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Estimating the social carbon cost of CCS expansion through machine learning

analysis considering the uncertainty of the integrated assessment model
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model
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sk=2 A2l EtAH|E, BAE L NF, S 7t BE, J|Aleks
Afo10f Social cost of carbon (SCC), carbon capture and storage (CCS),
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Integrated assessment model, machine learning

g4 3 2 A A (carbon capture and storage, CCS)2] &&-& o] wjEHS st A+ HF+ &9
o)}
AR

SR 2C 4% AR BEE AT 5+ A= AAH A2Yoz mAHL Uk TPl E BTshI CCSY
TEe A 22 D ANAQ vg B BEE BAlo) A% Awsta ook webd CCSe AREol
A% @A FAETE 210090 o FEE A §Fo] BEA nXA T FE Utk o EAE A3
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% B4 H]-8(social cost of carbon, SCC)JJr CCS¢] CO, 3] ¥ H]&L Hlwsle CCSe H &
HeS BXMs= Ao] BFAolt)h 3, SCCe 2% 522 Q% AS A I & A= o=z, dut
=3t 37} =d(integrated assessment model, IAM)-& A}-&3}o] F

13 SCC FHd| B840l EAFTh webA SCCOﬂ HAe BG4S
TelA = HEd 1AM 9] Aol o2 Igk SCC A #he B S

Z:

(generalized) 38 IAMS 7§4t3t7] 98] 7] A &<5(machine learning, ML)2] &< A|¢tsict dwtsld [AM
7I¥k ML 292 SCCE Al4retal SCC WMelo g5 &2 & Adste o A& =3, CCS CO, 313 H]
€3 SCC & W& vluste CCSe nl&¥e] A4S F3dth /Idd 2de SCC F4o wAE &
gd8e AW B9 ol FE ot A Alveledd g SCCE A&sA F8E = 3o 7%

B3 % CCS 7% s e 25 ool §8% F3 AR B89 5 9
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Abstract

The utilization of carbon capture and storage (CCS) is being explored as a potential solution to offset
residual emissions thus achieving the target of limiting 2°C rise in global mean surface temperature.
Nevertheless, the implementation of CCS continues to encounter challenges related to financing and the
overall cost-effectiveness. Consequently, if the growth rate of CCS remains low, the projected storage
capacity may fall short of the target set for the year 2100. In order to address this issue, it is essential
to assess the cost-benefit analysis of CCS by comparing the social cost of carbon (SCC) with the CO,
avoidance cost of CCS. On the other hand, SCC represents a value that measures social damages
resulting from temperature rise and is commonly estimated using integrated assessment models (IAM).
However, the complexity of IAM introduces uncertainties in the estimation of SCC. Therefore, it is crucial
to characterize the uncertainties embedded in the SCC. This study proposes the utilization of machine
learning (ML) in order to develop an automated generalized IAM that can effectively capture uncertainties
associated with the estimation of SCC due to variations in different [AMs. The generalized IAM-based ML
model is employed to calculate the SCC and generate a probability distribution of SCC ranges.
Furthermore, a cost-benefit analysis of CCS is conducted by comparing CCS CO, avoidance cost with the
SCC probability range. The developed model not only describes the embedded uncertainty in the SCC
estimation, but also enables a rapid estimation of SCC for numerous potential scenarios in the future that
can serve as a valuable reference for climate policy and mitigation efforts such as the expansion of CCS
technology.
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A AA 7SS B 54 Ao 7]eo] 15CE 238 AR Yeyt

(IPCC, 2018) ..o 11
21003 7bA 9] A7 25 W3F A (IPCC, 2022) ..o, 11
IAM B9 ZDEFE e 16
a) FUND, b) PAGE 8! (¢) DICE E= O] ZHZEE s 17
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diojg o] x3E SVR S AES g5 2 HUF A MBFE e 22
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CCS ANual &7F 289 SPP 15-E] SSP57FA| o] A3 A A2 Alvke] Qo thgh
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1.1 9] w7

A7t FHo A AT LR AT BULEE 2017d0] 4JF o)A & oy oF 1° 4
AT oW tiel At AYR Sz LusE An gor, 53, A AA AT
20-40%7} 71 T & ARl 15Ch M L% 44 A¥sn AP L1 IPCC, 2018). o]
A
o

