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Received Abstract

10 October 2023 Various studies have used decline curve analysis (DCA) to predict shale gas production, with recent

Final version Received proposals focusing on artificial intelligence-based machine learning techniques. Future production is

16 November 2023 generally predicted using production history as input data, but few studies have examined how to
improve predictive performance by processing specific data from given data. This study used Long

Accepted Short-Term Memory (LSTM) neural networks to predict the production of shale gas, and predictive

27 December 2023 performance was improved by extracting and using decline characteristics to reflect the decline trend

of shale gas. Future predictions of shale gas production based on Long Short-Term Memory neural
networks can be improved by processing data on decline characteristics from production history and
using them as input data.
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N7k A os mdlo) Aeids Rt &
N OB

Q0.2 §- 7k A o2 Alo] TR T AR
E| A B A H(Decline Curve Analysis, DCA)2 17 9]
Akl 2 (production history) & HFE-0. 2 ul 4] 417 A)
Ak of|Z0] 715531tk o] o] UTH(Li er al., 2020). DCA
714 % 9] SS9 Arps(1945) BAHAE HAY
F--5(Boundary Dominated Flow, BDF)& 715l %
717k] Mol 45 (ransient flow)o] WAISH= Ao A 52

=2
i)
ofo
e

7Ae- RAERI A A A =EE 5 9
th(Kanfar and Wattenbarger, 2012; Paryani ef al., 2016;
Tan et al., 2018). ©]+= A7} (shale gas) 7} 25 #5F
2ol utA el -+ 7k AR gy fA R =TT ot
%A (hydraulic fracturing) S 58] AJAlo] 0] F0 X,
A4t 7)ol = 7F2 0] A4 E A RFo] LA UrehbR|RE A
4to] A& of what A AbeFe) ZE|go] |- AobA|aL &
712¥0] Holf-so] 'WAsL7| wiEoltH(Kim et al., 2014;
Luo and Su, 2022). 0|2} Z-&- 4% EAJ O 2 Qlslo] A|Y
Aol theh Ak oS Al Arps A AlS 2851710
ol o] EAfgtct. olo| Wt MY AF32 BAELS
18J3}7] 9J5te] Power Law Exponential Decline(PLE),
Stretched Exponential Production Decline(SEPD), Duong
method 5-2] DCA 7] o] AQt=]tkllk ez al., 2008; Valko
and Lee, 2010; Duong, 2011). 18y A F5 EA T} =%
sha) A7, A1 FE B 2 GEEA oo ol
8 7o wheh Al Sk, Thas o Z51s A7} Lie}
%THHan, 2018).

ol FAE H&str] ko] 2000 o] = 3
T8 Adsol g wet dFAE 7R mAley
(machine learning) 7| -8 E3 | 2-& F2LHo] o
FEQoH, thefe] AARS v O B2 BRI 2418 £

Ul £ER1A} 1 BAS BARE 4 9l EIgie. oleh 2
e R EER DEEE L PR S

)
H=2

o]-3- A1 A (Artificial Neural Networks, ANN), A]3Z
E 9lE] HAl(Support Vector Machine, SVM), S 325
2~E(Random Forest, RF) 52 7|9F0 & Q7|9 &=
7} % (Estimated Ultimate Recovery, EUR) = £ A
7 o] =2 A AFEK cumulative production)S o &3H= AL
7} 2180 % v} QJtiLuo et al., 2019; Wang et al., 2019; Oh
etal.,2021; Shin et al., 2021). Z|2of| = A|7to] w2 AL
Fo| F2015 A58 Q) AlAIE Abm Aol f-835F <
BFA1 A (Recurrent Neural Networks, RNN) 7]4HFS] 2]
J(deep learning) o] -§E| L It} FHofl= Dt 2
O] RNNS B0 & Ak | So] =3 =] ¢l o, AA|E
27} Aoy of whe) 71-87] 44)(gradient vanishing) &

g 716 A EEA

pI=)
l

&g A+ 505

\o
>

A7} dhAysto] 7143 of| Zol| §HAI7F Bt o]of &
71719-& BEFPo 2 M of|£0] R E JfAE 5= Qe
Aet7]1719(Long Short-Term Memory, LSTM)-& 7|12
B2 QA A E5rdS dsty] 93k A7t gs] 213
T3 Qith(Lee et al., 2019; Song et al., 2020; Li et al.,
2020; Kocoglu et al., 2021; Lee et al., 2022).

