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Productivity Analysis Based on Key Factors of Oil Production
in Shale Formation using Machine Learning

Hyo-Jin Shin

Department of Ocean Energy & Resources Engineering

Graduate School of Korea Maritime & Ocean University

Abstract

Shale reservoirs, which exist in large-scale continuum, are heterogeneous and
have very low permeability, thus applying techniques such as horizontal drilling
and hydraulic fracturing for development is needed. As a result, it is difficult to
understand the flow mechanism, which limits the application of conventional
techniques. In the shale formation with high production variability, the production
behavior and estimated ultimate recovery is predicted based on multi-wells rather
than a single well. As data-driven analytics is being conducted to analyze various
and large amounts of data efficiently in the petroleum E&P industry, it can be
used to obtain data for production operations. Production-related factors include
native parameters, design parameters and dynamic parameters. An analysis of the
complex influence is needed for factors that do not exhibit uniform trends with
productivity. Therefore, it is necessary to understand the relationship between the
various factors and productivity, and the production characteristics of results
should be identified. In this study, machine learning was used to define key
factors of the shale formation, to analyze the production characteristics according

to the key factors and predict production in new wells based on the results of

X
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existing wells. For this purpose, the pre-processing was performed to extract data
with high priority from the limited field data of existing oil wells, and to remove
outlier and the normalized value per unit length. In order to identify the
dimensional reduction and the key factors of the acquired data, correlations were
analyzed, and principal component analysis depending on the input attributes was
performed to determine the true vertical depth of production well and the
fracturing design factor were the key factors in the study area. Based on this,
fuzzy cluster analysis, which represents the possibility of one individual to be
involved to several clusters, was applied to classify the data into three groups. As
an analysis result of production characteristics on the influence of design factors,
the group with high productivity had a narrow spacing, and a large amount of
injection proppant and fluid per lateral length when fracturing. It is believed that
optimal production will be possible under these field conditions of the group.
Using the results of group analyzing the existing wells, the classification algorithm
of machine learning was performed to predict group of the new wells. Limited
key factors were used to identify groups with different production characteristics.
In addition, the characteristics of each group were identified from the statistical
analysis to improve the reliability of new well productivity prediction, and
probabilistic inputs were derived to consider the uncertainty of the input factors.
Using these values, the artificial neural network was constructed with the true
vertical depth, fracturing design and decline curve factor as input attributes, and
the cumulative production was predicted at the beginning of production and four
years. The productivity prediction for the existing and new shale horizontal wells
suggested in this study are applicable to new data based on machine learning
through trial and error, and could be used even with the limited data among the
inclusive data. As shale formation development can be performed without the time
and cost loss for additional data acquisition, it could be possible to obtain the data

for production operations from database.

KEY WORDS: Shale Formation; Key Factors; Production Characteristics; Productivity
Prediction; Machine Learning
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(b) EIA definitions mapped to PRMS

Fig. 11 Flow chart and generalized division of resource
and reserve categories (Dong et al., 2013)
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Table 1 Tools used to estimate reserves (Rezaee, 2015)

Method Conventional reservoir Unconventional reservoir
Analogy » (Can be applied in both conventional and unconventional assets
Volumetric e Accurate in blanket e Used only when no wells have
method reservoir been drilled
. e Accurate in depletion » Should never be used

Material _ _

drive reservoir e Average pressure cannot be
balance

measured accurately

» Hyperbolic (small b) or
exponential decline
usually accurate

Decline curve

Must use hyperbolic decline:

CBM: b=0-0.5

Shale and tight gas:

b may be larger than 1
Use best fit “b” until

analysis predetermined minimum decline rate
reached, then impose exponential
decline
e Set “b” to proper
“terminal value”
Reservoir . . . o
_ _ » Used to simulate field » Used to simulate individual wells
simulation

12
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Table 2 Flow rate decline analysis (Lacayo, 2013)

Decline Curve Analysis Rate Transient Analysis
e Production rate only e Production rate and flowing pressures
» Using historical trends to predict » Based on physics, not empirical
future » Reservoir signal extraction and
» Empirical (curve fitting) characterization
e Based on analogy e Deliverables:
» Deliverables: OOIP/OGIP and skin
Production forecast Drainage area and shape
Recoverable reserves under current Production optimization screening
conditions Infill potential

OQIP : Original Oil in Place
OGIP : Original Gas in Place
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B ARZRE ARE L 7YY
(o= ]
-

Agol AM FF Y

[e) =, = 2~
A, BEFE =Y + Jd+= RTA=
T 7O %

(flow regime)& FE3}ojof dt} &

o|F ¥ (Bilinear)&, A& (Linean &, 784 ¥ F-5(Boundary-Dominate

BDP) e 2 R AW, Fig. 129} Zo] vepd & At o]s4E & A& F
L

79 AET 9 ot F2 9P

ol

o
|
)
Z

AL Zol tigk B4 A] 7]&9] RTAo| #4 FWAH(fracture surface area)oll
g ARE Frtstd A8 Z(accuracy)E FIAZ 4 o, Wattenbarger
et al.(1998) <jal AtE "ol Ui o® ALLHAT ol A HEE
A3t #+¢E :‘EHHE FH(straight line)S o|&3td FAHT 4 Ao HITol=
Table 33 o] A £A Al SHGtress)el &2 A(matrix) 9]
FAFAREE st FAH EAHo] AFFHATKSoni et al, 2017).

(
AR 5 Bl Bad 9H WS

Bilinear or linear flow

Early radial/elliptical flow Compound formation linear flow

Fig. 12 Flow regime in multi-fractured horizontal wells (Lacayo, 2013)
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Table 3 Comparison of the original and modified RTA methods

Wattenbarger et al.(1998) Modified by Soni et al.(2017)

1 kh[m(pi)_m(pwf)] mfh[mk(pi)_mk(pwf)]
ap 1424¢, T 2236, LT

y 0.00633 k 0.00633 k

P (¢M0t)i$?f ¢¢L2 v
m(p) 2/pidp 2/“%1? i
mk(p) pnzﬂ pbzp’

t t k

time / —dt

Lap 0 MG
M), 3154 T 1 3154 T 1
my :th (gbpct)i Am(p)\/? :th \/a Amk(p)

A f 1261.2 T 1 n f 1261.2 7T 1
rac ep / ’ / ’ ep : n
F Y (¢Mct )1 k mcpAm(p) ! mcp V ¢z Amk (p)

Ap.q : total fracture surface area [acre] or [ft?]