2 zgato AT AA Az A7 WSl A = AT Svhe AA B
stz Qls 21009 AT exe 4dsh ol ol o
.2; IPCC, 2022).
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dioxide removale] &< AAsA vk PCC Avhe] 2(PCC, 20189) P2, P3, PA)o] wzw 2100
% CO, AEAZL oF 348 Gt, 687 Gt @ 1218 Gt= AL g HiAe Br} Az w
A, 71$¥3t gsle AAdR A-E AYY FHE ofrlsiH, 53] AR A 2030 o] A,
fr 2 7h2=9] Ae= 2050 01 dof] B3] $3o] ZHold AHogy m3k 71 B go] 2° AT AR
oAl ¢F 1~4=% USDel| ¢]& Ao =2 HWsta Yt olg vl &S Fol7] A g BiA=
CCSel 9&& =3ttt

il
=
A9
)

b 20119 7€ E8%F<Q CCS 7leMEde 53 247~ &S Eol1 AAAEHE S A=
371 98 =7} CCS & t} %2148 (National CCS Comprehensive Plan)’ < #3atdch o9 &
d3te], 20119 F-E 2013@7kA 713F &b 194 CCS 71€9 /Mds AF3shr] 91 L—&Rzuﬂ,
AaAl F7F 2 I3 BEEHS 53 4F 049 CO, =F JiES FHIGT. 2014dRE =
bench-scale CCS 7<= /N#& EXx3tgow, 2017dFH 2019d7HA = <4 AHE 7]‘%'}3i o 1
2 ujEdel gk CCS 7+ &3 tid A AF5S I3t AtkKoh et al., 2018).

a3 CCS 71&2 o714 E=do] EAgt}. CCS 7+d9] F8 oS IA 7l€d 9 74

1 ZHo A, XA o= A% (geological carbon storage) CO,
= Azt @F& Fl AFSeservoinol A F= 7hsAdol Jow AstrFs LAY AF O
71l wlEE & tHCaesary et al, 2020). ZAAAA FHolA, CCS= A& HFAJA A7 FA4
(long-term investment)E& F st #d Aol £FH dA L} T Qo= CO, &4 IHo]=Zg}
A3 A2 A AFFo] EFEHM, olF H7E, 75 F ANdste d & HlEo] iﬁﬂ% A
S 2 YErTh ol Hg g3l A CCS ol Ao tigh Hrprt o o= FRlFa . o]
o, olefg &<l WY F styve CCS Fufo & A3]|A g4 B]8(social cost of carbon, SCC)<
Hels AHKrE= Zolth CCSe Hl &3 &4 (cost-benefit analysis)& SCCE A3t H7ME 4
goemz CCS 7|&o] SCCRT; AL H|EoZ CO, &S AT & U CCS= vl E-#He| 3
7He AT AoE FHM, o= CCSet 2 diA ®4& A A= Tt Aol stk
£ 9Ju|tk(Heyes and Urban, 2019).

SCCE +% 5o = g A3l

AA 7HX 2 Brieta Aosith. FA A R EHE L dx
72 v EE Qs T E= AN A &5 © A,
A A 715 Ao g &utE W7t 7hsdtthAnthoff et al, 2009; Tian et al, 2019).
SCCY AHAol= AF A"l 9 AFAAZ FHaio gk AAES AT FAH/IED
(Integrated Assessment Model, IAM)o] F& AR&E+=H|, o] 23}= 4HFH = SCC @t EFAA8 S
WEsty o], oo tigt ARE A AFTEd 87 Aok IAM 2d F 7 Bol AgHE B
9.2 (Climate Framework for Uncertainty, Negotiation, and Distribution (FUND) (Anthoff & Tol,
2014), Policy Analysis of the Greenhouse Effect (PAGE) (Hope 2006; Yumashev et al., 2019) %
Dynamic Integrated Climate Economy (DICE) (Nordhaus & Sztorc, 2013) o|t}. A md Ztkeo] FH
Aol e mE oA ARSI AA A HolEE WA Aoz A=A UrHCaesary et al,
2023).
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2.1 A3A g4 BE 3 SREUIEd ESAA

ABAAA wE, 7% 2dY, 71$ F3 2Y %
AES A3}, DICE= SCCe 7} ¢ =WstA EEs= vt
long right-tailE 7}A 22 ItHRose et al., 2017). 7]1¥F =& T4 L2421 DICE, PAGE, FUNDE H|a
st A3, Al 7HA] IAMo] A2 e ZAHE JHH2ue AS s tiCalel and Stainforth,
2017). wEF 4 T4 3671 [AMe] SCC FAAFe] tigk SCCe #E7F -13.36USD/tCOz0l A
2,386.91USD/tCO, (B 54.7 USD/tCO=E FH 218kA UElGt(Wang et al., 2019).