Lee et al.(2019)2 R AT shut-in) 7|7k AJAto| 22
A &Jsto] Ak A= E 71s-staL ABikst 71709 ool
dfet AR ARE W0l SEH WS Atse.
B, AR 7S 27} QIR E ol 8o 2 A oS
LAE =Y & Uo= HOBFATE Song er al.(2020)>
LSTMof| 6 47t AYAFET} 23 Afo] Z(choke size)E Y€
sto] A Z2E EEohs WAE A8st9on, A5 A
AFke Tehe 1719 o) Z 04 QAR o] g3ko 2
717k BArEE AISsHTh £ ANN, @<= RNN,
Arps HyperbolicZ} LSTM 9] of| &2 1}E H|u5lo] LSTM
ol A A= dSETE =5 4 U Fsglch
Li et al.(2020)-& LSTM 5-2] RNN-g- 0]-831 A7|7+e] A
R YA of| Z A A AtolE] Qlof e AAET 71 7E, 23 A
o=, 71 ¢ (tubing pressure) 5] ik d x2S
7t& o]-&ste] dSndl o) J5-S =Y & UeS st
Atk Kocoglu et al.(2021)-2-LSTM, Bi-directional LSTM
(Bi-LSTM), Gated Recurrent Unit(GRU)Q} 22 t}okst
RNN 715+e] mES- o]-§-5to] Ak 7] 247047k MY
7} AAYRFS ko 2 0] 25-647] 2o] Tt 371 7b)
AAFES ol 28 4= 18- SR1B1 9T Lee er al,(2022)&
6, 127h0) A7k Attolelgbo] ol 79 Arps
Hyperbolic Z|-& A] Z}E| X|9>(decline exponent) 7} 242
el B Rl A EA7 & E = A7 2 o
st o, tRlo.E LSTM 7]ut o5 mae: 283}l
A o 20] 715 RHS Tletellrk. i, Ato| 2 of
851 LSTM ez Al a9k 27, 43
oh 914 5)% YRR shs ANN BEE Agst
AEQ1 AR 0] S whelgo s A7k Ak
ol mele] 318 AT 4 &S SHelshelch et
A Q1G-S =R ol A 7 YR R 2 283k A3 AREAQ)
A= Azt whet Hatohe A 7HE J = Ee T E
A& ALl o Algka ol

O|FZLSTM S &8-3H 7|29 oM = ASd +
5 A, 2 AatolguhS QYRR R o] 8-5fo] Al
ASAU BARZ G2 AE AAIE AL FE| 2 o] vE
g5te] |2 =8 J A5 A} ST 18U Lee et al.
(2019)1} o] Froi Xl Aatol g & 7hgsto] ER AaE
TSl ol YEAER 285t di&nd ) s A
StaA} Bl At FET AdSolnt whaka] FolZ AR
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7 AgkA olet sl et SR R E Bojlf g tRRE
-85k Aol wet AtrE Fashekal & 4= Qi o]
Aol A= Lee e al.(2022) 9] A1 S 2hg-5to] At
o] kS 0] 8-5H=LSTM 7]5}9] o] & el-g L25)11 &Y
ARFE| A o] FASH| Urehs Al97EAS0) AT E
S5 Astolg o R E 25 9 YA R vhdsto] 7
B EAS YT 4= Y= LSTM BAS 155117} gt
o] o7l 314 0 2= AR E| 5/ 0]-8-51¢] LSTM
715 S o 455 Z)Adskarat gt

