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ABSTRACT

A Study on the Machine Learning model for the

production trend forecast of oil and gas wells

Oh, Hyeon Teak
Advisor : Prof. Jang, Il Sik, Ph.D.

Department of Energy & Resource Engineering
Graduate School of Chosun University

Machine learning that is the core technology of the fourth industrial
revolution is widely used in various industry. In petroleum industry, there are a
lot of trials for wvarious analyse. Especially, many technologies are used for
forecasting decline trends and estimated ultimate recovery (EUR) such as
convolution neural network (CNN), recurrent neural network (RNN), random
forest, support vector machine (SVM) etc.

Prediction of production profile and EUR are important to make production
plan. One of methods to predict production profile and EUR is Arp’s decline
curve analysis (Arp’s DCA). However, when applying shale gas production data
to Arp's DCA which assumes decline exponent (b) is not over 1, there are
limits to reflect real production profile and EUR because the decline exponent of
shale gas 1s generally over 1. Therefore, in this study modified hyperbolic DCA
was used to calculate DCA parameters.

Data preprocessing has to be done before training a model. In this study,
wells were selected with the following criteria: over 60 month, same production
formation, gas production as the main fluid. Selected data was applied to

modified hyperbolic DCA to get DCA parameters such as decline rate (D)),

decline exponent (b) and EUR. Random forest models were trained using input

and output data set. Input data set for random forest consists of static data

- vii -
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such as reservoir properties, well completion, and initial 12 months production
rate. Output data set were EUR, decline rate, and decline exponent respectively.
After training random forest model, confidence interval were calculated using
predicted value to analyze uncertainty of the models. Also, cumulative

production profile and EUR can be calculated using predicted b and Z),. and

compared with real EUR.

From the result of this study, it was possible to predict DCA parameters for
estimation EUR of shale gas wells and to estimate EUR using predicted DCA
parameters. It 1s expected that more reliable result can be obtained by
improving input data. The results in this study it can be used as the basis for

developing EUR prediction model with the production profile.

— viii —
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Figure 2.5 Scheme of Support Vector Machine (73314~ 2019).
MEE WE HAl 39 R4 V& dele 27 29y v E ebd kel A 7}
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s B HolH7E 597tE S sk g ot Figure 262 AXE #HY Wil 3]
Awee] 348 e Aoltk 37 mdolNe] AXE vlx BAgrE 4(2)e
2,

argmin (u; )| 5 || Wi 2+CZ ¢ (2)

=1
subject to, —e—f*(i) < y(i) —w e X(i)—wo < e-i-f(i)
for, 1=1,2,....m
e v Z& 2Aa: o] ¥ 52l B (hyperparameter) ol . ao] 5 vt

C7t 2 A5 s= mpdol ZpIA 3, 2 A9 Fads vps e gepa O

/\

g zAse] FUATL AT F AhEAE 5, 2018). V9 £V o

(slack variable)= eX T HA7F & A& EZ3HA1717] 98] AF&EH(Cortes 5,

1995).

Figure 2.6 Support Vector Machine for regression (Smola &, 2004).
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Eg] Ju BEES Yol Holuh b wol AgHE AR % FueE F

9] ahtolt}. o]5L EFel 37 EAld RF Ago] shseta, 413 dloly
/\ o

47 Agol Aed mdod uA =

oly g} v XY dlolHd = 2] 7lnk 2d
o= ZA Edg(decision trees), WH IXY2E IJYYAE F ¥ (gradient
boosting) <] 7ol . AA Ees tE Eg 76k mde] yjE mdo] o
U}, Figure 24¢%} o] A4 Egs dHb¥ oz FE :=(root node)’} 7}g H el
AL, 7HA7F ol 2 el FEHlE YEhdTh =27F 9 ol 28HA e A5
o] 2 #Z =T (leaf node)T il W, FE & olgloA] thA] EedHE =8 Z
b =X (internal node)2til SHoh(&U-§ 5, 2018).
Internal I\Il-eilf
Node e
Leaf Leaf
Node Node
Figure 2.7 Example scheme of decision trees.

A4 Egd AgHe dads F 7P giaded dugsS CART
(classification and regression trees)® TFE darg]Fo] H&| FHolt ZAo=w &
A Qo] Wol AEHTHL R 5, 2014). CART+= /¢ 379 oAl 5ol A&

2 g ot &7 wAledA 7 =AY HAHY TS sl AEs AHEEr] 9
sk #ate] AYAAS SA-SE 7Iwol 288t CART ¢agl+s AH&ste 24
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o ] dnkH oz ALEHE 7|F2 AY EE(gini impurity)7F Tk AY &
= dojg ME A2 & Aol drfy AAEAE FA4s= ARt
H AZo] sty FHERE o]Fold oW AY EeEke 0
o] ¥, BF & ZYLE olFojA oW AY Erke 1o "k F J
]

AR == Ao AY B G AB)S A& Astdch

?

.

J
Gz:l—zpij (3)

J=1

P = ratio of the sample belonging to 7 among the samples of the ¢ node.

AY B g AMEste] 239 434S SA4st= 7les 4 = a
2] F(greedy algorithm)<s AF&ste] A9 AEES At &8 dugs F
Aol & Fot7] A8 AFEEHE 2 = o} z}
Y= AS Agste] HF slgdd =EEtA sk iAol g5 dloly A =
kS A 4 E AFEE T R A B AER ST

o] CART H]&3tr= A4 2ol ALtdT

my, ft mr'ight
‘](k’tk): m Gzeft+ m Gm'ght (4)
m = number of samples In current node
my., = number of samples in left sub set
m,., = number of samples in right sub set

G, = Gini impurity in left sub set

Gy = Gini impurity in right sub set

A oM HA 54 ko dAR = BE 54 Thed dAFA 1)
§H57 Aok B g Addt AY 2eEE S483 oE Asd 98
FnFe At A wEetel § o4 BANA dAY FA/F 3
S W9 etgel FRR mue ST FANEE AANSE ARste] =
43 5 oglom, MAMeERE 24 29 AUl o], g weel A f, 7
So Bgol Aga 54 Al 5, 74 mselA Bdel AT Ha AF 5,
woese] Ha AT 5 7 wsolA Badl AR Ha AT ol A7)

_13_

Collection @ chosun



&

=
‘;}L ;‘.:, Ry Oﬁ
o o{o , Ol
2 o o =
o o &2
S T o
x us)

ofo
]
4 b

decision tree) 52 A%

A5 g5 (ensemble learning)2 ™Al oA o8] 7o) EE

shupe] mdut ¥ ye A3s

o= AysS o] L3
g ¥d2~E+= CART

-
X

r.
o

Gl

Yo i g

N
-

£
=

o

35, Bl A dsiH,
sttt 371 AA EfdAe 24 == IAAwES dAa
o] dojtt}( Breiman 5, 1934). A& Iﬂi}%
HOoR e

2E 29 Yo zZ+7to] EgE
2 (bootstrap) A1 H. A1 & (subsample) ¥} o =

Eel7t 44
SEES

R

St
H

ZH2F A H g (residual sum of square,

el

-
1_.

o AET WA A
el W gelthE A F, 2016).
A2 gusA ge 4%

Ay &

d}. &

E ¢] (uncorrelated
a8 FoltH(Breiman, 2001). <

st ©]©] ¥ (training data)®] -
HEe] AEAZs wddyyr HAEe

tlo]E(test data)e] HF &L EF EA(classification)®] AH$ #AH FF
(majority vote), &7 i-Al(regression)®] 74-¢- Hi &H(averaged response) o=
e AY FEE trEY dyet 2ol 74 EY Ed Ay F UM B2
T ARE HF dF #e=E AAs= Wola, He $HS 7 EY Rdeo 4
o] HA S HF o= gtoz AYst= W ol th(Vyas 5, 2017). Figure 2.8 @
H x| 2~E9 URkARl Fx2E YE Aotk P F F, 2019).
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Random Forest Simplified

Instance
=~
2 H—H-‘_' .
F ‘:l -\.\‘ =
o @ -
Tree-1 Tree-2
Class-A c1£§f§-a

Majority-Voting

=

Final-Class

Figure 2.8 Example scheme of Random forest (¢] &3 %, 2019).