¢ . total compressibility of the shale formation [1/psial
Jep . slope correction factor

h : net formation thickness [ft]

k . constant shale matrix permeability [md]

k, . dynamic shale matrix permeability [md]

L . lateral length [ft]

m(p) : real gas pseudo-pressure at pressure p [psia’/cp]
m,,(p) : real gas pseudo-pressure with dynamic permeability [md psia®/cp]
mg,  : slope of 1/q, vs./t plot [D"*/Mscf]

P . reservoir pressure [psial

Puf . bottom-hole flowing pressure [psial
dp . dimensionless flow rate

4y . gas flow rate [Mscf/d]

T . absolute temperature [R]

tap . real gas pseudo-time [md psia D/cp]
tp : dimensionless time

x; . fracture half-length [ft]

z : gas deviation factor

L : gas viscosity [cp]

b . porosity [fraction]
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DCAE  AJ4teF(production rate) AERHE  o]&3te] A TE AFS
vefstal Aabds ASshe WHelH, 4 FHe =2 WHEyE ASHA
Fes A HAHoR Wlels AAEFS ARTS =
oz 9ihextrapolation) e FEIE AHAdY S YA 9

o Foll maHo R o]gd 4 YTk

- 7b2A A = A dutzlo g 383E Arps(1945) WA 21-S Table
49} Fow, ZrEA|4(decline exponent)e] wEl A3
A28k (hyperbolic), #3}3+<=(harmonic)®] A 71A WHo=wE FEI <
Utk AFdrdor FEEE E4L 4 49 AR & 2l
AFsoA vUeun, wWAdFs HA4LBI7ME = ol AFFolu FFH
olg3t HEZI Fasitg =34y AEHEA
AL GAY tes Y Aabv A Y S(water drive) 0.2 A AR = A F{FFNA
DALY kAl EAL ol tHKIGAM, 2002). A=A 3t4= =2 ufl-f(gravity
drainage)ell oJs AAE= AF{FIToAA 53| wWol wAHJSH, o
AukRQl MFAYde ZAEASIE 0~0.7 BE 7IAY 1R & e
T e Y AFRToAAE AATTE &85t ol& HebstaA Modified
Hyperbolic(Seshadri and Matter, 2010), LGM(Clark et al., 2011), Modified
SEPD(Yu et al, 2013), DuongUoshi and Lee, 2013) %S9 thekgt 7)o
A = AT

uSL

“~(exponential),

J8y @Al AY AFSY AAATES dSstr] 98] Arps B A S
R ALgs, 7] A AFek(initial production rate)®} % 7]7}E &(initial decline
rate)o] =i Ho|fF Fxlo] AoXERE ZEAF o] 1& ZHeA Ho

FEFE B WAL A e ASE wIsA RaE @A)

AT olg® ZEIAAA F 2/|REES @o] AWFE 2744
FE7 343 Lojun, AHAF e ALLE FuR Ao APLSE

kA sl A erts M eKFig. 13).
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Table 4 Arps equation

Case b-value Rate relation Cumulative relation
Exponential b=0 g, ~gqiexp(— D;t) N, = ¢;D;[1—exp(— Dyt)]
q; q;

Hyperbolic 0<b<1

_ _ _ F)1—1/b
“ T e Ny (1—b)Di[1 (1+6Dit) ]

q; q;

Harmonic b=1 %= [T+ bD1) N, = ) In(1+ D)
Beyond : : :
_ b=1 same as hyperbolic, used in shale reservoirs
Hyperbolic
b : decline exponent
D; : initial decline rate [%/month]
¢; : Initial production rate
q; : production rate at time ¢

Collection @ kmou
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- 0.1
-0.3
‘%.‘ 12 4 —0.5
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s ‘ D; relates with variation
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o
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D L] L] L] L] Ll
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(a) Initial decline rate
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- 1.5
13
12 t—1.1
——0.9
sk b relates with variation = ——0.7
of latter production rate ——0.5
—0.3

Gas Rate (MMcf/day)
(1]

Time (month)

(b) Decline exponent

Fig. 13 Variation of production behavior depending on Arps parameters
(Kang et al., 2017)
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ALdse FUIHE AE&Fdo=zH WA #ES F3 Alile] FHE=Z
Aubx o7 AL AlZF zube] W 4 Foke ZFEIX| U} 49 S UHRH, H
F o W o Zof 29 7Fog KA H = tHRezaee, 2015). o]= <13

5 o]-&3 MAF Az 7|Xtel| ot
HhFig. 14). =3+, Fig. 159+ #Zo] DCA 7|HE=Z Z}o]
(@)

WA A 270 FREAA e AT ARTS AET AP, AP

E 100
O
[=a]
g
i
=
9o
©
3 N AA
o rh= = | f i
= 6 mogths. b=2.0, EUR= 421 MBBLS | \/
5 12 months: b=1.9, EUR= 382 MBBLS ¥
24 months: b=1.1, EUR=317 MBBLS
10
03 04 05 06 07 08

Years

Fig. 14 Changing decline exponent in Arps hyperbolic (Kurtoglu et al., 2011)
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Fig. 15 Effect of increasing data in Pinedale horizontal wells production forecast
(Meyet et al., 2013)
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Fig. 16 Monte Carlo simulation (Kim et al., 2014)
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g4 dSHE AEshs DCAE ]8T A5 A4 z=7]9] #AHEC] Ax
FTiboll = Wstgo] 2 AdFolMe Y WEAH-e aEsty] o HokShin et
al, 2014). w2k DCA 2E& A FHEEZ 7|M<S Z8&stq Ad7tz9

2
o

a7 FAe A% A7 FFFHJAHKKIm et al, 2014), FH2 F
Atm, d=d A5 s disl AlaTREe 4oy AlFH AdEe] ot
&9 = 3F<(probability density function; PDF)¢] RoFo] d&}A|= 3| 2E1H
(histogram)s 2 -&3t7]ol= FA7F Aok ol FAHA} 7HES AAR oA
Xy EBEAHEESE EAMS+=  vlHHSZ(hon-parametric)  ®FHel AW T
sk(kernel density function)& ZA-&3t EHIIEE Als#old AHE Al
FE| =4 Tk AA EEF ofsiion, Amel EA4He WFI
E

£ &t F7HEe 8% vk AtkShin et al., 2017).

O

N

ot o
o
“

U
i
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A 3 A dolg 7|¥k EA4& o] L3 YA o=

3.1 HAAY 714

MAYe AneiE 54 =2gosd Uz dudE IP o
e oadgs 5 Al

PN
T
AHEE] oy, 7E Aoy WAl gl BT AY S A

1. Iteration for the best model

V

A

Fig. 17 Example of machine learning process
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Halgde 5o wel Fig. 183 o] FEHT. A =385 (supervised
=

learning)> 574 dPol dial AF 2 #HolEdabeDo] A= Y A=
Fd(data set)o] FoARA= AFE ZZIAL o] FRIFEH dHH Y9
BAE #FFskA Ao olHE WHde Fo AR e WFe
B S (classification)s}  FoZ  AEd  lE  A&EH S g =3=

S(unsupervised learning)> AHo] fle A5 g ol&ste] FH
W =o%e o' BAE Zolde WHelth. 1 F O T

= AE Atol9 #AE Zol FHIEt WU HE U

EEXE Zol= rdoly, o]4&X|(anomaly detection)E
HIAAZQL AHY  ARE Zolde "ol dth olfdx  HAdS
AN = A3E AEste ASs TFEste WHoE  A3EE
(reinforcement leaming)ol Jom, B F7ZHF o7 T
I THKim, 2017a).