A ox
ox ﬂ.l[O

o719 HMBULSTM)

Alzto] whet §3)ete ik 9 A4bA S 55
A= Fed el %<2 RNN 7|Hke] welo] g2 o
= 8857 QltiLee er al., 2019; Song et al., 2020). RNN
2 oA A RS HESIL TS A F 08 T HH
SO 2N A EES O E AAY A= A
2] & o|Zof o] "L 7}A] 3L QK Graves et al., 2013; Alom
etal.,2019; Alakeely and Horne, 2020; Ji et al., 2021; Ng
etal.,2022). 11} T RNN-2 A A G 9] o7t dold
o 7]-&7] A EAZF UV, 2719 YEA BT} 57
9} A& Axte] At = §EF = x| grof sh5/d5 0] A5}
= EA7} dAstcH Alom et al., 2019; Ki et al., 2019;
Kocoglu et al., 2021). o|& R S}31A} Hochreiter and
Schmidhuber(1997)] 2J3j] LSTMo] A¢tE9lom, o]=
cell state, hidden state & F-3f] 0] 9] 715X & 7|95}
L A A o585 24 5te] RNNOJ A st 7]&7] 4
EAE s 25l tHJeon et al., 2019). E3L LSTM 2L
o183 A9l 0] A AY AR E AN a3
4 9101 DCAS} e Al 7I7ke] WAl o, 251 A}
o] ¥ls} 5 o) AAFEYZAE HHode 4= 9lek. LSTM &
e majo| ujet ol AR E ekl HHlE AR
0§ R AR Sl A 2 2ol Al AR A
£ qJelstel ok Aol Sfgshs sitel g el =)
+ many-to-one Y40 85|11 QIcK(Ki et al., 2019; Li et
al., 2020).

I xo

HIOIX|2t =|={5}

7|&oll= dAgh e 9 7HA Yol A o] EAE F5 8l
£ =E8h= AR E M (grid search), A7 1] glo] o
9] 3h& AR AAste] Elo] S Hrste] FaL
9] /d%5-& ol hyperparameter 23} 2| 2|3} = Ztohuf
= FZ-9] MM (random search)©| Z-8-%|o] 2kt} 8|4k
o]e} o v E-2 o] A1 = A ] FAS B o

Lo

o
Hi
ES
rio

al
[e)

o
o

A]

2] - ol&/\ﬂ

fas i=are)

1Sk 4= Q)= ARA A1 BEFE 4= 7)o Bl E B
2 A A A 0] 2] Ztth= 2A| 7} Yt Choi et al.,
2020). F|Zol= APAR AlZ v o2 ohs A A& A
Aoto] mabd o2 HAfE EET 4= = w0 A%t F
A3 L85 AL glom, AR 27} oA AY &
Halj A of whel 22317} E Q 3t hyperparameter 2] =7} 2
7ksto] 2|48l E ototstr] ol 2ol S wf AHe-E 4= 9l
= Aoz oA ¢JthKocoglu ef al., 2021).

Y Xtz x| A

o= ] AA7IA9] 9 AYAFA] 2l Marcellus Shale
20224 998 7202 w|ske] B U7 AT F
0F20%2 7] 23}1 QTHEIA, 2022). 35 4222 Penn-
sylvania, West Virginia, Ohio, New York ¢ 2F 140,000
ko] BlHjof A7 His}i glov], HFHow HEs
oF 2 kmo]| &5}l g X|ZFofl+= 500 Tcf(trillion cubic
feet) ol4Fe] LA EFo] EAJel Ao el Sk
(Engelder and Lash, 2008; Gihm et al., 2011). o] % & -2
Qo] HIQI/KAS A4 0 % AAISIIL 9o, tho] 4
AbA o] 9]12)3}aL Q)= Marcellus ShaleS- AL ThAF 2] o] o
= Atk