7 EdE EEHs7] 9 dolH Y FEXZES AES StEUolHER
B HRYdF= stojofdtt. o] & o] &3t Ed yE SFAl7led, oY W F oo
Mol A F2= 2 7He] WsE dEetal o] F b9
2} A 3 & (residual sum of square, RSS)°e] FHA7F H &=
ZIEow HeolHE H£dste F oe =25 AT IAAwFES AB)E S
AR E L ZF =it} o3t £ A A @ == AV7F HEgkel =
gotd Ef g9 shgol dnHEu. Sl #AEe FE 7HA RbRdEe] Ef

| @AY M2 dolg o gk o= g2 2(6)% Zo] dFES olFL e
EYE9 His ANs =E:EuH(EAE, 2020).

)

o

RSS = En]f](yi—mc)2 (5)

c=1li=1
= —Eyz 6)
cz—l
¢ = number of nodes

n., = number of data points in a node

y; = observed or actual response value
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Ay TelmEcAe 5 9ish o] oe o] Ee] mae FAste] shte)
%3 e FHe mue el ol o F 918 Aok s sl sl
 EdY g wE BE A PSR Adss wsd AFelt dy we s
Ed AgHE SloldTenEE 4Ue Be) £EE Aow mudd AgHE
dolele] S4el wel AHel stolsistebule] gho] @ebd 7bsAdel 9lrh(Heaton,
2008)
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A2 A7 E 2 A Y (decline curve analysis)

e o8 "AZks AREel o@ md 4 AY 5y
ol b Fad QA F shbe @A YAEA @S Mg R Adrkze g

QAL 7|7kl o]E AAF Y] Y& F Wo] AlEEE WS gaAzE AW
7r

i)
hai
o
2
oX,
o
o,
N
N
o}
=

10
S
r)«
ot
o
to
™
)
X
—
=
)
(®)
o,
=3
=
2
_O‘L
rlr
O {
=
fr
N
o,
it}
*
o
)
2
[N}
(@)
—_
~

SR
AEAIAL WA As) wol ALgHE Wil AFF ABAIAC ule
AREFAE S o wEn Agsy] 4tk ARREIANE A EAtE A

of me} AFEEI 9loem, o
Holth(Vyas et al., 2017).
e A S 1945d Arpsell o&f o

r O
(i,
ok
'L
[o
t
o>
1
wn
N
A
ok
o,
1>

q;

¢t) = ———  (7)
(1+bDt)"

q(t) = rate at a time t, STB/D
¢; = initial rate, STB/D

D, = initial decline rate, month

2
b = hyperbolic decline coefficient, dimensionless

t =time, months

Arp’s AAE 4L 7HE A g (exponent, b)2] kol wEl ohE 7HE AFEFS H
ol o] Table 217 o] A 7k F3 o= FRFAT}
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b value
0<b<1

Decline Type
Exponential
Hyperbolic
Harmonic

Table 2.1 Arp’s decline type based on b value.

TR T W E A o O © 0w
) nl
XD 2 T &
T o g o NS % N AN
T N — on HON Q. S < v
0 N . .L o0 ,UI -
ao N = I S 2 " o s nﬂM
_ - < oy WM g =) " 0| £ &= o
Wy TN pE 5RO SN
b g Taew o 5w o £ o5 B
N K — o 2 ﬁrﬂ 5 < Mo O
= X o — !
W mrL H w_m W & o IR <X wm
(e NG % EE o g - = B o0
o T - ~ S o ) _ o o
TO )l N T ] mﬂ o KO — 2 = = _W_V.L
o P Y o TR T °, x s X
»AO ] ;O ﬂAlO — nM/ .Ot m — ‘_L.WO ﬁ
U SG N PRI B (R S o L E
\* R ! A g ﬂAl X + =
SN o= Q )
T N w9 A = W | s o
;ln_ﬂ Lt — N ‘_lryl ) ,ﬂ‘_ Mu_l < ﬂu = Dm ~ %ﬁ“ o ,NJ
o Ty _ﬂmﬁm o MM ol m B g m £ S| ]S W m.%v o R
HETI R S e Y _ — o L
2% _Xewo 2 g 0" __ T < w2
of- e AT o op X! o ~ m oo Rm o
NS = B o< X A 3 Q) = 8 oo
2T W ) : i ) o
J < o =) —~
X —~ s EL ox ‘Aluﬂ ‘El
S ] OT % m — .m — v
=0 Iz g N ox ® o~ O %O = - o 5 o
qgF ¢ T = W 7 AF Z - o & op Mo
ﬂ&m@.momeﬁﬂm o R 2253
o N o TRl N _ Nog Y B
— e ) v my ~ ~ =
e zﬂu E T %t Tl e ! o o o 9 £
e LR = % = 5w :
x5 O b oo gm B o = 26 xR o ) %
X % F oM T WX oW DS oy 2
X E ko W B — o o <
=2 o MW B o o
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S
=

9 e B FAE AIFAWS Y Avs /1EC] Arp's FEHIA
o

H
=]
v gk A3} Figure 2.99F o] A Tzgds o=t glo] ko]t yER}E

Table 2.2 Equation of Modified Hyperbolic Decline.

D Rate(q)
Hyperboli D> D ki
erbolic : G =
yp min t (1+bl)lt>l/b
Exponential D= D, 4 — ¢;€Xp (— Dmint)
t = time b = decline exponent
D = decline rate q; = initial production rate
D, = 1nitial decline rate q, = production rate at time t
D .. = minimum decline rate
10000

s Vodified Hyperboilc
9000

== = Ap's Hyperbolic

8000

7000

6000

5000

4000

Gas production (Mscf/m)

3000
2000

1000

160 200 240 280 320 360 400

Time (month)

Figure 2.9 Comparison of production trend between Arp’s Hyperbolic and

Modified decline.
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A1d g FT

o] AFlM = wa AL Fort Worth 419 &5 X 9/x]3F Newark
East Field®] Barnett Shale Gas Playol Al # 53 AlYd 7t A4 vlolEH & AFE-3)
o] AFE 4339l Barnett Shale Gas Play:= AlAl Hjeo v dE dA7~7}
5o e AY 5 vz, 2010874 "= Hdo] Ad 7t AAE #x] <ol
.

Fort Worth %]+ F= nA A&7l v A A9 7] (Mississippian) &} 34 H]
o} 7] (Pennsylvanian)oll &4 = 1t} (Figure 3.1). Barnett Shale Gas Play+ Figure
3.29F o] A (upper) Barnett Shale®} 3l5-(lower) Barnett Shale® Y50 %],

A Z3 S 58 Forestburg 43 o o2& #alEo] A} 5 & Hr
300 fto] FAZ 7FA 1 dow, Ellenburger Group®} Viloa A13]¢tZE Alojo] A
H BAE A ol XS AN T FA= Hat 150 fto]H, wAAg] 7]
¥ Marble Falls 43 d<Eol 99 Stk (Bowker, 2007).