71% W7 =(climate sensitivity, CS), A|H-F-EH H7}, &2 &S B4 A, o] EFAALS
<5 W3t 9 AAH #Bdo] glom, O Ax P Hele] SCOUF HAs = As wAdH
A

(Downing et al.,, 2005). CS, daf &=, Al LA A, A& HEE 7|¥o=E JA
AF3staL IAM Abgofl tigk oA 71 dijks Akt (Metcalf and Stock, 2017). F
71421 dHlolEE &l SCC FAHAE /MAdsioF ki Ak Th CSe] B4 s 3
g £48& S5t F d 19 2% 535 DICEOA B F=AtHMenoy, 2020).

&
o

N & &(pure rate of time preference, PRTP) 53 Z& wj7jH+E £33l IAM 28
Zlvro 2 BASGTHE 2.1).

IAM =& B4 v/ i =&
Calel and Stainforth, 2017; Metcalf and Stock,

71& A% = XHA A3
15 A =CS) 1734 A 2017; Weitzman, 2012
= = - Martinkova and Hanel, 2016; Ummenhofer and
7% BE 7% = © 7] AFo] ¥ ’ ’
1% g=(e 2., 173-0]H) Meehl, 2017
oz g Calel and Stainforth, 2017
ol nE A7+ 5-8(PRTP) Downing et al., 2005; Metcalf and Stock, 2017)

o
E?{J
X
12
4
Ay

Li et al., 2014; Weyant, 2017

&l AM =de AH8E U =3<=(probability density function) 23S 7]¥to g2 <oF 3°Co
CS #<e oF 3ICE AT T8y 713HEE Qs8] &% 97 ms) ¢ 7tsAsS 18dhyo

JH AF(AA: Weitzman, 2012)ol A= Pareto EEXE o] &3] 6°C == 12°C ¥ & CS #°l =
=2 F IS BAFon, CSzte] A8 ESAS wiHs & stuE Agdo =3, 714
oo R % FF7] @ FAS AlxHl ®ste} e o FaA] Xg 7% o e XA
A o] E3HA A o] EA e tHe.g., Martinkova and Hanel, 2016; Ummenhofer and Meehl, 2017). &
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7] 5%, CS ¥ F BEAZFA| H(radiative forcing)® 74 = A9k Z [AM]
o 7% E4E FAste AAAE 2= WSt wet AHSEE e
= ot BEY] ujiel E84ddo] wAdit. &g miyiv e = PRTP,
A(p), 2813 107 44 Z27H8(@S 2@ech. 2t JAMS PRTP gholl <Rzt

Of

2.2, A R 71FASL Bopill A 7ATSE AS

*E 9WE v (support vector machine, SVM)S AL&3te] A=y Ao} o
olHel 7] & Mg AL FEUAEE &&3 CO, MEF S d =319 tHSaleh et al., 2016). 1770
(W=, T, A=A g5 F)e GDP, =A I+ ¥ 7o Aoz Qg CO, MiEdS F
Ast7] Y8 9F AlA 3 ZvMartificial neural network, ANN) Ho“?.j:% AHg3tH tH(Jena et al,
2021). ANN2 AAIE dlolEe EA3t= HAdg8AES 228ty 93 584 wEo] AgFArt
Hybrid GRU (gated recurrent units) ¥ XGBoost= <74 < 71 ZAd g F7b ARk g
A DAL M2z HEFS ARESt] &% BEY CO, wWEZFS oS5 thHu et al, 202D).
Hybrid ARIMA-LSSVM (autoregressive moving average - least square SVM)& z}z} &4 7149
Ay 2 uAyg RS st 98] AFEEATHZhu & Wei, 2013). 3 dlolE AEE <Y 7}
7ol 3032700 AZE ZIFHJT. 4L A 714 2939709 F A HolHE AHEste] mE o
g4 7HAS dS535h7] 98] ANNol A8-FSdth(Yahsiet al., 2019). dF Ax= 4 2A A A=
AR ol Ba AR At A QbAoA Fag orE JHXth

X

e
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gae) A5 ¥46COE GHG M2z <
A7t AHH O B oo} WSS BAA R EIA] 7
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AR &H]
Sl (Remeur 2020). SCCE
g2 712 zddEY. COo, ¥

o
>
>
ot
)
rO
=
ofo
ftlo
rkfl o
=)
P‘E
H
e
rlr
r}o

@ AsFe B, FhE WEHE 9x 1E

ks
non-CO, GHGS] &|F4 H7F 3kl SCCe &@4AM 3o A% 2 7% AA FHdA a3
o8-S 3tHTian et al., 2019). AEY F4 71T SCCE Ao ZH =AHH SCC ZAL 17
st FAH 55 B3l LA A FAFE 5 AtkDe, 2020).