Enverus ] Drillinginfo& %3l Marcellus Shale % Penn-
sylvania Z0]] 173t H27kA 84| ARE B5aH9
tHFig. 1). o] Ao A= X of) AYAlEKinitial peak rate) S
AR 0. 5}0] A9 THE R o] el Alatole)
A7E G-857] f1oto] 2o A Y o] Hof| vt
KR0S RS ek 1487 2e] Aol
7|20 & vl g o] A Aol Wt FA A & v o= vkA]
Q) A o] AATFELE Telstelch ol Fa dhrso
AarA 3t ere] o] = T4 A 4K MBOE o]} E|of o]

0 100 200km
{ S

3¢ Gas Well

By
TN / NC

/"/ Marcellus Play Boundary

Fig. 1. Spatial distribution of acquired data for horizontal
shale gas wells in Pennsylvania.
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o] Aol A= A4 Hsdo] & AlY AFSe S48
17| fI5ke] thefRt A 5S shte) o] S5 A]
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# og] YAt ol 43t 4= QI LSTM Rdll-g &340
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£ 292 v dst 5] o] & sh5(1957) AAKR), (24
7 ), HIAEQOA YA) AR e Bakslol 2e-at
ek

MMO[ZIE 0|3 LSTM (8t MY7tA
MM OIS

LSTM ZE M7
o] Cﬂ—",’—oﬂlﬂh Lee et al.(2022)7} Zro] many-to-one -
Fitolel A7109) B ST 4 Sl LSTM
male sk shgickFig. 3). 3t Al B
FeA R R A AR %L%a}m Ay
23 04 7|7k0) RS QAR ool Teke
A9} e 22T 4 QES SHslglch HlA
LA S A IR ol ek ol
34 Ak 2 7174510l o
710] A o2 Al R ARE Hgolslom, olst
Fy o2 uhesto] 487 QA ) NS

i
mlo

£ T
_Il)l-

N
z

mg

>m9i

go & (m L Pv Lo

>~ rr
AN
_t
H“
i
g&
&
e
N
L
z

[¢)

N
=

32
T
OII

é
v o
i)

ol
ﬂ;
T
L
ol
rII
Iz
>, {
P
ol
=
.
rlo
L
)%
2
r o)

Gl

sk
=
=
=

Length of output =1

T

94

qe-3

r
Q-2 9e-1 Gr Ge+1 qr+a

Fig. 3. Illustration of the many-to-one method for the prediction of shale gas production (Lee et al., 2022).
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9L LSTM 59| =9} -2 el o] txzof] A3k wlj7iHA
=& hyperparameter2} 6}, of| S d] 15 A] Hd] o] 5}
Ft -2 ¥ hyperparameterof] whe} o] &/ 50 4olst
02 o5 d5S U3 4= e HAHE Zotof gt
ot oh=9] hyperparameter& -5-A| o] 4 5}3 73-9-oll=
B2 ATto] g1E Hnt o2} A FE 27 o) of &
o] &gt}

o] Aol A= Table 10f A 7| v o2 YR
hyperparameter& 115} Lee ef al.(2022)2] A9} &
o] 27| A EHHEE 153k Sk A3 Vo R =
5 NdE Tl HAY FEE YR wrFsiEA] A2
AT AL RS 28] E2R1 74 2715 AL
3}= Adaptive Moment Estimation(Adam)2- ©]-85}%.2
™, & 100 9] epoch7} =3 &= 2}7g of| A 203] €] epoch
7} X835 wjujc}0.12] learning rate drop factorS 2]-&-3}
o 712 SEEY 10%E 55 AT 2N 55
o] 5}-2 785}t

2 JLzof I3} hyperparameter 5 LSTM 39| 0=
1 gho] ZAHE4E mEY] S B, ARl
QAALS] 527} Z7ksto] Bhsol 2l AJZFo] 408 4 9le]
AA%E =5 AAslof gir}. 1e8)ar sk<5 I hyperpara-
meter % Dropout¥} L2 Regularization-2 of| & &l o] Ex}
L5 W50} v (overfitting) &] WS WA|slL oS
A58 FAE 4= QITH(Li ef al., 2022). wW2}A] Table 29|
et - 370 9] hyperparameterof] thet 22315 F-3ff 2