Barnett Shale Gas Play+ 92 383 92 FAIFHEE 71X 94 dolt}
(Mortis, 2004). Barnett Shale®] A=+ #HZA 6500 ftoll A 8500ftel]l o]=Zw it
FA= oF 350 ftoltk. FAIE FHA 50 ftellA 1,000 fte] HLlE A o
(Pollastro %, 2003; Montgomery %, 2005). Barnett Shaled] A 7}~ A AL
AL AFZo| vl BE 79 7F2~7F A2E) Barnett Shaleo] A &9 7p~=
T2 Arrbzelw By A2 4 FF vtaRE EARY. Ttae d3 el ¢
g AzmA QA Ad AFS WY 72 Y(retained oil)e] ZefF ol o)
FAHA(Jarvie 5, 2003; Montgomery &, 2005). Barnett Shale Gas Play°ll A A3
Abol M A e A9 45%9] AT 27%e HAE=Z o]Fofxl A Holn
Barnett Shale®] 3= %&(pore throat) Z7]& 100 nm ©]3}e]th(Bowker, 2003).
Barnett Shale 7} A7F3& 59 A 3|¢tel o] dH o] glon TP A9
AL Z ofgiol fAgth A3|de Aoz Ad 7t~ AFFELY =& 7F o

ol
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Al(fracture thresholds)E 7F4 F¢aka Al W (barrier)= Al&sto]l 3k o
o3t A=+S HA3 & 4 9dvH(Martineau, 2001). Barnett Shale Gas Play: &
71§ 27F 3% ol o ® FrlEo] FH-5tH, HIELUolE HhALE o] 1.1% oo
2 9o 93 A=A AFH o (Montgomery 5, 2009), ¢F 30 tcfd HA 7~

7 25 0] dv(Jarvie =, 2007).
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Barnett Shale Play, Fort Worth Basin, Texas

e N A > QK
| . ~wl  Montague . Y TX :
: s pe vl B N )
- . o e i P k] %
Ft. Worth Basin SN Caoke
. . . i, TREELEE :-:,; I Grayson
Archer . G et
| ! SeaTlew i e e a0
3 O b} G T
= = —] ! ..‘ 5 ’-'.-r" .-‘::,.’.
Toung » 1
Dentan
| Callin
Stephens I
Falo Finto
A 5 7
Eastland SR
£ Erath
L% A +
Comanche cgisy
Surface Locations of Barnett Shale Wells (Well Count)
«  (Gas, Horizontal (10, 860)
Gas, Vertical (4,317
* il Horzontal (3149)
© il Vertical (364)
Maijor Tectonic Features :
w ol Thrust Fault (Triangles on upper plate) '.C-DIYEII
B = Reyerse Faut (Rectangles on upthrown block) Miles
Urban Areas
EJvimit of Bamett Shale in Ft. Worth Basin D5 10

Source: US Energy Information Administration based on data from HRPDI, USG S, Pollastro etal (2007)
Updated: May 31, 2011

Figure 3.1 Location of Barnett Shale Play (US Energy Information

Administration).
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lower Barnett

Figure 3.2 A section of the stratigraphic in the northern portion of the Fort
Worth basin (Bowker, 2007).
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A2 dlo]¥ #A A2l (data preprocessing)

1. 93 do]g AlE(input data set)

o] Ao AFE3F dlo]El:= Barnett Shaleol A #H 53 44 (well) ©o]E <}
A 5% (reservoir) Hlo]E, Well logging tl°lElE AM&3tiom, Agst w2l 2y

= dS Jhaar] sl A= 2 (preprocessing) S 3 AT HolH AA S
g =72 oot 2t

L 8
J

HA 6070 o]t At AwTE e LA
9 ko] 4 1,000 Msef o] 49l A4
Lower Barnett A7 3olA Aibete= LA

T AT A7 7V\° RN

3 A (horizontal well)S F3] AAHE = AAHA

.U'rb-.w,Nt—‘

Ao 2 FAS
2 Akgeth 48 dolE MEE AL 9 E(latitude)$t 7 E(longitude), 7
B Aol Zol(lateral length), BAFAE 2]l =2 4 %Z(true vertical depth), =% 34 ol
A& ¥ = Proppant®] ¢, Sal(fluid) o] &, A759 7, 2%, A B9z
(azimuth), 42bg9] 27] A dHoly & A}ﬁo} itk Table 3.101 2l &4
mdo] 448 doly MEZ ALEH AAA, AHFZ, o] e 2 veER Q.

o A" QA dHelHE HAl Y 2ol ¥ dHoly
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Table 3.1 Input data set for Machine learning.

INPUT Data

Azimuth

Longitude

Latitude
Well Data

Lateral length (ft)

True vertical depth (ft)

Production rate (1712 month)

Total fluid (bbl)

Proppant concentration (Ibs/bbl)

Total Proppant (Ibs)

Completion Data Lower perforation depth (ft)

Upper perforation depth (ft)

Horizontal length (ft)

Footage in landing zone (ft)

Formation thickness mean (ft)

Reservoir Data

Temperature mean

Figure 332 <9 delg= Agd AN A Hdols 3J|xEId
(histogram)2.2 YeW Aolth, FHA Zdol= HA 767 ftollA Ho 8052 fte
WS 7HA AL At Figure 34% 28 ARG o 98 o AHEH g &
slrEad oz el Aoty w4 ke 7F AAAuTE HA 14,522 bblol A
H) 4,175,136 bblo] AFEEH T Figure 35+ 7z Ao F¢t Fjo] AL8-4
Proppant®] %< s|2Ea1# oz el AHolth ALEH Proppante] %& zF A4k
Aulth H 4 81 IbsollAl Hdl 16,496,750 1bs7F AF-&% 1Tt Figure 3.6 % -2
Al spafjgrell H7HE Proppant®] ¢ Hl&s S|E2E2HOo® Yl Zolt b
ol 7l Proppant® &2 FHA 0 lbs/bblol A H | 96 lbs/bble] WHSlE 7FX 2L
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oA th Figure 3.78 AAaA o 31719
A= HA 1,249 ftoll A 8937 fto]t}.

dolg slakador yEHd

Al

A

Lateral length (ft)

131
118

140 -

120 -
100

100 - 90

Frequancy
- a* «®
(=] (= <

[
=}

<
il

Class

500 1000 1500 2000 2500 3000 3500 4000 4500 5000 5500 6000 6500 7000 7500 8000 8500

Figure 3.3 Histogram of Lateral length used as Input data.

Total fluid (bbl)
180 164
160
140
2120
g 10
=
g %01 55
& 60
:g 19
0

3

@@@@“@@@@
&

Class

18

& & & &
& 5 w"“"?’g

703 9 a4 2 7
J_t,_-__ﬁ;_-ﬁ
S

,,@é,;?

o

Figure 3.4 Histogram of Total fluid used as Input data.
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Total Proppant (Ibs)

300

257
250
Z200 - 176
g
S 150
2 100
B 100 75 72
40
500 189331{)0103
0 7 ‘Y_. T - T T T T 1
N\ D
@@@ s@“ -\P@ @Qﬁ @@ u““@ q,““ -»““@ h@@ @@ @ %@ »@ @@ @@ @
R A A qﬁ@“&& FFE
Class

Figure 3.5 Histogram of Total proppant used as Input data.

Proppant concentration (Ibs/bbl)

161

130

| 115
<
5100—
78 78
g 80 64
- 58
= 60
40 - I I 32
20 12 15 3
1 4 1 1
0_:.\ T T T — T T T 7.\.'-\0'_10-'_\
0 6 12 18 24 30 36 42 48 54 60 66 72

78 84 90 96

Class

Figure 3.6 Histogram of Propannt concentration used as Input data.