@ A4 e

< 5¥xzt

SCC 4AA e SFH7IEL(AM)e] e AlgE . ditd o= [AMS ARSI AAY =g, 7%
Hk-S- 25, 73] /&2(damage) 2 vl E<l(future discounting) REZ FARETHLH 3.1; Ricke et
al., 2018). IAMS =& 3to] 43 49 A A AT A" " ASAEAZ AL O

o SCCE 7 _6_}_ 2909, BE AT/} UME o83 SCCE RRsn. 7
IREERE

Fl

Az whet, QIZF FFoF RIg 24V~ HWiEHS FAST d4 wEF
adgs ] F XPE’O‘M] He WEFS 7de g 24729 7] F w57} —r%%l
B A} ZFA 2 (radiative forcing, RF)3F CS #S nlg oz &% A< FAH3IT SCC

Aol w2 EAMATEPRTPZ FH

Socio-economics
module

Climate module

Damage module

Discounting module

SCC

(Social cost of carbon)

a9 3.1 1AM ZE9] NEE.

A 7HA 1AME] HAl AL o A2~ 2EaS A3kt FUND, PAGE, and DICED (18 3.2).
A8 BAH =
HES U FYLY AFE AGH wﬁxﬂﬂ 43¢ A FTHKrichene, 2019). 1T F7HE

7%, DICE= %8 A4 (total factor productivity, TFP), A&, Q7o) 4o A

13.4%=, 2050 <17+ A= UNS x|} sdstar 2010d AlA FA40E2 1A

1)

FUND3.9+=
(Anthoff &
DICE2013=

http://www.fund-model.org/ documentation/ % https://github.com/fund-model/MimiFUND.jl
Tol, 2014); PAGE2020+= https://github.com/openmodels/MimiPAGE2020.jl (Kikstra et al., 2021);
https://github.com/anthofflab/MimiDICE2013.jl (Anthoff et al., 2015).
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o) SEThTh 05%4 A AL /1F02 3 TFPe| 27 AFES 7.6%%ch <1914 CO,
F%e TFP, AR/FA, AT, B& A4, HE FASCREF FEZRE 774 %u} wa 7o
& 20159 S 7|0 R 1.52%9 7] AREH Sdrtth 0.1%8 HAaste Ao ® 7pgein

FUNDE oy x wd# 3x7-14(EMF-14; Energy Modeling Forum, 1995)¢] <1+ % &5 o]
B HEE AES9Y. CO, MiEFME 2+, 1903 GDP, &4 HS=, dux IgFzz FAd
7tok F4E AHEste] FA e

e e

PNYJ\FE

P& Q1, Y+ GDP, Ex oA AHEFS 53t 1919 GDP &2 y= GDPgF Q179 H], oA
Hozle)s oAMHA AHEFH GDPe| H], g Ztl‘lF_‘?.(f)E %%’;ﬁr ANAA AEFe] Bl A
o3ttt

PAGE= IPCC7} H H7F BuAe F8% dY A5EE AET 35 A3 7% A7 Z(Shared
Socioeconomic Pathways, SSP)¢} tix% &% 7 Z(Representative Concentration Pathways, RCP)&
Frzet thKikstra et al, 2021). SSPe} RCP+= A AlAl QI+ ¥ GDP9} 22 AS|AA A FAHE
AFdTh HEF 712 RCP AU L2 7MEAE Fo% & AEstHOrsA S7H82 2020
Woll 1.02014 AlZFsle] 2040 1112 HuXE 7]=3 F 23000 0.0052 Z4), A7 %
GDP #71& 715X = SSPE # =315t

Socio-economic module om0 Damage modules Discounting module

(i ) o) { pomese [
aggregation

 Energy intensity | | Carbon imtensity | =~ Ss®r®
. * Regional: 16
of production of energy use

sCcC
Abatement
Climate module
tee égd Industrial
Eviiaeee emission AT
Land
emission
Carbon cycle Forcing
Earth = five boxes Non-CO, = CH,. N,O, SF,

(fraction emission)

(a)

_17_



Zt IAMS] 71& dHolH &

Billion

10.0

Socio-economic module

Emissions growth

Climate module

Regimar & Damage modules

Emission

Emission
natural

¥

Carbon cycle

Damage

aggregation |

® Bector 2

| Reduction |

+ Regional

Remaining emission m the atmosphere
(atmosphere <> ocean)

Forcing

Non-CO, = CH,, SF,,

acrosols extra (e.g.. N,O)

(b)

Climate module

 emission (Ep,q)

Non-CO; = ageregare

Radxatwe

Atlmosphere, upper ocean,
lower ocean = concentration

14 3.2. a) FUND, b) PAGE ¥ (c) DICE =4ge

re. upper
oveean, lower ocean

(c)