JHT W F 54 HAe
glom, EAsug s Ao

A@Res)t Bastt =@, £
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Supervised Learning

Unsupervised Learning

I_*

v v
Classification Regression Clustering
Linear Regression,

|r Support Vector :
: Machines -

(
| K-Means,
I
1

SVR, GPR Fuzzy C-Means
™ S NN P g SRR i
| —— = Ensemble [ ; " |
! Discriminant Analysis : ! Method ! ! Hierarchical :
0 e N T = ¥ 4 S T M
I Nearest i Neural Ll Gaussian |
: Neighbor - Networks g Mixture ]

Fig. 18 Machine learning algorithm
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P43, AAF3Hstorage) FHl T 2L AV AT F Y. o) E
dsty] At Wy T A BYd 9@ ey r|Ed FA4 224 (principal
component analysis; PCA)o] d] Ar&EH 1 Jdonw, AdH 2lzte] ExAs
=P S HAERAA EAS F2 ¢ HAdd F Utk PCAE d¥He=
FHEAAZE gl dWHe| tiste #AVE e WEE AR A% FAF
dxto]m(Li and Han, 2017), E-o]at&sli(singular-value decomposition)E
ZIgto 2 oy 7FA] ¥k WSl el Aol o Fg As EAFOEN

N

Ede ALt AU=47F JhssiokFig. 19, =3, PR Fa%t
SHWHTE dsta AA As5 ths] rodte A=l wEt &AE B,
Z1EHo 2 A5 F4Hvariance)= 7HE o] B &S o9 gXHsubspace)=
zholul= 719 oltgt(Jolliffe, 2002). o]= A= A8} (orthogonalization)dl= Al
ZIMAE ARE WISy diEo] WHe 3 AAAATT 12 ARE AT

PCAE A Tdo =2 HJF5H e A= s 24 (DF o] 7]& A5

T4t dEE AAbeta, MER: e 37 S8 A @9 2L AfA

#3ll(eigenvalue decomposition)E FYIoh. I F I[FEE A7) SAGE
H H(eigenvectors)E WEsty AEE 1/ EH F

_lQl_
fralE o zg 9] WA (inner product)S T-3+A A}

S

S

cov(A) = LAA To AAT (1)
n—1
AAT=U0AUT (2)
A . data matrix
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A7M, Ax WZAHREe] FEA AP Ifgelm uHA it 09
Yom, TARe Y Ae] 7 wWyol IGehs BAS u@. U

7]
AW E7} FEA FE A4ATY DHFAEHE o] Fo| FHolt)h o]y B
He 3 2~EF wlH(history matching), ®A3} 34d(seismic interpretation)
I} ZAe oy Eopo] ALEHi JAtHChen et al, 2016). =3, 849

445 fdl AEE A Oigk PCA AAE FEANY 48 HE4=
83 4= uHLim et al, 1997; Yoo et al., 2009).

Fig. 19 Example of applying PCA (Dunn, 2019)
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312 HIA =3

g R kel BE FHY f5ol wEt AlSA o (hierarchical clustering) ¥t
H A&7 FH(non-hierarchical or partitional clustering®& 2 W= < ot
AZH v & T <ol BE #3o] e 64, HASE #32 +F 1

BEASoIY FH glo] A% wleld o2 =X H(Tan et al., 2005).

A2 THEHLE  fAZ AgziE #RoeE Foprle $HE
"W (agglomerative  or  bottom-up method)® =RE ARE shte FHd
&3ty 7PAste AR FXoE Ure By wR(divisive or top-down
method)e] Stk HIAIFTH I A= k-FA(centroid wF, 3 X|(fuzzy)
+3 59 =ZZEE]] 7]wHprototype-based), X 7]¥k(distribution-based),
W% 7|¥Hdensity-based), 1= Z]WH(graph-based)d] ¢arg]lFo] JtHTan et
al., 2005). &3 o] 3 WS Fig. 203 o] Z =4 (data point)e] s}o]

&3le st F#)2~H"H(hard clusteringd® z2+ =H ™ol F 7] o)A

H =0
Mo &£ £ Qe AZE ZF#2HYGoft  clustering 0. E
T8 7}V s st tHZaefferer, 2012).
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m (membership function)

A
1
0 » X
®© 0 0000000 0 0. ® 00000 o
A i B
(a) k-means (hard clustering)
m (membership function)
A
1
02 fF———————————- -
|
|
0 : > X
® © 0000000 0 o O cocee o
A B

(b) fuzzy c-means (soft clustering)

Fig. 20 Membership function for clustering of a one dimensional dataset
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dubAQl st FH2HEY dagFde AR e kT & AT & 4
-9 dE#e Asta Addd wE A4 JHAE kK T ostdY R
Wi ek= ol flom, oiskgte]l Hat(mean), FXHH(median) Sol okt
W] JHAL AZE Fy2HIPE e AAZ g8 ZHA &£
7}V A (possibility), &HE(probability)®Z F 3= FHA c-H, 7FAIQF &3

w8 Fol gtk WA FeiHIS kBEH AT shie XIAET B
o de] FHzEe ¥ F UEE FNAU2E YA, FeAL mde

shite] ZolEVE FH &£ HES AASEE £HY A7 HAY
AIIA FERAVE GFE FF BolstA &8 4 I (MathWorks, 2017).

L

olgigt wREA W F k-BoH} HA c-Fol tiste] A )F 2
D~(Dell Yt AT k-2 FATg7E HAart He &5 SARAY AA
AYE SAHste HAUE He HE A =HH, 24 A
T dEHEE ZAXEH goly &= XX AHE =T JhHFig.
2D. HA c-Bd 4L sue AATE oA o &

Z 92 FHA(ocal minimum) = <% (saddle point)ol]
Hales e 37 Yste] wEZ <l membership function®] E|o]lEES F&)
( o

7Ne 4o 2= & 3+ W ol H(Politecnico di Milano, 2003).

rlr
31"
v
lo
o
Jo
%

J= NN el el )

j=1li=1

O
<.

: center of cluster j

J : objective function

k . number of cluster

n : number of data

mgj) : ith of measured data of cluster j
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N C
szzzul?ll%—cjll? ;1< m< o )

2
)m (5)

= (6)

bt —uP|b < 0<e<t (7)

)
<.