Horizontal length (ft)
120

100 |

i m“huh#

1200 1690 2180 2670 3160 3650 4140 4630 5120 5610 6100 6590 7080 7570 8060 8550 9040
Class

Frequancy

Figure 3.7 Histogram of Horizontal length used as Input data.
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2. 8 do]H Al E(output data set)

X

19 tloly MES A3 g A oyl 4% AW
skl ZFE A G(b), HE & (D), & =7HI=F(EUR)S AlLtstdth. =48 34 A
& A FEAT FY @S 3= A,

600 MNE= AAstdeh. =3, FHE A=Ay A& =
5%/year® AAQstAth AAHE 2AS AMES
A, dEHEY g7 Es A4S dSsts HAl g
o] ME=R A}L3FHTE Table 3.200 WAl #d =

d FA4" AN AsEE Yo

A

Table 3.2 Output data set for Machine learning.

OUTPUT Data

Decline exponent, b

Modified DCA Data | Decline rate, D,

Estimated ultimate recovery, EUR
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A3d 9y ¥FY2E nd 1=

o] Ao MA ¥y 5 MATLABS AH&3te] AAstgon, wal 2y
7IHe dWY XU 2EE ARSI S5 A FHEUR), HEE(D), #HEATF()E
747y o St BRAS JEEATh oSEd RS dolE AAYE FI A
75872l A dolEE AMgsldtl 758709 A4 dHolH & 100712 AAA
tolEE HXAE HolE AlE(test data set)Z AF&3t7] Yl FE3 5 65871
AALA Ho]EH & 8t d|o]E Al E(training data set)® 3to] @@ X
SAAT. Y T 2ES FA9 AEY WS FES &5t 4

=

2E g

W Z 2] 5kl
d(bagging) WS Ag3da, EF Jae 20002 AAse] g ¥P2E Y

ol A 200709 B AMZS MEZste] RS SGA7|EE k. dy THAE

wdel g AR 4 B ASe AR FFgow ARe:

=

=

O
Yy 3

i
il

(averaged response)S A}-&3}F% T,
o] Ao e WY ¥P2E Bdo Mo =A3E X EZ RMSE(root mean
square error)E AF&3F T RMSEw dubd o= 3|7 2o AFs 4T o

AHgah A9 2.

J‘ i

RMSE= Z 9)
271
TV = ids 24 3t
PY = iz na o= g

1L 237HA% d52d 75

TH7PNFEUR) o SR
olHE ¥ deolHeo FAd mE Ay A4S 98 44 bE 4719 Cases: 4
°]8}% a1, Table 339 Z} Case ¥ ¥ dHolHE At} Case 12> At d
olH & Al ALY FA kA dHolE e = HolE, AFT HelHE A
&3k aL, o|E Static data® G|t Case 2+ Static datall Peak At
(Gpear) e F7F8FA 3L, Case 30l Static dataol q,., 8 ¢7H3 % 67199 At

& dolEE F71aSith Case 4% Static data®l gy, "El ¢, 7FA & 12749 A
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A HolHE FUrekdn &8 HolH = dSstaat e s EeR dAs)

At

Table 3.3 Training Data set for EUR_Predl model prediction.

Case 1 Case 2 Case 3 Case 4

Static data Static data Static data
Input data Static data + + n

qpeak qpeak ~ g5 qpeak ~dn

Output data EUR

= EN
A F= A& oW vHEste] & WY S Tt o AA
8} 4S5 EUR_Predlo 2 Aoelqt). g5 g Xyg2E 57 &
A2 7}7F Model 1, Model 2, Model 3, Model 4, Model 5% #2353} 2™, Model
19 sty A9t HAE AHRE Case 2 Figure 3.8, 3.9, 3.10, 3.110] YEFWHA

ol E Ay Zg2Eo gFAZHOH HA

o
it
:Oé
9_{1‘
oy
i,
td
1

Figure 3.8 Model 1¢] Case 1¢] st5 Z 39} HAE ZAE Yed Aoz g
% Z3e] RMSEE 6.45%x10°, B|2=E A7l RMSEE 9.89 x10°¢]t}h. Figure 3.9
+ Model 19] Case 29| g5 Ayt HAE A3RE YeElH Ao 2 RMSE+ Case
1o wla] zFAste] zHz; 5.17x10°, 8.23x<10%0|t}h. Figure 3.102 Model 1] Case
39 & Axel H2E ARES Yed Aow % Ao RMSEE 4.24x10°
H2E Ayl RMSE: 7x10°0]9 Z}7}b Case 20 wls] Zad 2& 28
At Figure 3.11°> Model 1] Case 4¢] stz ZAie} HAE A5 vEd 3o
2 8t Ao RMSEE 3.57x10°, H2E A3 RMSEE 5.7x10°% Case 3
of Hl&] a3 AS AT 4 dtl. RMSE =4S %3 Static data¥t AF-&3F
Case 1o &) AitEF HolEE 713 Case 29 o3 Axr o &4 Hdve=

As A 913, Case 3, Case 4 & Z+3 A2k dolg o F717F o Zof

—

4
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= = S o o) S I~
Aol whel o5 A3t A FFEe A S9FT = U
EUR Predl M1 Casel Training EUR Predl M1 Casel Test
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Figure 3.8 Training and Test result of EUR prediction Model 1, Case 1.
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Figure 3.9 Training and Test result of EUR prediction Model 1, Case 2.
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Figure 3.10 Training and Test result of EUR prediction Model 1, Case 3.
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Figure 3.11 Training and Test result of EUR prediction Model 1, Case 4.
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Table 3.4 Summary of EUR prediction model (EUR_Predl).

Case 1 Case 2 Case 3 Case 4
Rate of Rate of Rate of Rate of
EUR data : Relative data . Relative data . Relative data . Relative
_ Confidence 2 . Confidence L Confidence . Confidence
Predl within the ) 1) Error within the ot ! Error within the ot 1 Error within the A Error
confidence gt (%) confidence ferva (%) confidence frerva (%) confidence (%)
interval(%) interval(%) interval(%) interval (%)
Model 1 81 2,769,207 31.6 31 2,415,951 24.03 81 1,894,653 19.8 31 1,747,386 15.8
Model 2 83 2,818,009 33.9 33 2,435,225 244 82 1,954,249 17.6 85 1,717,708 14.4
1,979,8
Model 3 16 2,793,725 26.2 31 2,417 977 23 34 2 174 33 1,734,630 15.1
Model 4 85 2,915,311 25.6 39 2,490,510 20.3 35 1,970,177 17.1 35 1,822,274 15.8
Model 5 81 2,805,826 29.9 34 2,440,545 21.6 39 1,964,249 17.7 34 1,647,838 16.8
Mean” 81 2,820,416 29.4 33.6 2,440,042 22.7 84.2 1,952,631 17.92 33.6 1,734,067 15.6

U Confidence Interval : Interval between P90 and P10.

2 Relative Error(%) : Relative error between P50 and Real value.

¥ Mean :

Average of 5 Models.
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Figure 3.12 Confidence interval of test data (EUR_Predl Modell), (a) Case 1 (b) Case 2.
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Figure 3.13 Confidence interval of test data (EUR_Predl Modell), (a) Case 3 (b) Case 4.
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Table 3.5 Comparison between prediction value and real EUR.

Case 3 6 month (g;) Case 4 12 month (gq,)
Real EUR : : : :
VS Relative Error | Relative Error | Relative Error Relative Error
(%)Y (%) (%) (%)
Model 1 19.8 53.72 15.8 36.21
Model 2 17.6 51.37 14.4 35.91
Model 3 174 50.7 15.1 37.83
Model 4 17.1 50.88 15.8 37.24
Model 5 17.7 57.22 16.8 40.11
Mean” 17.92 52.78 156 37.46

U Relative Error(%) : Relative error between Prediction value and Real value.
? Mean : Average of 5 Models.
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Figure 3.14 Process for training EUR_Pred2 model.
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Table 3.6 Training Data set for EUR_Pred2 model.