Table 1. Fixed hyperparameter of the LSTM model (Lee et al.,
2022)

=] -

Rl

Type Hyperparameter Value
Optimization method Adam
Max epoch 100
Mini batch size 19
Training Shuftle Every-epoch
Initial learning rate 0.01
Learning rate drop period 20
Learning rate drop factor 0.10

Table 2. Range of hyperparameter for optimization

Type Hyperparameter Min. Max.

UEA

=35FLSTM 9] 2-8-2 HHx|5}ar Z &3t Dropout¥} L2
Regularization {12 o|-&3HC 24 14§ 1510 LSTM

BUs TEs1 sk

o] GO HL AAIRF ol So] et H=e) me 7x
of Sh& R AL HEA 0 2 sforsh A Wo| Aot |25k
28515t o), &35 %t 2= 2 RMSE(Root Mean
Square Ertor) S A}§3191.0.01, o] 4] (1)3} 20| Lfehl
% 9l

RMSE= %;@?—yi}z )

o]7]A], 5= LSTM RS E35) =231 g o] of 23t
=, Sk ARkl s, v AR AT ne IS
o] & 3155 vehdich

S5 AR S U O & 1003] WHE 8H45-8 235k} FA]
of A% A= o] ti5te] RMSES #48ek= 24S 7]

N

o
-

© 2 2]& 9] hyperparameter S =&31% 0, 0|5 &g
of AH3HE oML FEFGh LSTM B L
= Lee er al.(2022)°] Aokt A3} o] AAD A&
(sequence input layer) ¥} LSTM <=, Dropout <, -4 &2
Z(fully connected layer), 3] & E3t &8Z0 2 JLAIS)
Sk

N

MAOHS 083 MM oIS W 2N

e R 1 B U
She 492 7Pgstel dlEn e Faskud o

aiu}. Leoer al.(2022)0] 233t A2} 7o) B A 0] -
SRR S &g TR gAate| 9 o] ol & aiest
o 122 A5l om, o|9} & At mE uigto 2 245t
% Z+ 9l o] hyperparameter+= Table 31} Zt}. H|AE A]
ol 1~127]d 9 Aitold S AR sk
A SR IS ASA 2 75k tha ol Soll A d=#}
22 285131 many-to-one B WHE SO 2 4] 487019
7HA| O] AYATEE ol &Skl

2| 43R 1270 L Q] LSTM RS 2-8-5}o] B A E AT

Table 3. Optimized hyperparameter of LSTM models (Lee et
al., 2022)

Type Hyperparameter Model
. Depth of LSTM layer with Depth of LSTM layer
Architecture 1 5 Archi 1
Dropout rehitecture with Dropout
. Dropout rate 0 1 . Dropout rate 0.0033
Training — p Training —
L2 Regularization value 107 1 L2 Regularization value 0.0053

= A58 A
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29 2% £4 Aol JA HAAE $Istel

RMSE2} MAPE(Mean Absolute Percentage Error) 52
o245 X 37t &85 31 itk Botchkarev, 2019). o8
A5zl e Hael 934 ojulshs RMSEL: A=)

A7)0 o2} A= Hol, d|lSskaiAt k= w5

5
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o °
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Fig. 4. Predictive performance of the test wells by initial
production rate: (a) RMSE; (b) MAPE.
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WVel A T AAEEY 2 BE A7 509
AL 91T AT Qo] LAE ABAOR olaf3t7]o]