: center of cluster j

: number of cluster

: objective function

. iteration steps

. any real number greater than 1

: number of data

: degree of membership of z; in the cluster j

S~ Q

=23 =

~
.
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! termination criterion
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- ~
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Fig. 21 Example of incorrect cluster analysis
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=2
37 &S A8t IRk BF/ dagFoE YAEA Eg(decision
discriminant analysis), 2% 28 3] H(logistic regression), o] H.
Hlo] Z(naive bayes), AXE ®¥E wALl(support vector machine; SVM),
FH 3 o] X(k-nearest neighbor; k-NN) 59| #Ho] low, 37 dagFol=
A¥(inear) 2 v (non-linear) 3)HAH, SVM I, 7FF-AQLYF ZEAM X~
3] #(gaussian process regression; GPR) So] it} thFsk &
S ARG fEAE RS AsE B4 ASEE 855

A Aol B asho.

<_r
=
o)

o
r <l
e
S
1

QA AA Ege= AZsteE FE(oot)ollA ol#lZ g Z(leaf) =E71A E
JAFEA S wW= o2 SHE d=sy, T4

S &
FeAl(weights)7h 2R 8E 2428 H7AE & FHAAL Sk ol &
5 3

N

2
FES d3¢ F e B JHEH, G R Q) durz oz o)X
BR EAY AFHoer L3I GPR Rde AL Sk W gk o =0
7Hsd Bl Z4Z(non-parametric) Z@olH, It B4 EofoaA EFA Aol
Ne A+ HIts flel @y ARg® o (MathWorks, 2017).

HEEA L JFAIE BEE Ve R BEAO A AFE Fol AEE
Lo, AMELE A5 R/ HEste SFH2 dolEs AT ARE
HFE FESE A4S 2AY gdFd FHo BE 4 9lon, Fig 229 22
ZAg-ole A% 2 2xk4(quadratic line)e] Ax7l Fdsitty & 4 Aok =3,
WHEAL M A £XE W21 OF W A %Eéol 20 M4 E
7HA Y, dutd oz BRI NE A A HAR &8st= Wi oltiHarwood and
Wipat, 2012).

34

Collection @ kmou



Quadratic
Y Linear

Fig. 22 Data classification using discriminant analysis
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kK-NN& 22 ZAs yoa Hodre] 7L 7|btogw AAE W3y,
AZ 7b7tel 9= AA7E H=IO=E A s A (), (9 e
28 S(euclidean), ZAFRI(cosine) 52 A7t AHg-dhFig. 23). A5 MF
golEe AASE 71 7tde nmdad Fxloln, EX(voting) WAUZS

7he] Q1 #olEo] A4 = HCunningham and Delany,

Zlvto 2 7} 7Hbe k

2007).

N
d(:cl-,:cj) = |lz;—x; || = \/2(37@,1_37]',1)2 (®)
=1

(9)

d(:l?l-,:cj) = COS(Q?) —1— % H x; Z;

Pl sl

d . distance
0" © the angle between z; and z;

2 BAe Ade mgos

UolH wjo]zx EF7|(classifien= 7€ &
sl o] ti(Theodoridi and

=~
sl 9 AT AgHI e BE Fuds T

Koutroumbas, 2008). o]+= 2] 103} #L =Hd{E &

Jos 3 U A2 e 5350 5 =gzjoleke 714 ol
B4 sdT A2e Art B4 2R £¥ M e G5 Ao
TH& BRshH, AL 9o FH A5E ERUF sbeste Ast 580 e
e 7HA L A

PXIY)= PXo ¥) (10)

P(Y)

P . probability

X . dependent event

Y . dependent event
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-2 -1 0 1 2 3
(b) Cosine
Fig. 23 Illustrative example of distance (Angelov and Gu, 2019)
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SVMe & Id B FE3de °E 4R AR FEske
z%d(hyperplane)= Ztotrd AZE E/FstH, 7 77k 4 ®"olA A7t
AUl =34 F99 F9Yd AW vi(maximum margin)el wek Ao
A8=7t 2epdoiFig. 24). HIAZEAHJ] Aeole AE WH¥= AR
AU e F Ase Y Adoem WSS AHEsH, dubzo=
AH8-3F= 7199l polynomial®} gaussian radial basis functionoll ™3] 4 (113}

(12)o] JebiAtHAngelov and Gu, 2019).
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Fig. 24 Example of separating class using SVM (Crowley, 2016)
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K(rpz)=(z]z,+1)  , i,j=12..,K (11)

i~
B 2 .. (12)
K(:CZ‘?:E]) € 20 5 1,] — 1,2,...,K
K . kernel
] symmetric matrix of
o . standard deviation

N
_T -

y=a,+ Eaja:j =xa ,x= [1,x1,:c2,...,xN]T , 4= [ao,al,aQ,...,aN]T (13)

j=1

_T_ _ J—
a=(z z) 'zy (14)
N . number of data
T : matrix of input vector
Y > output
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ANNLS 2 AA 9} HESHH Feheurone FALHES 2utste] AAMZE
kel 4 d4d #A=E Yehd AHolw, 4¥Z(nput layer), 24 3(hidden
B Z(ouput layen2 TFAEHFig. 25). 4 (15 #Zo] AAAEE

layer), = ==
3N 71 SE5S FastA =, @43} F(activation function)®] &<l
gt Rl o] gebd ¢ Ak
Flow at data
>
: »
ﬁf ................
1 ] 1 I J 1 ]
Input Layer Hidden Layers Output Layer
Fig. 25 Typical neural network representation of neuron
ad=c(Wid '+1b) (15)
al : the neurons in layer i
@'~ '  the neurons in layer i—1
b’ . the bias vector
W' : the weight matrix for each layer i
o . the activation function
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248 FoE BEAO

[ Ry

gaussian,
2lom, binary functione @24 E=&=
7bedol dARERTG FHe -5
AAA BTG AAY Zs o
263 22 FHE G4

(¢}
YLHGE 03} 14ko] 9

Z binary, linear, rectified linear, sigmoid,
hyperbolic tangent functiono] F=73 9
ol drE YH Feo

2o (olx
2 7tk Aamo=

e
1

Fi
= HAY A% Pl ofma
WoE W3

) ol

oQ

0 X
Fig. 26 The sigmoid function defined (Kim, 2017b)
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= Fox Aol wWE HFEAY ARH oIt HER
WA, tfEA<Ql »d &  Perceptron, Hopfield, <&/

(backpropagation) S5©] Ut T+ A H]%=d YHHYEHE L Zgoz
SLHEE AAYEE A5, Kohonenel 734 385(competitive learning),

Grossberg®] ART(adaptive resonance theory) =4 o] At}

ol#]gk ANN2 wFHzte] dAZAAE=E WA= SFEAAS T

A5 7F kdekA] &ot= el g vHdPH o2 YU EF
Nom, B FY ARE WE A Yo HEE AT 4 UArHErtekin and
Silpngarmlers, 2005). T3k, 35S 53 ABAEE ZAFToZH AR A2 o]