Case 1 Case 2 Case 3 Case 4

Static data Static data Static data

Static data + + +
EUR_Predl + + +

EUR_Predl FEUR_Predl EUR_Predl

Output data EUR

Table 3.69 ¥ tlolE ¢ &9 H]C’]H% Y ZHAEd SgFAHSH, HA
E deolH9 B9 F& HAHS 5H v ’5}04 5 g5 sl o HA
A2} Std WY ¥ ~E L B
odel 1, Model 2, Model 3, Model 4, Model 5% %<3} 2™, Model
19] }Q Al H2E ZAF}E Case EE Figure 3.15, 3.16, 3.17, 3.18°] YEeERH S

)
rlo
Jﬁ
Z
Q

Figure 3.15% Model 14| Case 19 g5 Z¥4¢ HAE A3E U Fo=
s Ao RMSE: 3.44x10°, H2E A¥e] RMSEE 9.77x10°¢]th. Figure
316 Model 19| Case 29| St ZA¥eol HEE AdE yepdl 2122 RMSE+
Case 19 H]&] 7Fasle] 7ZhzF 2.89 x<10°, 7.85x10°¢]t}. Figure 3.172 Model 19]
Case 39 o A#¢ HZE A3xsE el o= g5 A3}e RMSEs
2.57x10°, H2~E Ao RMSEE 7.21x10°0]w Z+z} Case 290 Hl&] 7HA43 A
S #goldd 4 9ith Figure 3.188 Model 19] Case 49 st 239} HAE AN
el Ao s Aite] RMSEE 2.14x10°, HAE A3ke] RMSEE 5.6 <10
& Case 3ol ®la] #HAagE As g<9d = Aok RMSE 545 E3@l Static data
T ALERE Case 1o Hls] AAbwF HlolE| & F718F Case 29 o5 Adsol ¥ I
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Figure 3.15 Training and Test result of EUR prediction 2 Model 1, Case 1.
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Figure 3.16 Training and Test result of EUR prediction 2 Model 1, Case 2.
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Table 3.7 Summary of EUR prediction model (EUR_Pred2).

Case 1 Case 2 Case 3 Case 4
Rate of Rate of Rate of Rate of
EUR data : Relative data . Relative data . Relative data . Relative
_ Confidence 2 . Confidence L Confidence . Confidence
Pred?2 within the ) 1) Error within the ot ! Error within the terval Error within the A Error
confidence gt (%) confidence ferva (%) confidence " (%) confidence (%)
interval(%) interval(%) interval(%) interval (%)
Model 1 60 1,685,375 31 59 1,432,997 23.7 59 1,215,336 20 67 1,140,487 154
Model 2 58 1,725,189 34.7 67 1,457,192 23.3 66 1,256,557 174 71 1,100,453 14.5
Model 3 63 1,707,703 26.2 55 1,433,063 23.6 65 1,277,334 16.9 62 1,125,348 15.3
Model 4 63 1,738,606 24.7 65 1,460,336 19.7 69 1,259,252 17.1 64 1,177,549 15.9
Model 5 64 1,676,390 29 61 1,416,994 21.8 67 1,255,656 174 63 1,084,622 16.6
Mean” 62.6 1,706,653 |  29.12 61.4 1,440,116 | 22.42 65.2 1,252,927 | 17.76 65.4 1,125692 | 1554

U Confidence Interval : Interval between P90 and P10.

2 Relative Error(%) : Relative error between P50 and Real value.
Average of 5 Models.

¥ Mean :
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Figure 3.19 Confidence interval of test data (EUR_Pred2 Modell), (a) Case 1 (b) Case 2.
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Figure 3.20 Confidence interval of test data (EUR_Pred2 Modell), (a) Case 3 (b) Case 4.
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Table 3.82 EUR_Predl?] 5719 =49 Ayl Py} EUR_Pred2e] 57 =4 2
o] HrS vk Aojgh, AFFIHEGAA T 49 EUR_Predl X2 H]
& EUR _Pred2 ®2oA 743 RS dolsh 4= Q). o]} vtz Al ZG-7F Yo

gEE 44 7o v&L EUR Predl %.wo] vla] EUR Pred2 wdlolq 74
A% gAY 5 gk

Table 3.8 Compare result between EUR_Predl and EUR_Pred2.

Case 1 Case 2 Case 3 Case 4
Rate of Rate of Rate of Rate of
data data data data
within the | Confidence | within the | Confidence | within the | Confidence | within the | Confidence
confidence intervall ) confidence interval confidence interval confidence interval
interval interval interval interval
(%) (%) (%) (%)
EUR
Predl 81 2,820,416 83.6 2,440,042 84.2 1,952,631 33.6 1,734,067
Mean”
EUR
Pred? 62.6 1,706,653 61.4 1,440,116 65.2 1,252,927 65.4 1,125,692
Mean”

U Confidence Interval : Interval between P90 and P10.
? EUR Predl Mean : Average of EUR_Predl 5 Models.
¥ EUR Pred2 Mean : Average of EUR_Pred2 5 Models.

EUR_Pred2 ®¥9o] A= 31004 gt EUR _Predl =de] ZAuo] nlsf 2l1F]
A NE A FE ol 23 = AA] ghe] wl&o] 80% ©]sE

alo] AFxo 3ol olFojHrta H7] o]¥Hrth welA EUR_Pred29] AlF
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Table 3.9 Confidence interval extension result (Model 1).

Case 1 Case 2 Case 3 Case 4
Rate of data Rate of data Rate of data Rate of data
Model 1 within the Confidence within the Confidence within the Confidence within the Confidence
confidence interval confidence interval confidence interval confidence interval
interval(%) interval(%) interval(%) interval(%)
EUR_
81 2,769,207 31 2,415,951 31 1,894,653 31 1,747,836
Predl
EUR_
60 1,685,375 59 1,432,997 59 1,215,336 67 1,140,487
Pred?2
Rate of Rate of Rate of Rate of
data . Rate of data _ Rate of data _ Rate of datn _ Rate of
. 1) e Confidence L Confidence L Confidence L Confidence
Extension within the . change within the . change within the . change within the . change
. interval . interval . interval . interval
confidence ( % )2) confidence (%) confidence ( %) confidence ( %)
interval interval interval interval
5% 67 2,006,846 =275 69 1,758,481 -27.2 74 1,549,191 -18.2 30 1,474,338 -15.7
6 % 68 2,071,140 -25.2 72 1,823,577 -24.5 74 1,615,962 -14.7 82 1,541,109 -11.8
7 % 70 2,135,434 -22.9 74 1,888,674 -21.8 77 1,682,733 -11.2 85 1,607,879 -8.0
8 % 73 2,199,728 | —20.6 76 1,953,771 | -19.1 82 1,749,504 =7.7 87 1,674,649 -4.2
9 % 74 2,264,022 -18.2 78 2,018,868 -16.4 33 1,816,275 -4.1 87 1,741,420 -04
10 % 75 2,328316 | -15.9 78 2,083964 | -13.7 33 1,883,046 | -0.6 33 1,808,190 | +3.5

U Extension

? Rate of change :

Collection @ chosun

. range of the extension of the confidence interval.
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Table 3.10 Confidence interval extension result (Model 2).