B Aol wha W dolHRT ol AsAAE =
ggdch =@ 7 IAMe] 3@ehe SCC

95

9.0

8.5

80

75

2020 2030 2040 2050 2060 2070 2080 2090 2100

(a)

Million 52022

_18_
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Discounting module

Discount rate

3CO
SCE;
5,:,8; ($/tco,)

i

4
ot
ot
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e

——

0
2020 2030 2040 2050 2060 2070 2080 2090 2100

a9 33, ZF IAMolA a2 A A A A HolE: PAGE(F34), FUND(Z4Y), DICE(zgHA]). d o] E

=

(@) 917, (b) 1209 GDP, (c) B4 H| &=

5 (d) s SCC.

32. 71AEE S 83 &4 AFF 98(6CO E FE A4 A3 € CCS Fulo IF

(28 3.4.

0%

o3 rot

9124 o 0] &f: ALS|ZH|E Hlo|E]

IAM #1
IAM #2

IAM #3

Baseline
ALt 2

ZEHFIEE AlBaold

CCS &hof
AlLtE| 2

2H7HER MEH S

-

t wge =2A 7

TEE FAH=

70
6

INASERE

B X=:
RMSE, R2

9 34, AT =

_19_
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3.2.1 4¥tslE SVR-IAM ¥ SCC && WY 3

B AFE JASks WS AXE WE 37 (support vector regression, SVR)E &3t o]
e FiHow 22 HolHAdAR £/, 37 H dFdA 3 Sg HAes BEllve &
Ho] gtkDrucker et al., 1997; Moura et al., 2011; Pedregosa et al., 2011; Wang et al., 2017; %
2 A). SVRE AEdtg Wielr] Wi 4 wANA 9 Wi 29 W5 e s dn
st¥l SVR-IAM =d E-317] 93l IAMelA B4 8 dle v ARSI AAA Ave 9}
Aeld PRTP 2 CS ghol7] wjiol olejg viiisE 48 M4=E AAsa, SCC @ &9 §
FE AQ3

geFgt PRTPH CS #S 2#str] 918l PRTPE 371A A2 PR3P oM, A PRTP 3
2 SCC wgt #4 dAFolA 7H wol Arg= #<l 1%, 1.5%, 3%°]lthWang et al, 2019; 1%
3.5). CSat2 71 w2 Xgd A 7S wdstr] 18] CS Pareto w2 <A35HH
3°C, 3.83°C, 6.71°C ¥ 11°CE A &3ttt stte] ™ A3 A o] MEo| thd CS% PRTP
e Asted F 10719 SCC #reol ==t 3.6, & 3.1D. A3 ZAAA dolE = 202018 F-E
21003 7kA] Az dolH®E FAEM, 2+ 70%, 20%, 10%2] ®l&= F@(train), 7 Z(validation),
Bl 2E(test)e] Al 7HA] HolE HME=Z Utk T A T dHolH HEE ALgste] a5
Fom, AF 9 H2E HolH MEE $£dd 2dS HIsts dAA AgdtH(adE 3.7). B+
AF2 2xHroot mean squared error, RMSE)$} Z & Al 4= (coefficient of determination, RH)<] 7}
Ao wet HFeo e mde A7) 93] SVR &to]¥ b El(hyper-parameter)e] 154
(fine-tuning)S Al 34 3k},

social cost of carbon (S/tC)
10000

000,

st~

7600

600

0

005

A0

) .

0004

L% o,

1000+ .

1 .

‘ l(,imun'l-.- F 1

0 0.02

0.02

i

Tong

ng

0.04 0.06 0.08 01 0. IIPRTP

T s 3 4 & 3 0

(a) ®)

1% 3.5. (@ PRTP 2 (b) CS & 8 A}ah
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3500 3500
3000 3000
., 2500 2y 2500
O Q
L 2000 &) 2000
b
T e
o &
o 1500 o 1500
o o
& &
A 1000 4 1000
500 500
0220 2030 2040 2050 2060 2070 2080 2090 2100 0220 2030 2040 2050 2060 2070 2080 2090 2100
(a)
(b)
3500
3000
2500
o~
Q
£ 2000
&
& 1500
8
£ 1000
500

—————
02020 2030 2040 2050 2060 2070 2080 2090 2100

(c)
a3 3.6, ZF TAMAlA 42 SCC 73 PAGE(EF34), FUND(xAY), DICE(3&HA). SCC+ (a) 1%

PRTP, (b) 1.5% PRTP ¥ (c) 3% PRTP. Z} PRTPe T}k CS #t& 4= SCC #t.