2]
2dy, RdS AEFHoz dUHoE He A, 9 AR dr)A w2
HEol e ¢ Ae A5 T & sttt
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3.2 A A4 #E AR

Rod

of| A 2] A+ of ogk FEFolAY Fdas HA 9
Heth olgld s AF AR wet AAAEAE #H e

A= 3)(simulated  reservoir  volume; SRV)7}  #FABHA A EXA
PAY mld o] Y = AT ol#d #EY #AHES HS
micro-seismice &8st MY AFSTS EUEHZE Fo=2XN 5" I93%
I8A E3 998 T A Grechka et al, 2018), micro-seismic A&, A4k
7 Z(production logging), °lu]A] 7 Z(image logging), tracer testE A}8-3}e
7Y EAFE 3 4+ JotHerz et al, 2017). L&} o] HHL A=
HAS  HEo]l HHAAY HBRIF HE Y ELA(fracture network) ol A
HHpplanan®] 4 stUE /NEH g 2Fg ol glo] 28] #1332 o]tk Baek
et al., 2019).

rlo
olNl
J[m
o,

|

k

(A
ol

/\g A

R

S

A

ook
flo

i
ofj

i
Ol

R
o l‘:Ll

w2t A Fig. 273 o] AdF9 A4k #HS dAF A5 E Q9 on,
theksl QlxlEo] E=ASTh. WA ‘Native Parameters’ o= A2 9%,
F40lE <oust= A4 Zdol(measured depth; MD), AAFA  Zol(true

vertical depth; TVD), W& T3 AFF SAd(matrix porosity, matrix

ok

permeability, net thickness, water saturation, total organic carbon etc), &3g+&
= (bulk modulus, shear modulus, poisson’ s ratio, minimum horizontal stress
etc)o] =E3tHATE  ‘Design Parameters’ ol A=H % Zol(stimulated
lateral length), <¢3a] A S(stages), A  IHZ(spacing) S
AL Awell completion) 849 Z2AE 2D FA49 4 FY 48 9
A A (well stimulation) &4¢ o] =4 7153 <Ay E=3hAY a8a
AN Zre| wE Y4k HEle)] thd @4 E X338 ‘Dynamic Parameters’ ol &
ik, 4 A, T EE 5 AR dEE ARV 23E O

H

rJ

43
Collection @ kmou



\ 4 v v v L 4
Well Reservoir Geomechanical Completion Stimulation Production
Information Characteristics Properties Design Design Information

i’ f

Stimulated | Avg.ni. 1! Production
1 | 1
1 1

]
. ” - 1
Easting M Lateral Length (ft) i Pressure (psi) at time t
_____________ / O PR, o g W il O B s e i e Rl i e i B o T O .
g ' ,’________. _____ Vgl e e ) ———— Bt O o
| Northin b Matrix b Shear '} TotalNo.of ! | Avg.Breakdown ! | Cum.Production !
! g i | Permeabilty 1 | Modulus ) | Stages It Pressure i ! attime t |
_____________ / e o i e e s e i e ey o S . BN PP, PR PRSI IS
P ogmme e D vouis BN MR W - = W {7 Production |
! MD (ft) ! | Net Thickness (ft): i Modills ! | Cluster Spacing ! I Fluid Vol. (bbl) ! ! g !
b 7 | ’ [ it U E— F Lo SRS 7 O 1w 0 T L ]
FREE SR R § e e T S e T i, R il | N e e N 1
| TVD (f) by Water oy Poisson’s I\ No. of Clusters E .r Total Proppant 1 | Cum. Production !
! ! | Saturation (%) 1 | Ratio ! ! per Stage T Inj. (Ib) i at time t-1 !
_______________________________________ e e —m—m——m—m—? N m e mmm e — - i e e e T e L

(" Deviaton 1l o 0§ Minkorzontal {1 Proppant | Decine |
L Type i TOC (%) i ! Stress i ! - A i per Stage (Ib) ! Rate/ Exponent
/ 4 4 4

Source: Modified Mohaghegh(2017) & He(2017)

Fig. 27 List of native, design and dynamic parameters in shale reservoir
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Z4d 7hss W] s AAQIAF F Lateral length®} Stage v
dHtdow F7lEFE AT B molXe dAde wHEstd AdSe
NEste] gkt Marcelluse} Eagle Forde]l 749 20081 @< 103] 4 20123
163] £ Stage = Z7MA1# 1, Bakkeng 2008 143)o|A4 20123 2732
345 E#HYMa and Holditch, 2016). 18y Fdaka] AA7E o] gz o=
o] Fo M= 7148 stel Fig. 283 o] Stage <ol wet #4 42 Hl&
S7hete g Ade g 3] A3 A77F FaE ook g

” . 600011
P -
E = "
5 : 5000ft
d W\
u . 4000ft
C N =
t
: i 30001t
o . °
n *
6 1[1 16 21
Stage count
(a) Production
s « . 6DOOft
. "= s000f
N
P .
\' ¢ 4000ft
L0 T 3000f
6 11 1-5 21
Stage count

(b) Net present value

Fig. 28 Impact of lateral length and stage count (Ma and Holditch, 2016)
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0.12
0.10
0.08
< 0.06
0.04
0 s
Matrix Natural Ma trix Natural Hydraulic  Hydraulic
Porosity Fracture Permeability Fracture FractureHalf Fracture
Porosity Permeability Length Spacing
Parameter
(a) Initial decline rate
0.32
0.28
0.24
0.20
< 0.16
0.12
0.08
0.04 I
0.00 |
Matrix Natural Matrix Natural Hydraulic  Hydraulic
Porosity Fracture Permeability Fracture FractureHalf Fracture
Porosity Permeability Length Spacing
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(b) Decline exponent

Fig. 29 Effect of reservoir and fracture conditions (Kang et al., 2017)
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a#y ol JAASS 24 A& 3te #AY Fig. 303 o] A
BA7L REREY, el dAe) BEH JFo As) Aol wska)
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2 ATolA FEsuA Bk
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Fig. 30 Cross plot of 30 days cumulative production in Marcellus shale
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(Mohaghegh et al., 2017)
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33 AF Ad £4

=
e
olNl

o] Aat AFoly AatFe] d&FS wA = AASe AF FHAAT
o

FRFEHEE dole M BN B AAE e IFL Tty ol E
G AN A5 AT/ PP Yok WA ARALR Y ALY
AFFe] B4 thstel ol HA gkob AW 2-3d Aole] 2o YL
T 5 Ut MAHYe BEetel B ATEe] FAHAt

olfgt AT FTFZHA HExEE 7|E9 Aol dste HE AAEAFO]
ofGA wvtE AJAXS} AMEL AA A AL oA 2 AF AwEd AFs
7FA 3L dupRkEe] Ay4kEFo] £ dSste Aotk siE HelAe
ALdSe Az EAS W9 Hilzids Tl AL dFS Fag AT
st EAstgen, olef #HAI} F8 &S Table 59 Table 69
A2l stAT