Case 1 Case 2 Case 3 Case 4
Rate of data Rate of data Rate of data Rate of data
Model 2 within the Confidence within the Confidence within the Confidence within the Confidence
confidence interval confidence interval confidence interval confidence interval
interval(%) interval(%) interval(%) interval(%)
EUR_
31 2,818,009 33 2,435,225 32 1,954,249 35 1,717,708
Predl
EUR_
60 1,725,189 67 1,457,192 66 1,256,557 71 1,100,453
Pred?2
Rate of Rate of Rate of Rate of
data . Rate of data _ Rate of data _ Rate of datn _ Rate of
. 1) e Confidence L Confidence L Confidence L Confidence
Extension within the . change within the . change within the . change within the . change
. interval . interval . interval . interval
confidence ( % )2) confidence (%) confidence ( %) confidence ( %)
interval interval interval interval
5% 64 2,060,937 | -26.9 74 1,792575 | —26.4 76 1,589,032 | -18.7 83 1,429,781 | -16.8
6 % 66 2,128,086 -24.5 74 1,859,651 -23.6 78 1,655,527 -15.3 84 1,495,647 -12.9
7 % 67 2,195,236 -22.1 74 1,926,728 -20.9 80 1,722,022 -119 86 1,561,512 -9.1
8 % 72 2,262,385 | -19.7 74 1,993,804 | —-18.1 82 1,788517 | -8.5 86 1,627,378 | -5.3
9 % 74 2,329,535 -17.3 76 2,060,881 -154 33 1,855,012 -5.1 86 1,693,243 -14
10 % 74 2,396,684 -15.0 7l 2,127,957 -12.6 36 1,921,506 -1.7 86 1,759,109 +24

U Extension

? Rate of change :

Collection @ chosun

. range of the extension of the confidence interval.
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Table 3.11 Confidence interval extension result (Model 3).

Case 1 Case 2 Case 3 Case 4
Rate of data Rate of data Rate of data Rate of data
Model 3 within the Confidence within the Confidence within the Confidence within the Confidence
confidence interval confidence interval confidence interval confidence interval
interval(%) interval(%) interval(%) interval(%)
EUR_
16 2,193,725 31 2417977 34 1,979,829 33 1,734,630
Predl
EUR_
63 1,707,703 55 1,433,063 65 1,277,834 62 1,125,348
Pred?2
Rate of Rate of Rate of Rate of
data . Rate of data _ Rate of data _ Rate of datn _ Rate of
. 1) e Confidence L Confidence L Confidence L Confidence
Extension within the . change within the . change within the . change within the . change
. interval . interval . interval . interval
confidence ( % )2) confidence (%) confidence ( %) confidence ( %)
interval interval interval interval
5% 74 2,058,175 -26.3 65 1,783,397 -26.2 5 1,625,611 -17.9 77 1,473,105 -15.1
6 % 76 2,128,269 -23.8 68 1,853,463 -23.3 77 1,695,167 -144 80 1,542,656 -11.1
7 % 76 2,198,363 -21.3 70 1,923,530 -204 77 1,764,723 -10.9 80 1,612,207 =71
8 % 78 2268458 | -18.8 74 1,993597 | —-17.6 85 1,834,278 | -7.4 82 1,681,758 | -3.0
9 % 79 2,338,552 -16.3 4 2,063,663 -14.7 86 1,903,834 -3.8 83 1,751,310 +1.0
10 % 80 2,408,646 -13.8 4 2,133,730 -11.8 37 1,973,389 -0.3 84 1,820,861 +5.0

U Extension

? Rate of change :

Collection @ chosun

. range of the extension of the confidence interval.
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Table 3.12 Confidence interval extension result (Model 4).

Case 1 Case 2 Case 3 Case 4
Rate of data Rate of data Rate of data Rate of data
Model 4 within the Confidence within the Confidence within the Confidence within the Confidence
confidence interval confidence interval confidence interval confidence interval
interval(%) interval(%) interval(%) interval(%)
EUR_
35 2,915,311 39 2,490,510 35 1,970,177 35 1,822,274
Predl
EUR_
68 1,738,606 65 1,460,336 69 1,259,252 64 1,177,549
Pred?2
Rate of Rate of Rate of Rate of
data . Rate of data _ Rate of data _ Rate of datn _ Rate of
. 1) e Confidence L Confidence L Confidence L Confidence
Extension within the . change within the . change within the . change within the . change
. interval . interval . interval . interval
confidence ( % )2) confidence (%) confidence ( %) confidence ( %)
interval interval interval interval
5% D 2,076,574 -28.8 30 1,802,847 -27.6 77 1,599,479 -18.8 78 1,521,998 -16.5
6 % 79 2,144,168 -26.5 35 1,871,349 -24.9 79 1,667,525 -154 79 1,590,888 -12.7
7 % 80 2,211,761 -24.1 87 1,939,852 -22.1 81 1,735,570 -119 81 1,659,777 -89
8 % 30 2,279,355 | -21.8 388 2,008,354 | -19.4 81 1,803,616 | -8.5 81 1,728,667 | -5.1
9 % 80 2,346,948 -19.5 89 2,076,856 -16.6 32 1,871,661 -5.0 82 1,797,557 -14
10 % 32 2414542 | -17.2 39 2,145358 | -13.9 33 1,939,706 -15 36 1,866,447 +2.4

U Extension

? Rate of change :
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. range of the extension of the confidence interval.
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Table 3.13 Confidence interval extension result (Model 5).

Case 1 Case 2 Case 3 Case 4
Rate of data Rate of data Rate of data Rate of data
Model 5 within the Confidence within the Confidence within the Confidence within the Confidence
confidence interval confidence interval confidence interval confidence interval
interval(%) interval(%) interval(%) interval(%)
EUR_
31 2,805,826 34 2,440,545 39 1,964,249 34 1,647,838
Predl
EUR_
64 1,676,390 61 1,416,994 67 1,255,656 63 1,084,622
Pred?2
Rate of Rate of Rate of Rate of
data . Rate of data _ Rate of data _ Rate of datn _ Rate of
. 1) e Confidence L Confidence L Confidence L Confidence
Extension within the . change within the . change within the . change within the . change
. interval . interval . interval . interval
confidence ( % )2) confidence (%) confidence ( %) confidence ( %)
interval interval interval interval
5% 70 2,008,650 | -284 5 1,749,797 | -28.3 30 1585829 | -19.3 75 1,418188 | -13.9
6 % 74 2,075,103 -26.0 81 1,816,358 -25.6 82 1,651,863 -159 79 1,484,901 -99
7 % 76 2,141,555 -23.7 83 1,882,919 -22.8 84 1,717,898 -12.5 80 1,551,614 -5.8
8 % 79 2,208,007 | -21.3 34 1,949,479 | -20.1 85 1,783,933 -9.2 83 1,618,327 -1.8
9 % 30 2,274,459 -18.9 36 2,016,040 -17.4 35 1,849,967 -5.8 33 1,685,040 +2.3
10 % 31 2,340911 | -16.6 37 2,082,601 | -14.7 35 1,916,002 -25 35 1,751,753 +6.3

U Extension

? Rate of change :

Collection @ chosun

. range of the extension of the confidence interval.
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Table 3.14 Training Data set for J),_Predl model prediction.

Case 1 Case 2 Case 3 Case 4
Static data Static data Static data
Input data Static data + + +
qpeak qpeak‘ ~ G5 qpeak ~ 4
Output data D,
Table 3.14¢] = dlolHel & 1E1€ Ay EH2Ed SFAHOH, H
E dolHe HY F= AAHE oW wEEt F 5WY SgS skt o 4A
= &3 s5d EdS D _Predl® Aottt g5 WY XY ~E S/ U

3
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Figure 3.21 Training and Test result of D), prediction Model 1, Case 1.
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Figure 3.22 Training and Test result of D), prediction Model 1, Case 2.
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Figure 3.23 Training and Test result of [, prediction Model 1, Case 3.
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D; Predl M1 Cased4 Training D; Predl M1 Cased4 Test

Model1 case4 Model1 cased
i . T T T > r T - - : T T

/
1.8 r . 1 18

RMSE =0.097 ~ | RMSE=0.148

14 P 14+

127 i 1 12+

RF Di
RF Di

o 08

True Di

Figure 3.24 Training and Test result of D), prediction Model 1, Case 4.
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Table 3.15 Summary of D, prediction model (D,_Predl).