£o]sltiDe Gooijer and Hyndman, 2006; Ochella and
Shafiee, 2021). 4] (2)9} Zo] =&%+= MAPE= th=9]
Apzol| TRk Pt LS oJu|skn, RMSESRF &2 A=
o] 27]of eEHo]4] Qo B R T AR Ei mely}
9] Q8- v W3t Lo &85} 9tHOchella and
Shafiee, 2021). wbA] o] Aol A= A4k o] 52 3o
ZFRMSESFMAPES =550 LSTM 22 9] o545
& shors}i sl

|y:'_yi
Yi

MAPE (%) = @Z

noi=1

2

7} A O] 7] AArFe] whE RMSEE Bl st le
o], A9k 02 27] gAkeko] A o] ule} RMSEZ} 57t
Sh= A aFe] Wb th(Fig. 4(a)). 1|2l MAPES 7|22
& oF15 MBOE 1|qte] 27] AArES 7HA] = A 5

Kol A i 0 & =2 MAPES 2 ¢ItKFig. 4(b)). 0|5
Ea] A o] AateFo] Ztof RMSE Q] gho] Altja o
27| Wb ke MAPE 217 2 A 4= 1S
apofstoiet. o] Y AARF AAEvhes A a e 283t
785 AR A7 o] whek of| 2 ol HARF EA SRR
71491 QIAZ FHggto 2 ZEA O R ojErdo] o

2 74 0 A AT 4 9 el Basie

MAZIE|SME T3 LSTM 718 MYtA
AR OlE

MAZIE|IEN 25

B A L5 YL T2
9]0 ARZFEIEA o] Tt AN S
aHlct LSTM melg upeko &
2 o2 A, Fig. 59} 2ol ¢l &4
3 = 4= ql50] gAto] 2 e

37] glate] Agatol 2
DEREER X LR
ho) APl T Al
ZexE7} T o2 5
F8 A9l 7] AArepe] 7

//—' Input data \ Output data
i=1 @ 4 4 4 s Gz o1 G e /
i=2 q2 q3 qs qs 92 9-1 9 Qi+1 Qes2
i=3 q3 q4 qs e 91 9¢  dev1 G2 Ge+3
Future

Fig. 5. An illustration of the iteration of LSTM model.
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Fig. 6. Features extracted from the production history.
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Fig. 7. A conceptual diagram of decline characteristics.

- A HA o Sof| AUt JHRRZ AME-Hrh= SHA 7 &
AEIck 3 Lee e al.(2022) 2] Ao As 1a]dlx] &
SHAE Al7bol whet HEteh= st AakEy, BARTE
3 5= HrgstaLA} sl

olof| 27| YiF AR E A &H 0 & oS rdlof whest
T UEE Aato]g o R EE] 27| Akt YAAIHE E
AArEFS] ztolof] et AR E F=E5to] A|AIYD FEIE o
S o] YRt 2 &85k} 6FGlTt Figs. 6, 73} o]
Aato| e o 2 HE| 7y A o] AIZFHE & 1 Eslr] ¢
slo] 27] AJAkek 712 Aol whet sk 717 ](slope)
of| T3t EAJ(Feature 1), Z7] AA=FO] 37|12 13}

A AAREEQ] Zjo)(difference)o]] et A X (Feature 2)
E 7 JEARY SEE AAselh g S92 A1-
ult} A5k AR EH APito| il Z2 AAY ARE
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Fig. 8. Structure of the LSTMpyy+pp.

Table 4. Additional input data and optimized hyperparameter
of LSTMPH+PD

Additional input data Feature 1 & 2

Depth of LSTM layer with Dropout 1
Dropout rate 0.0183
L2 Regularization value 0.0023
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Fig. 9. Prediction results of LSTMpy and LSTMpypp.
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Fig. 10. Comparison of the prediction performance of LSTMpy and LSTMpu.pp: (2) RMSE; (b) MAPE.
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Table 5. Comparison of prediction performance of LSTM models

Type of model

LSTMpy+pr

LSTMen (Lee et al., 2022) LSTMetsrp
Average 14.60 11.51 10.61
MAPE (%) Minimum 4.94 6.57 4.17
Median 12.04 11.20 9.40
Maximum 32.78 19.35 27.73
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