A LSl thsted 719 A ARE ntgo =z Z#o] ¥ A7 M1

Koew, wHol i AT HiAF FAHS Sl A A JAA T F8T
Aatel thE mote MFo=w Stk Li and Han2017)e AF{F=
AEFHOIAS ZIRtoE AdFT SEAF s AR 107FA I Aol
el PCAS st o, 2t FAE that AlgE vtgoE 771A Y Fa3
AAE ANN =dol Qg Ax=E 839t E8Fde= DCA T 3l
Logistic Growth ModelLGM)®¢] 37h¢] W& AXAIFHoH, EA 70% HF

15%, Bl2=E 15%= ANN =RdS S5AZ1 23 0.013 Mscf/day®] MSE(mean
squared erron®} 0.92¢] A¥#AS(correlation coefficient) S 7Fg o 2x A A
Ao tigk A &o] s Aor AT

He(2017)& AF5 B4, 4yl AAAA, AakaF Aol tis] Intelligent
Solution IncelA  7W&3  IMPROVE™S  &83e] Key Performance
Indicator(KPD) 3I}etstar o]& wlgFo=Z ANN =2E-& /Eso. 20719
AHF 5099 EUR #4S As) £ 80%, AF 10%, HAE 10%9 A8S
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SREMT FTEFS o8] AT AW URE UNHE ARE
Hgon], o|& Ea ALFe tetd ALF SAT fALA Axe] U@

Vyas et al.(2017)2 A4F AEE ol &3t 471 ¢ DCAE F3s5t% oM,
Ful

£2% ZEFNAAS EIRS $HAFE AL A4uw #dd 974
AAE Pstel b WAHY duelEe AP T DCA E

Ayl sl Bayesian Model Averaging(BMA)e}  Generalized Likehood
Uncertainty Estimation(GLUE)= % +3}3t A3 SEPDe] SVM A#rt 7+
A =7l =kow, dFAAe] whd Relative Influence®RDE T3 A}
¥, AAA Zo] o B YEyiT

o M

Bowie(2018)+= Maturity, Pad wells, Hydraulic fracture sizee} #H=H ¥ AR}
3 A#AASERE Varance  Inflation  Factor(VIDE A4+l
3 multicollinearity)= A #slstd o, o 2 oz AF 319, ANN

g5 Ay ANN mde] o= A=yl AAAS(coefficient of

determination) 0.93°2.2 7} =3k}

Mo & 2

Luo et al.(2018)2 AY3e] 54, T AARIA tiste] F@dAFTE
T3] AZ A e WFE fostHon, 54 AdYe 53 =&% §7HA
A AAE tgy 24YSy wHom pAHE AdF34AE] P d(deep
learning) = E <3l 28U B A4k A9t 29¥F 2wyt
mo muoox E3sly AAASVE 0612 UEbgT T3 wE o=
2ds g5ty AAEH Az} FASA ARV D do] T AL

FTEANA ALZ9  FA(thickness)7}
o

o 1
AT Stage 57h Wom AETL Pl A5 A F7)3
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sgo] e ojol sH, A4y ol BAGlOl BY BAFE AL WEA0
a7 Jeke AYzd o@ m#st Bast o ATdAE J1E Ao
et 15e BRetd Tg LS 3

1A stR o, 1S &85t

rJ

Elg=d

71E EA471H AL Aol AV ESAsta AL A fFE5 wAUSO]
ES4% AdSS Idurddd AFAdH 28 s AAJATT ALk
N X FEFE gofstodor ghoh. E=F, ALbE #1374 @Y Y A9
tEo] A= FA4d digk A4F dFo] dasith FHF S fF - 7k
7H4o| tig FFoE FuAFoA = AlFE Ry fFALE FAYE A
%2 fA(drilled but uncompleted wells; DUCs)e] Az F7tsles FAE
Hola low(Fig. 31), o] A-fol+ 489 AAY Zo] AE= SA3ch

olxH ALFTe AHRI} e MEL F4 O A A ¢
A ARE ngoz AFS Yyl Ak olek A#HS 7
H, JELE FAHIAAE 7&
21 3

qo) A A

::.F-f'-:z
N g2 3
o?éé}_;_]}
e ot
I o o o
e/ <P WA

~
NI
ot [
flo
2

d
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Table 5 Research on productivity prediction of existing wells in shale reservoir

Li & Han He Vyas et al Bowie Luo et al
(2017 (2017) (2017 (2018) (2018)
Basin Reservp ' Marcellus Eagle Ford Duvernay Bakken
simulation
Fluid Oil & Gas Gas Oil Oil Oll & Gas
Well Num. 100 100 120 262 2061
Linear
RF . Deep
Method [7A§)N3] [2(? 1;%\1 1] SVM 1\1}1?1%{ elflg Learning
MARS b [8 4x100 1]
ANN
7 20 9 21 8
* Permeability Total proppant  * Latitude « Azimuth * Total
* Porosity o Lateral length  * Longitude « TVD thickness
* Fracture « Stages « Initial prod. e Total  Norm.
width « MD * Total proppant proppant
* Fracture « Fracture proppant » Total fluid * Depth
Input half length clusters » Total fluid o Lateral * Porosity
* Fracture « Average * Stages length * Stages
conductivity pressure » Lateral e Avg. pump « Norm. fluid
pressure Northing * TVD of heel . gpacing spacing
« Formation « TOC « TVD « Stages » Water
temperature  « Azimuth heel-toe e Acid volume saturation
Ftc difference Ftc
DCA parameters Well
LGM & EUR performance 1 year
Output K, a, n) 20 years EUR (Arps, SEPD.  (individual well/ ngd:tC; Kén
Duong, Weibull) type curve) y stag
The points of  pyisp (for FLR) R ,
the actual and R
Results R redicted data 45,32,44,30(RE) 0.41(LR) 0.75(Training)
0.92 D e almost | A4BLA320GVM) 0.760Multi LR o
e al - (MARS) 0.93ANN) &
identical
ol
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wells
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7,000
6,000
5,000
4,000
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2,000
1,000
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Fig. 31 Monthly count of DUCs (EIA, 2019¢c)