Case 1 Case 2 Case 3 Case 4
D Rate of Rate of Rate of Rate of
(5 data Confid Relative data ) Relative data i Relative data i Relative
L ontdence 2) L Confidence L Confidence L Confidence
Pred 1 Wlth'm the intervall) Error w1th.1n the interval Error Wlth.ll’l the iterval Error Wlth'ln the nterval Error
confidence (%) confidence (%) confidence (%) confidence (%)
interval(%) interval(%) interval (%) interval (%)
Model 1 77 0.368 53.9 78 0.368 53 7 0.343 375 39 0.315 28.6
Model 2 its) 0.323 49.5 30 0.329 50.9 36 0.341 39.1 33 0.311 33.8
Model 3 72 0.341 61.5 70 0.339 58.2 Tl 0.313 472 80 0.301 40.8
Model 4 73 0.367 67.6 ) 0.362 67 31 0.367 51.8 36 0.339 43.5
Model 5 33 0.362 54.8 33 0.362 53.3 30 0.311 43.7 35 0.308 36.7
Mean” 76.6 0.352 575 7.2 0.352 56.5 82.2 0.335 43.9 85.6 0.315 36.7

U Confidence Interval : Interval between P90 and P10.

2 Relative Error(%) : Relative error between P50 and Real value.

¥ Mean : Average of 5 Models.
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Figure 3.25 Confidence interval of test data (D,_Predl Modell), (a) Case 1 (b) Case 2.
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Figure 3.26 Confidence interval of test data ([,_Predl Modell), (a) Case 3 (b) Case 4.
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Table 3.16 Training Data set for J,_Pred2 model prediction.

Case 1 Case 2 Case 3 Case 4
Static data Static data
Static data + +
Input data Static data + Qpear ~ 95 pear: ~ 11
Dpeak + +
b6, D6, EUR6 | b12, D12, EUR12

Output data D.
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Figure 3.27 Training and Test result of D), prediction 2 Model 1, Case 1.
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Figure 3.28 Training and Test result of D, prediction 2 Model 1, Case 2.
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Table 3.17 Summary of D, prediction model (D,_Pred2).

Case 1 Case 2 Case 3 Case 4
D Rate of Rate of Rate of Rate of
(5 data Confid Relative data ) Relative data i Relative data i Relative
L ontdence 2) L Confidence L Confidence L Confidence
Predz Wlth'm the intervall) Error w1th.1n the interval Error Wlth.ll’l the iterval Error Wlth'ln the nterval Error
confidence (%) confidence (%) confidence (%) confidence (%)
interval(%) interval(%) interval (%) interval (%)
Model 1 77 0.368 53.9 78 0.368 53 85 0.267 29.6 39 0.256 23.9
Model 2 its) 0.323 49.5 30 0.329 50.9 30 0.308 35.3 85 0.295 28.1
Model 3 72 0.341 61.5 70 0.339 58.2 32 0.258 36.5 85 0.243 27.6
Model 4 73 0.367 67.6 ) 0.362 67 35 0.291 46.1 90 0.279 33.6
Model 5 33 0.362 54.8 33 0.362 53.3 30 0.258 40.4 36 0.252 30.1
Mean” 76.6 0.352 575 7.2 0.352 56.5 82.4 0.276 37.6 87 0.265 28.7

U Confidence Interval : Interval between P90 and P10.

2 Relative Error(%) : Relative error between P50 and Real value.

¥ Mean : Average of 5 Models.
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Figure 3.31 Confidence interval of test data (D,_Pred2 Modell), (a) Case 1 (b) Case 2.
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Figure 3.32 Confidence interval of test data (D,_Pred2 Modell), (a) Case 3 (b) Case 4.
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Table 3.182 D,_Predl®] 57} 2 & ZA3e] ity D_Pred2¢] 571 22 23}
Bate Hugk Aow A3 A9 HolHE A& Case 13 Case 25 A9t
Case 3% Case 45 Hluste] Yt Zlojvh. E3AA e 4% D _Predl 249

of Hlal D,_Pred2 EdolA FHagk A

o

1 4 9tk Case 39 A Hit
0.33501 4 027622 7tadtglon, Case 4lAE Bt 0315014 02652 7253
oF Aol x} ®3F Case 304 43.86 %ol A 3758 %= 7HAd o™, Case 4904
36.68 %ol Al 2866 %= 7HAadt AE AT 5 Adrk AFFE o x23EE A

A e vlEe T ERY RF " 80% oltel™ D _Predl ERolA 77% AW

o

Model 39] Case 39| 9 D._Pred2 oAM= 82%= F7FstAth o] AolA s
A el E3He = AAl o) v Eo] 80% o]l Rdd ESAA ko]l A
=75 B4 fAaste A8 et sva ddsidv. Wk Case 3% Case

T A Edojgtal &

4014 D, Pred2 E@o] D _Predl Rdxt} 1 23t
A

Table 3.18 Compare result between D, Predl and D, Pred2.

Case 3 Case 4
Rate of data ‘ Relkitive Rate of data Relative
within the Confidence 2) within the Confidence
. . 1) Error . . Error
confidence interval confidence interval %)
interval(%) (%) interval(%) ’
D, 7
Predl 382.2 0.335 43.86 35.6 0.315 36.68
Mean®’
D, [
Pred?2 32.4 0.276 37.58 37 0.265 28.66
Mean”

U Confidence Interval : Interval between P90 and P10.
? Relative Error(%) : Relative error between P50 and Real value.
¥ D, Predl Mean : Average of D, Predl 5 Models.

YD, Pred2 Mean : Average of D, Pred2 5 Models.
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AHE d=nds fAsy] Y %M FEF D _Pred2 2E olo: ¥ b
?] HolEE Frlete] WY THYAE 2dS F5A AT Table 3.19%
s hde7] s 4 dloledl 7k wlolEoF e Al o
A Aotk A WA R 354doA AHod HEAG SRl b_Predld]
FIFAAIRE S rdo] Aol MAHA okt F HARE 3240l A
UR_Pred2 & o5 gte F7IeAIRE dF Aol MAEA &%
Al Eﬂ’lﬂi 318 AHeg EUR Predl Rde] o 3k, 35404 AHd b
_Predl B2 o= gk 33delA AHed D _Predl 29 o= k3 b_Predl o
= el D_Predl o5 3 w& HolHE F7stAAIRE HEHE 52 d Y A5
of WA skt vl AR 34dA Hog D _Pred2 2L 671€7He] AL
F deolHE A% gyl A&kl ALkgr b6, D6, FURGE Case 391 F7F
shar, 1270 3ke] AR ol E AW Al A &ste] ALke 612, D12,
FEURI2E Case 4°] Case 39} Case 49 A 5-oA o= As
ol JjdE AE FAT 4 Ut

off —‘N’
N
=
ol
i
2
oy
ol
20
22
k]

Table 3.19 Trials and errors to improve decline rate predict capability.

No. Added data Improvement
1 b_Predl X
2 EUR_Pred?2 X
3 EUR_Predl, b_Predl, D,_Predl, b_Predl XD, Predl X
4 b6, D6, EURG, b12, D12, EUR12 0
~ 79 -
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GEASD) AZEY FEE AT AW TA2E G50 SR 92 dolE:
e dolele] Tl W Ax BHE S1s) 247 thE 49 Cased ISR,

Table 3189 ZF Case ¥ 8 dlolHE ARt Case 12 AAitH dolHE
Aol Aabgel 74 ¢4 dolH el s dHolE, AFF HelHE AH&skSl
i, o] S Static data® Aottt Case 2% Static data®l peak FAF(q,..,.)<

7¥ekdaL, Case 3°l= Static dataoll g, 78 ¢7H4 & 670149 A= oy

!