3% 3.1. PRTP$} CS #e] =3e 173 SCC &t

PRTP 71% DA=(CS) (° O Hl
2.8 SCC_1
1.5% 3.8 SCC_2
6.7 SCC_3
2.8 SCC_4
1.0% 3.8 SCC_5
6.7 SCC_6
2.8 scc_7
00 3.8 SCC_8
6.7 SCC_9
11 SCC_10
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M2 BHH HlolE scc

‘ Train data Input Fine-tuning Output

Jo
ol

hyperparameters

SVR 2.&

Evaluation metrics:
RMSE, R?

I e
7t Validation data
Testdat sgE 2y scc o= gt Output

a9 3.7 "oy £&o] x3H SVR RES AHESH St 9 U A8 TR

oy
ol

shE duksl SVR-IAMES ghaksk mlg] ARSI A A A AU L& 7o & SCC #S d=3e=
ol &&=, o7]ol= DICE, PAGE, FUNDS| Al 7}A] IAMERE ofue} &5 AL3] 7 Al 7 Z(Shared
Socioeconomic Pathways, SSP)2 7]=(baseline) AlU8] L= EgHT}. SSP+= SSP1o A SSP571#], o
oFal AE A A2 AlvbE] 2ol tiE A ™ (narrative)S £33l QItHRiahi et al., 2017). SSP1-& A<
7h53 Bd AR, SSP2E 5 AR AEE Z W3l Qe AR 9", SSP3e b A9 F @
At FAFshe B A BE, SSPAE =7F 3 AXUE dHojAe 53 A PR, 18
SSP5& 3t dAxe) o EsteE 1& A HAEE TS

ALB| A A HlolH = mejo] BSAAES Fobstr] 98] thket Tt A AAAH 218 A
ste EHIZIEZE AlEFHoIAS F &3t ZH 7S ZMonte-Carlo) Al o]AL 948 HlolHE 7]
Hro g Qlojo] g MEste] A EHolAES Falste WAooy o, HA 2 FFHA Wiyl
TE ARG F Ak oldd WHES T v e JHedS REdsta, o mE A
EgA4Es FAY F Atk ZHILER AlEEH AL 4001 o] FAH wH AU LE FIIE

=3
A8tz ¢8) 1AM 2 SSP dlolE 2ol dis] Z

72y A AAA Ay Lo LAty 3.8). zF
Avgl e dial Yuks)t SVR-IAM 2dS AR&ste] SCCE FA st ZF wlo g 2 &85 7

4813 SCC ghel BEo tjdt R4S Faa

2) SSP dHlolE+ t}S Ao A &5 https://tntcat.iiasa.ac.at/SspDb/dsd?Action=htmlpage&page=10,
- 22 -
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) WIS 2

105
12
10.0
1
c 95 c
.0 9 1
& M @
9
85
8
8.0
7
75
2020 2030 2040 2050 2060 2070 2080 2090 2100 2020 2030 2040 2050 2060 2070 2080 2090 2100
(a)
70 160
SSPs
140
” ~ 120
g ® 8
S 8 100
(m 4 c 80
0 0
= =
= =z 4,
20
20
2020 2030 2040 2050 2060 2070 2080 2090 2100 2020 2030 2040 2050 2060 2070 2080 2090 2100
(b)
100000 3 ’AMS T | SSPS
L LALLE 120000
80000 i
100000
o) o
O 60000 F goo06
- 4
= =
40000 60000
w0000 —’_’;—M 40000 \
20000
2020 2030 2040 2050 2060 2070 2080 2090 2100 2020 2030 2040 2050 2060 2070 2080 2090 2100

(c)

19 38 A AAA Ay dig EEHFERE AlEHCA A3 (@) 7, (b) 19979 GDP, (0
247k wiE 952 DICE(FEAY), PAGE(F24Y), FUND(=4)2] 37H4] 1AM 4 o]

R T W

i, LEELS SSP AlvE e At

3.22 SCC && W9 +4 CCS g9 I4%F

A& AdEle delE sSP YT eE B4 B 2 /14S FRP 98 Adeles 23
ghoh(Riahi et al., 2017). o]=gk €3} Alygles 1.9, 2.6, 3.4, 4.5, 6.07 22 RCP ZH Y9 =0
FUAE GG RE £ES 200 £995. 1hel SPCCS Aol @ w30 dsEs

AEECIAS B 70070 gAA wle) Al eE Agshel AwshE SVR-IAMT FH® SCC

el &E BEE A8t SCCE FAITHE 3.2, 11" 3.9.
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3 3.2. SSP-CCS AlytE] Lo thek 45