Cao et al.(2016)2 3stute] ol i AdAE dZFe 93] ANN 2ds
Hgslgom, 71¥ A4bAgel ¢ Tubing Head Pressure(THP)9} A4k
A5E olgsiat. AMER #A8C dsids BHAe] fA, <A A
=, THP, A4F A5E A9t Axs
o, 44 0]%9] *@*Vv‘k A5 Arps, SEPD, Duong, Power law<]
DCAE #A&3 Aol nuEdsidd. 1 23 DCAE 8T 45 2A
kgt A EFE Aol oy, THPE o] &3te] &£43F ANN mde

ol
HI
2 4]1
_I_4
)
S
ol
x
X
o
i)
N

r
i
ol
s

Mohaghegh et al.(2017)2 dlol¥l 7|8ke] AdZo] AL 5 A+ Shale
Analyticse] MES EYstgerm, IMPROVE™ME &8sl Well Quality
AnalysisSctWQA)Z =383} Native @ Design Q1x}oll thsle] Aatekstol #A S
KPIZ 3otslddnh. o]& ANN RO ¥ AA=E 6/1€Y w3 AiFs

AstFom, 71& AL s 6% AREE HAT MEE F8 it
A d &g f8l 71Ee A4S Blind well2 788t om, 1 A3 77%9
A=} HF 12.9%9 A4S HYoh w3 AR Oig Fuka)
AR F& Tote Y3 EHIAERZ A EGoAY o= nde 85ty

E_
T
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Look-Back Analysise 33t o, &g A4kl disted HHsd a2
o

AARJMAE AANE o e P AL

Amr et al.(2018)& A4+ R A(producing location; PLs)™ =] AA4F = <(non
producing location; NPLs)oll thal A4HF o S5 98] B2 ¥ A5t o
Aol A5E SESIFTE o] W, A 71EQA Arps WA A =74 E &
EURS FA4staon, A 44 oizk AHE &8sk P10, P50, PI0<]
Type CurveE E=st3th AMdEF A5 fs ALs 54, T4
AR o tisl A7k 2500 ft o]3F 5 XA T 2
gastdon, Z7|ZHEE&3 EURE FAHE 4+ Ades HA
MEstA. 7 dauEES AEsg e, 11 5 Extreme gradient boosting
tree(xgbTree)e] EUR 9= AHZE+= PLs 93.27%, NPLs 76.74%= EFGT},
NPLsoll tigt A% s 93l Ho ARE FUlst EA48 o,
M =2 AT 6743%E EAES AdIFTY EA o8 AFT 58
A AE A5E & x ETetn AAetA 2 Ao digt 239

Bewst e otk

h - =

= AALA g =
A

gy 2Rds

getd o ATME £, FHel WwE 54 Wil 4T AAF A
A

AT A AR AR AT SAstER AAEA ] e 152 FEEF
JHFHS F83to AdE AEHozE 2L FAHNA BEFHUAES v
A d&5S F3staat 3o
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Table 6 Research on productivity prediction of new wells in shale reservoir

Mohaghegh et al.(2017) Amr et al.(2018)
Basin Marcellus DJ, Williston, Anadarko, Powder River
Fluid Oil & Gas Oil
Well Num. 128 713 (D))
Method ANN Extreme gradient boosting tree (xgbTree)
[9 15 1] (Best performing of 7 algorithms)
9 31
« TVD (ft) » Surface/Bottom latitude & longitude
* Net thickness (ft)  County
* Porosity (%) » Lateral length, Proppant per lateral
* TOC (%) *3, 6, 12 Cum. Qil
Input * Lateral length (ft) * Bulk volume, Thickness, Sy, Porosity
e Total No. of stage (net reservoir)
* No. of clusters per stage » Distance, Angle (neighbors)
e Fluid per lateral (bbl/ft) e Avg. 3, 6, 12 Cum. Oil (neighbors)
 Proppant per lateral e Avg. Bulk volume, Thickness, Sw,
(Ibs/ft) Porosity (neighbors)
Etc
Output 6 Months Cum. Aps (g, Dy, EUR)
(one for each parameter)
R? Accuracy(%) (for best case)
Results 0.96(Training) 97.31, 87.82, 93.27(PLs)
0.77(Blind) 81.89, 80.97, 76.74(NPLs)
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A 4R Nz AR F2AAE TLEF YASH B

41 T A9

Fig. 329} #Zo] wl= W &3t A4ko] o] FoX A+ AL Edel F
skl ‘Eagle Ford Shale” 2 10070 o]&¢ &7l =L Joh 8@
29L& 20.81 Tcfe] HAHA7F2<el 3.351 Bbble] o] BEEXO & ZHO=F
FA =, dry gas, wet gas, NGLs, gas condensate, crude oil3} Zo] t}haFsh
gol FAZE AstEnh Z9ge Austin Chalkelw, BAZoT ZLE

Fol2| 1 ML F&Fo] FUISTh S M YFS 50 miles®] HHIL}F H 250
fte] FA1S 7FA ™, 4,000~14,000 ft Alo]le] A=) ¢ X stctHJames, 2013).

AT Ade] AA A== Drillinglnfool Al AAPG geological province
Texas & Louisiana Gulf Coast Basin, % ¥ #Hoperator), A4+ 713+, 4 €42
717He FLA AASIF oW, oF 6071€ AakE 25070 ARE FHES)
o] AFelA+= Fig. 3304 2 A4kl FF o] F&= o] i AHJe=
Al d AMdEF ARE FEERen, Holy W &4

MathWorksAFe] MATLAB R2019b& Al-&-3} 31T

o q 8 rxg
i

e
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Monthly U.5. crude oil production (2004-2013) <P
million barrels per day Cla
13
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10

4] restof U.S

8

7 other U_S. tight oil
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Fig. 32 Monthly U.S. oil and gas production (EIA, 2019d)
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Fig. 34 Data pre-processing for machine learning
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Fig. 36 Production history in study area
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Table 7 List of input attributes in this study

Native Design Dynamic
e Surface latitude e Lateral length « NP IP
» Surface longitude » HF Stage * NP 6 Months
» Bottom hole latitude e Norm Spacing e NP 12 Months
e Bottom hole longitude * NV Proppant « NP 24 Months
* Measured depth (MD) e NV Fluid NP Q (Arps)
e True vertical depth (TVD) * D (Arps)
e Landing direction e b (Arps)
e Choke size
e County Number
e Well Elevation
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Fig. 40 Highly correlated input attributes
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Table 8 Results of PCA in Case 1

Attributes PC 1 PC 2 PC 3
County Num. 0.0724 0.0509 0.2144
Surface Latitude 0.2887 -0.3061 0.3049
Surface Longitude 0.3213 -0.3079 0.3361
Well Elevation (ft) -0.0669 0.1389 0.1378
Landing Direction (degree) 0.0053 0.0434 -0.0523
Measured Depth (ft) -0.0023 0.4124 0.4456
True Vertical Depth (ft) 0.2920 -0.1146 0.2904
Lateral Length (ft) -0.1610 0.4578 0.2973
HF Stage 0.1510 0.5206 0.0575
Norm Spacing (ft/stage) -0.4144 -0.1905 0.2951
NV Proppant (Ibs/ft) 0.3269 0.1816 -0.3031
NV Fluid (bbl/ft) 0.4102 0.1588 -0.2872
NP 6 (bbl/ft) 0.3758 -0.0168 0.0808
Choke Size 0.0411 0.1513 -0.0759
D; (Arps) -0.1248 -0.0685 -0.2429
b (Arps) -0.2534 -0.0405 -0.1382
Eigenvalue 3.2448 2.8752 1.9909
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Fig. 43 Scree plot of 16 attributes in Case 1
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Table 9 Results of PCA in Case 2