& F7hsk3ith. Case 4= Static data®l g, ., ¢, 7HA & 127042 Ak H o]

HE /st 29 dolge dSstag s gHA5E Agsh

Table 3.20 Training Data set for b_Predl model prediction.

Case 1 Case 2 Case 3 Case 4
Static data Static data Static data
Input data Static data + + +
qpeak qpeak ~ gy qpeak ~qn
Output data b
Table 3.20¢] 9= dlolH e} &9 dolHE Y ZH2Eo stFAFHOH, HX
E YolEe B9 #% B42 5W wEete] & 5Wel Bag FaAsAT 9 13

e
3l shaw REE b_Predlo® AGosith. shd dH EUAE S/ Rl
Z} Model 1, Model 2, Model 3, Model 4, Model 5% 2]l 2™, Model 19
& Ayel " AE A3E Case ¥ & Figure 3.33, 3.34, 3.35, 3.360 e AT

Figure 3.332 Model 14| Case 19 g5 Z¥4¢ HAE A3E U Fo=
gt Aol RMSE+ 0.2640, HIZE ZAye] RMSE: 0.3545¢]t}. Figure 3.34+%
Model 1] Case 29 sts5 239t HZE ZA3}E el 2282 RMSE: 24H7
0.575, 0.3447°]t}. Figure 3.35+ Model 19| Case 39| &4 39} HAE AIE
el Ao w RMSEE ZHZF 0.239, 0.3275¢]t}. Figure 3.362 Model 12] Case 3

N e

o

_72_

Collection @ chosun



o g5 Ayt HAE A3E ved 2oz RMSEE 247 0.234, 0323601t ¢
2 dolElo] A4F dolEE 784S RMSEA gasAw 1 £47) s %
of %% 2 el ek B 5 Yok
b _Predl_M1_Casel Training b _Predl_M1_Casel Test
4 ] Model1 case1l ‘ Mode|1rcase1 ~
| RMSE = 0.2640 A **|  RMSE =0.3545 e
3 - 1 3t e
25+ : 25| y
o o ) O ® %;?&
g 2 |k 7
1F T ~
osF . 05 /_»'/
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Figure 3.33 Training and Test result of b prediction Model 1, Case 1.
b_Pred1l_M1_Case2_Training b_Pred1_M1_Case2_Test
i Model1 case2 i Model1 case2
32 RMSE =0.2575 I 33 RMSE =0.3447 /
3 b { 3F A
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15 151
1F 1 1t )
05 F & q 05 4 ’
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Figure 3.34 Training and Test
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result of b prediction Model 1, Case 2.
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Figure 3.35 Training and Test result of b prediction Model 1, Case 3.
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Figure 3.36 Training and Test result of b prediction Model 1, Case 4.
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Table 3.21 Summary of b prediction model (b_Predl).

Case 1 Case 2 Case 3 Case 4
Rate of Rate of Rate of Rate of

b data Confidence Relative data S Relative data R Relative data R Relative
Pred]_ within the ) 1) ErrorZ) within the (.)nl enlce Error within the (_ml enlce Error within the (.)n ! enlce Error

confidence el (%) confidence mterva (%) confidence mterva (%) confidence mterva (%)

interval(%) interval(%) interval(%) interval(%)

Model 1 87 1.091 16.4 38 1.11 15.7 34 1.07 15.3 85 1.071 14.6
Model 2 83 1.11 17.6 30 1.11 175 34 1.09 16.2 85 1.09 16.5
Model 3 76 1.048 20.6 78 1.063 19.6 30 1.046 18.9 73 1.055 18.6
Model 4 78 1.063 21.5 77 1.055 20.2 81 1.048 19.2 80 1.044 195
Model 5 81 1.046 20 31 1.046 20.3 32 1.003 19.2 79 0.992 195
Mean” 81 1.072 19.2 30.8 1.077 18.7 82.2 1.051 17.8 314 1.05 17.7

D Confidence Interval : Interval between P90 and P10.

2 Relative Error(%) : Relative error between P50 and Real value.
Average of 5 Models.

¥ Mean :
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Figure 3.37 Confidence interval of test data (b_Predl Modell), (a) Case 1 (b) Case 2.
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b_Predl_Modell_Case 3
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Figure 3.38 Confidence interval of test data (b_Predl Modell), (a) Case 3 (b) Case 4.
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Table 3.22 Training Data set for b_Pred?2 model prediction.

Case 1 Case 2 Case 3 Case 4
Static data Static data
Static data + +
Input data Static data + Qeak ~ 45 peak ~ 411
Qpeak + +
b6, D6, EUR6 | b12, D12, EUR12

Output data b

S
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Ze dolg g ay welzed strARov, Hx
golge B9 #% #4259
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Aol H2AE ZA¥E Case W2 Figure 3.39, 340, 341, 3.42¢] YeRAt
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Figure 3.39 Training and Test result of b prediction 2 Model 1, Case 1.
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Figure 3.40 Training and Test result of b prediction 2 Model 1, Case 2.
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Figure 3.41 Training and Test result of b prediction 2 Model 1, Case 3.
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Figure 3.42 Training and Test result of b prediction 2 Model 1, Case 4.
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Table 3.23 Summary of b prediction model (b_Pred?2).

Case 1 Case 2 Case 3 Case 4
Rate of Rate of Rate of Rate of

b data Confidence Relative data S Relative data R Relative data R Relative
Predz within the ) 1) ErrorZ) within the (.)nl enlce Error within the (_ml enlce Error within the (.)n ! enlce Error

confidence el (%) confidence mterva (%) confidence mterva (%) confidence mterva (%)

interval(%) interval(%) interval(%) interval(%)

Model 1 87 1.091 16.4 38 1.11 15.7 33 1.06 15.6 34 1.049 15.3
Model 2 83 1.11 17.6 30 1.11 175 36 1.08 16.1 86 1.07 16.5
Model 3 76 1.048 20.6 78 1.063 19.6 30 1.045 18.9 34 1.033 17.8
Model 4 78 1.063 21.5 77 1.055 20.2 81 1.056 195 81 1.059 194
Model 5 81 1.046 20 31 1.046 20.3 32 1.007 18.7 79 1.008 19.6
Mean” 81 1.072 19.2 30.8 1.077 18.7 82.4 1.05 17.8 32.8 1.04 17.7

D Confidence Interval : Interval between P90 and P10.

2 Relative Error(%) : Relative error between P50 and Real value.
Average of 5 Models.

¥ Mean :
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Figure 3.43 Confidence interval of test data (b_Pred2 Modell), (a) Case 1 (b) Case 2.
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Figure 3.44 Confidence interval of test data (b_Pred2 Modell), (a) Case 3 (b) Case 4.
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Table 3.24 Compare result between b_Predl and b_Pred?2.

Case 3 Case 4
Number of Relative Number of .
data within Confidence ' 2) data within Confidence Relative
the confidence intervall) Error the confidence interval Er;ror
interval (%) interval L
b
Predl 32.2 1.051 17.8 81.4 1.05 17.7
Mean”
b
Pred?2 82.4 1.049 178 82.8 1.04 177
Mean”
U Confidence Interval : Interval between P90 and P10.
2 Relative Error(%) : Relative error between P50 and Real value.
¥ b Predl Mean : Average of b_Predl 5 Models.
Y b Pred2 Mean : Average of b_Pred2 5 Models.
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EUR Predl ®9°] o5 3, 35804 A& b _Predl 229 oF 3k, 3.34 A
golg D _Predl Zdo] o= 33} b_Predl o3 #ol D_Predl <& #s #3
o8& F71st9AT HEE oEmde] Aol MAEA &t v W
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