SSP RCPs} #dd &3 Auge
SSP 1 1.9, 2.6, 3.4

SSP 2 1.9, 2.6, 34, 4.5
SSP 3 34, 4.5

SSP 4 2.6, 3.4

SSP 5 1.9, 2.6, 34, 4.5

Billion
=

2020 2030 2040 2050 2060 2070
(a)

60000

40000

20000

Mt CO,

~20000

1% 3.9. CCS Alygert A84

Million $2022

2080 2090 2100 2020 2030 2040 2050 2060 2070 2080 2090 2100

(b)

2020 2030 2040 2050 2060 2070 2080 2090 2100

(c)
SPP 13-E] SSP571A 9] A3 A A A Alnvtg] 2ol o3 ZeHIER

AlEEold A (a) 1, (b) 191% GDP, (0) 4712 W&

SCCe| Hl&He BAL2 CO; 3Hn &S A&t WAooz IAPHon, o THL It &
Fshd v g(evelised cost of electricity, LCOE)® W& ©9d ] EF(CO,/MWh)<S W sh=
Waoz At 53], Austgddad CCS 7|&S AXYS w d& & e vE "7
a5 metslty] fsl wEF zkolo] gk LCOE zkole] Hl&& AsiATh B A9 F24d 4
Sty ante aHdvs Hol Folsiof I

LCOE s — LCOE,
€O, 3 5 v & = (tco/MWh)Zs— (fco/ﬂ};’h)ccs (E43.1)
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I

LCOEE: 9ub® oz wassl A4 £30) 5% 7453 HAFE o3 s % g 7
o) mgo wﬁ&c}.

§ Covt OMAE,
= 1+7)
LCOE= "1 (Er) (E43.2)
t

=1 (1+7)

FH Eoll= A2 180, &9 2 FA & H]Jgu(opelratlon and maintenance, O&M), <& H]&(F)
1513

o] X AE H|E AA o= WA AL HA, 2 AA(engineering, procurement,
and construction; EPC) ¥l§, 2, EA| A& 9 & °Z}«l ZZAE doldHd H§ & XS

(US. Energy Information Administration, 2016). O&M H] &2 1 AHO&MI} HEF O&MO =2 FE3}H,
I O&Mell= Ao F4, e, A=, d38A FA #E 2 SHE ALY Av] 87 ARR7HA
Z3ECHU.S. Energy Information Administration, 2016). ¥ 50&Moll+= A 4

G4 9 Fol B8
A7 2T THA PG & B o] &E(capacity factor, CFoll WAl wdg&3F
MW)S F3 gtoz AojHt. &3 AFCre #d4e A% 2 7H5 Ay #Ho] gloy, &

J&re A Y F F vE&S A X E A4Skl o] & tHUS. Department of
Energy, 2015). LCOE:= oA 4 9SS 30d 02 7FAse A& 0&M, A8H], &g i o
QF3t o94(3&. 3.3, EIA, 2016, NREL, 2022)¢] dHlo]HE St A4ksit,

3E 33 O AN €& CCS 7ol wh& CAPEX, O&M, A &H] HolH.

A e WA A

CCS v & & CCS A&

CAPEX $2022/kW 2901 - 4435 9529 - 6202
O&M $2022/kW-year 100 - 162 161 - 289
dAE vE $2022/kW-year 159 - 205 203 - 227

Zx: US. Energy Information Administration (2016); NREL (2022)o)l 4 =3
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MM 2ttt
V. 4 21t
4.1 ¥v38 SVR-IAM 2 SCC && Y A

I, 1919 GDP, 24712 wj&3FS 48 Fo & &83te] SCCE dFste T4d o
%, RMSE$} R? A FE AMg3le] SVR e %S Hridth Hr7 Axo) nad 34, 145 4
Bl2~E HolE ¢ RMSE #-& 4.4E-04 ~ 1.01E-02 ¢ ol Qom(FE 4.1, R*= oF 9.9E-01°|t}
(F 4.2). o]= SVR 29| SCC o Zo] Aa] SCC # Ao IXFE AL ousiw(2y 4.1),
wetA AFEE Al 7EA] [AMel A dutald mdS =28 oo E£3, A 7R 2de] Fd, A
%, H2E HolE AEo] thi RMSE 2 R? k& vlwstd §A3F 3-8 el o= wdo] 3}
A FAE a9HoR At e on st

o
ftlo
A
Y

l

# 4.1 <3 SVR-IAM =2 RMSE A}
RMSE
Data SVR Model 1 SVR Model 2 SVR Model 3
(PRTP1.5%) (PRTP1%) (PRTP3%)
Train 1.70E-03 3.01E-03 3.78E-04
Validation 2.36E-03 4.15E-03 3.84E-04
Test 5.95E-03 1.01E-02 4.4E-04
Z 4.2 %3 IAM-SVR 2o R? A3}
RZ
Data SVR Model 1 SVR Model 2 SVR Model 3
(PRTP1.5%) (PRTP1%) (PRTP3%)
Train 9.99967E-01 9.9989E-01 9.99998E-01
Validation 9.99933E-01 9.9976E-01 9.99998E-01
Test 9.99463E-01 9.97294-01 9.99998E-01