Attributes PC 1 PC 2 PC 3
Surface Latitude 0.2882 -0.3031 0.3510
Surface Longitude 0.3203 -0.3087 0.3715

Measured Depth (ft) -0.0042 0.4117 0.4525
True Vertical Depth (ft) 0.2914 -0.1363 0.2392
Lateral Length (ft) -0.1627 0.4710 0.3386
HF Stage 0.1510 0.5397 0.0983

Norm Spacing (ft/stage) -0.4170 -0.2035 0.2820
NV Proppant (Ibs/ft) 0.3314 0.1831 -0.3318
NV Fluid (bbl/ft) 0.4126 0.1679 -0.2847

NP 6 (bbl/ft) 0.3790 -0.0307 0.0900

D; (Arps) -0.1290 -0.0788 -0.2408

b (Arps) -0.2568 -0.0367 -0.1253

Eigenvalue 3.2167 2.7887 1.9383
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Fig. 44 Scree plot of 12 attributes in Case 2
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Table 10 Results of PCA in Case 3

Attributes PC1 PC 2 PC 3
Measured Depth (ft) 0.1593 0.5382 0.3643
True Vertical Depth (ft) 0.1574 -0.1589 0.7494
Lateral Length (ft) 0.0680 0.6279 -0.0454
HF Stage 0.4099 0.4297 -0.1305
Norm Spacing (ft/stage) -0.5103 0.1452 0.1781
NV Proppant (Ibs/ft) 0.4347 -0.1551 -0.1944
NV Fluid (bbl/ft) 0.4893 -0.1775 -0.1530
NP 6 (bbl/ft) 0.2974 -0.1719 0.4400
Eigenvalue 2.9033 2.4117 1.2711
100 : :
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80
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Fig. 45 Scree plot of 8 attributes in Case 3
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Table 11 Results of PCA in Case 4

Attributes PC 1 PC 2 PC 3
True Vertical Depth (ft) 0.1146 0.8905 0.3957
HF Stage 0.3921 -0.4446 0.7112
Norm Spacing (ft/stage) -0.5601 -0.0111 -0.0583
NV Proppant (Ibs/ft) 0.4803 0.0396 -0.5525
NV Fluid (bbl/ft) 0.5374 0.0876 -0.1702
Eigenvalue 2.6757 1.0705 0.6504
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PC1=0.1146 TVD + 0.3921 Stage — 0.5601 Spacing

+ 0.4803 NVP + 0.537T4 NVF (16)
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+0.0396 NVP + 0.0876 NVF
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Fig. 47 Visualization of PCs in 3D plot in Case 4
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Fig. 50 Convergence of objective functions in fuzzy c-means clustering

Table 12 Summary of fuzzy c-means clustering

Cluster 1 Cluster 2 Cluster 3
Test 1 74 50 96
Test 2 96 74 50
Test 3 74 50 96
Test 4 50 96 74
Test 5 74 50 96
Test 6 96 50 74
Test 7 50 96 74
Test 8 96 74 50
Test 9 50 96 74
Test 10 50 96 74
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Table 13 Mean value of key factors for each group

Attributes Cluster 1 Cluster 2 Cluster 3

True Vertical Depth (ft) 11760.16 11814.96 11335.57
HF Stage 20.76 14.88 14.84

Norm Spacing (ft/stage) 270.95 327.45 373.22
NV Proppant (Ibs/ft) 877.65 739.28 592.64
NV Fluid (bbl/ft) 18.49 14.98 12.57

Table 14 Mean value of production on the effect of key factors by group

Attributes Cluster 1 Cluster 2 Cluster 3
NP IP (bbl/ft) 4.18 3.85 2.83
NP 6 (bbl/ft) 15.19 13.20 10.15
NP 12 (bbl/ft) 21.77 18.80 14.48
NP 24 (bbl/ft) 28.44 24.94 19.71
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Fig. 55 Estimated production results of the total wells
using Arps hyperbolic with 12 months data
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Fig. 57 Relationship between NP 12 and NP 48 by group
Table 15 AAPE of estimated production results by group
Cluster 1 Cluster 2 Cluster 3
NP 6 vs. NP 48 9.72 % 12.02 % 12.60 %
NP 12 vs. NP 48 6.44 % 7.94 % 7.87 %
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Fig. 58 Box plot of key factors by group

95
Collection @ kmou



—Cluster 1 —Cluster 2 —Cluster 3

1
208 >08"
ol ol
3 3
006 006
o o
() ()
> =
© 04F T 04
- -
S S
= 3>
O 02 O 02
O 1 1 I I | 0 I I I L
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8
Normalized Qi Normalized Di
(a) Initial production rate (b) Initial decline rate
1
208/
f}
®©
o)
0 06
o
()]
=
F04r
>
S
=}
O 0.2
0 1 1 1 !
0 0.2 0.4 0.6 0.8 1

Normalized b
(c) Decline exponent

Fig. 59 Cumulative probability of DCA parameters by group
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Table 16 Probability value of DCA parameters by group

Cluster 1 Cluster 2 Cluster 3
P10 P50 P90 P10 P50 P90 P10 P50 P90
Initial production g0 g9c 497 199 9289 457 103 218 3.73
rate (bbl/ft/Month) ' ' ' ' ' : ' ' '
Initial decline rate 0.10 0.20 0.28 0.15 025 032 014 023 0.31
Decline exponent 025 059 088 033 0.68 099 049 073 102
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Table 17 Case study for input attributes

8 attributes 5 attributes 3 attributes
« TVD « TVD * Norm Spacing
» Lateral length » HF Stage * NV Proppant
» HF Stage * Norm Spacing * NV Fluid
* Norm Spacing * NV Proppant
* NV Proppant * NV Fluid
e NV Fluid
* NP IP
* NP 6
100
80 8
i b B
| -
S 60 ' g
: |
m
8 40 |
<
20
0

8 7 6 5 4 3
No. of Attributes

® Discriminant Analysis ~ Naive Bayes
= Support Vector Machine m K-Nearest Neighbor
Em Ensemble

Fig. 60 Accuracy for testing wells by methods
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Fig. 61 Accuracy for new wells by methods
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Fig. 62 Classification results of group by methods
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Fig. 63 Structure of ANN model in this study
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Fig. 64 Comparison of measured and predicted production for testing wells
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Fig. 65 Comparison of measured and predicted production for new wells
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