measure Depth, MD)

!
=

WUINNNARILUIALAE (Weight on Bit, WOB)
AM3170UUBINIIUNUIBANIWATE (Rotary Speed, RPM)
wseDa Ui (Surface Torque, T)

w3eAU e (Standpipe Pressure, SPP)

N o M e N

#m371n17 Wadneesriniaay (Mud Flow In, Q)
8. wminaeahlaauniean (Mud Weight out, MW, ,)
9. uuAudna1ereiag (Bit Diameter, Dy )

10. WununFnng luavauum (Total Flow Area, TFA)
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WD ANHILAIE LTI LI ULULA1A89N1338U5I891AT8S (Machine Learning)
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%
a o o Y

Use@ninn nanaidealiiiudndniudeyateil atiansulantissuIuaeu (Sliding
Window split) A98N19RNTUIA (increments) 189984 ALAN7] WAZHLLAIABIULLIIINNGH
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a o & o 1% A = ° o "y ¥
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1 (iteration) NALATUND RN VUL LA AD

¥
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ANUTULA mg@f': @mmuumm%uﬁu (Formation properties) (Ashrafi et al., 2019) (Gan et
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LUUA1ABILUUIINNGH (Ensemble models) 141 Extreme Gradient Boosting (XGB),
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N9RLAR LN UL AR ATINITIANY
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1 dl dl o v
mmmm@@u‘mmmﬂm

X - 3S, < residual <X +3Sy (12)
e
y AR ANNTYINUNg

A 1 a
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u
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2192 N LAANHANNTUTaULNANITUTEHIUHARNENUNUEININTUN TR A b
regularization techniques WBAILIANNIS overfitting 184111Aa f1i1mualy increment (n)
Winffu 5 waz parameters (m) Windiu 10 a1u190 1435019 optimization algorithm 111w
gradient descent 5411119911 linear regression WAAIAIANNIIN (13) WBUIA VDS

parameters Tne/ldgms Normal Equation UWAANAIANN9N (14)
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Linear regression model :
y=0,+0,%, +0,% +0,x+0,x, +.+0 X, (13)
Tned

X, 9 X, Aa daudlsidenasannuaniunisgniany

= 2 ! a Ry
0, 14 0_ Aa Awisdmafisaanismn

1
=

namAnIHmes 0 Nunzanngn -

9 = LINLAATURY parameters
X = Wn3ngaad features (nXm)

y = 1NLAATUAY target value (nX1)

nsAuIia NN TannA1aeInIlmes O MYl regression model HAauidn

o Y dlddl 3.’/ o ' dgl o | o o Y |dl 1 (=3
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naw
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290 I3 IULLILA1AB9T89NNIINUNLNITYALANZUGNANTIAULILINATIA3 (Real Time)
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