PAGE - prtp_15

5000
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USD2022/tCO2

2000
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2020 2030 2040 2050 2060 2070 2080 2090 2100
Year

Actual:SCC_1 Actual:SCC_3
Prediction: SCC_1 Prediction: SCC_3
Actual:SCC_2 Actual:SCC_4
Prediction: SCC_2 Prediction: SCC_4

(a)
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FUND - prtp_15

w
=3
o

N
~
v

N
v
o

g 225
~
S
200
o
]
=]
175
150
125
2020 2030 2040 2050 2060 2070 2080 2090 2100
Year
Actual:SCC_1 Actual:SCC_3
Prediction: SCC_1 Prediction: SCC_3
Actual:SCC_2 Actual:SCC_4
Prediction: SCC_2 Prediction: SCC_4
DICE - prtp_15
400
g 300
~
o~
o
o~
@
£ 200

100

2020 2030 2040 2050 2060 2070 2080 2090 2100
Year

Actual:SCC_1 Actual:SCC_3
Prediction: SCC_1 Prediction: SCC_3
Actual:SCC_2 Actual:SCC_4
Prediction: SCC_2 Prediction: SCC_4

(c)

a9 4.1 Al 7FA] [AMell tigk SVR o Sgkak SCCo| A A gk vl

dutstE SVR-IAM RhS f2 F, o] RAS Fgate] F@e FAH vy Auged did
SCCE o)=gth o] 2 &) SSP 2 EHE SR AEHolA FUt HolHE SEst & 4007
Aueies I

7 stehvlE gt wstel] mbE SCCe thast o] Walstglth. PRTP o] siths 212 71§33}
2 A% e d Adizh Aol dos A onlstn), SAH 71F A dYe G
CS #ol &&= 7|FHst2 Qs 7l2o] v ®Wel Festa de] =7t o AR AL 9fv)
ATk PRTP #ol 05% zHashd SCC kol oF 15w 7letgom, CS ol % w2 F7isid %
4 g PRTP toll wisfl SCC #tol 15wiolA 1.9v) WSjolA Friaot

SCC ®He &5 Ex&= ALHAH. SCC A3 && = aA
gom, o]= SCC #ol =&FF dF SCC kol T4 FEo] Zagqvds As Uehin. dF &
o], 2020 W+t SCC #t2 482 USD2022/tCO= F =™, 7Md & &E<S 7H SCC
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USD2022/tCOzel 1 4.2b; 3 4.3). ¥k, 21008l H++ SCC Frol 1039 USD2022/tCO.2 &5
stal, 71 w2 &S 712 SCC k2 180 USD2022/tCO2 FAHEHAUATHH 4.2c; & 4.3). 7|+
Ayl oA 71 e &89 SCC #e &F ZashAv, 20200 Bla) 2100 d] =2 SCC #

of WY FEo] 57 e & g Utk

l

1

p
o
el

SCC & it - 7|F ALIE|R

2022 USD/tCO,

2020 2030 2040 2050 2060 2070 2080 2090 2100
Year

@

SCC probablilty for 2020

Prok value
&
b

0.02
- ‘ ‘ “ d
0.00 -

o o

o
=]

1000
2000
6000
7000

g
SCC 2022 USD/tCO,

(b)

SCC probablilty for 2100

Prob value

| }Ju‘ lhuiln- i Dug | TV

°
2 =]

2000
5000
6000
7000

¥
SCC 2022 USD/tCO,

(©

19 4.2, 40071 w AR A AA Alve] o wE () 202003 (b) 210009 SCC && X A
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3 43 719 429 SCC && & 9 8°F 23t

SCC (USD2022/tCO2)

d=

HA B A H1 &
2020 15 482 2172 210
2100 -45 1039 7024 180

42 SCC &€ ¥4 54 CCS g9 9%

B odnkste mds oekd v A CCS gl Alvel o] dis) SCCE AZst= bl A&
kAT 400702 71 AldEl L Qo= & 7007He] mf CCS & Alve]e7F arefE o] SCC 49
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