nature SUPPLEMENTARY INFORMATION
energy https://doi.org/10.1038/541560-018-0159-3

In the format provided by the authors and unedited.

Impact of myopic decision-making and disruptive
events in power systems planning

Clara F. Heuberger'?, lain Staffell®7, Nilay Shah?® and Niall Mac Dowell"**

'Centre for Environmental Policy, Imperial College London, London, UK. 2Centre for Process Systems Engineering, Imperial College London, London, UK.
3Department of Chemical Engineering, Imperial College London, London, UK. *e-mail: niall@imperial.ac.uk

NATURE ENERGY | www.nature.com/natureenergy
© 2018 Macmillan Publishers Limited, part of Springer Nature. All rights reserved.


http://orcid.org/0000-0003-1012-7075
mailto:niall@imperial.ac.uk
http://www.nature.com/natureenergy

Supplementary Information for article 'Impact of myopic decision making
and disruptive events in power systems planning’ by Clara F. Heuberger,
lain Staffell, Nilay Shah, and Niall Mac Dowell

Contents

[Supplementary Figure 1: The ESO model framework|

[Supplementary Figure 2: Scenario visualisation|

[Supplementary Figure 3: Cost reduction of SMR technology|

[Supplementary Table 1: Build rate parameter for technology type in
|  GW/year for scenario 1,2, and 3|

[Supplementary Table 2: Data Sources|

[Supplementary Note 1: Acronyms|

[Supplementary Note 2: Model Assumptions|

[Supplementary Note 3: Mathematical Model Formulation|

[Nomenclature]

|System design constraints|

[Unit commitment variables|

[System wide power balance, security, and emission constraint]

|Technology specific unit commitment, power and ancillary service con-
[ straints|

|{Unit up-time and down-time constraints|

|Storage operation constraints|

|[Endogenous cost reduction|

|Objective function|

[Supplementary Note 4: Parameterisation of the “unicorn technol- |

[oey”|

[Supplementary Note 5: Cost reduction of CLC-CCS associated to |
[ CO- transport and storage network|

[Supplementary Note 6: Solution Strategies|
|[Hourly Data Processing and Relaxation|

[Supplementary Note 7: Myopic Foresight]|
|[Review of existing work|
[Rolling horizon optimisation|




[Supplementary Discussion|
[Scenarios with Small Modular Nuclear Reactors and increased avail- |
| ability battery storage as “super technology”|
|Additional sensitivity analysis|
|Electricity demand|

uel pricel

[Supplementary References|




Supplementary Figure 1
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Supplementary Figure 1: Facets of the ESO modelling framework.
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Supplementary Figure 2: Scenario visualisation.



Supplementary Figure 3
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Supplementary Figure 3: Unit cost reduction assumptions for Small Modular Reactor (SMR)
capacity deployment (left), as piecewise linear function (right, diamonds), as piecewise cumu-
lative cost curve (right, squares). The capital cost of Small Modular Reactors (SMRs) are
modelled in two ways in this work: first, at constant capital cost according to supplementary
table[3] second, following a cost reduction curve based on the technology learning curve theory
as presented in section supplementary note 5 and represented in equation Following expert
estimations by Abdulla and Roulstone |1, 2], we choose a learning rate of 10 % for SMR units.
The piecewise linear cumulative cost curve is modelled in the ESO framework according to
constraints— @], see section supplementary note 3.

Supplementary Table 1

Scenario 1 2 3
Nuclear 096 0.48 0.96
Coal 0 0 0
IGCC 0.25 0.25 0.25
CCGT 09 105 0.9
OCGT 0.5 05 05
Coal-CCS 0.25 0 0
CCGT-CCS 0.375 0 0
BECCS 0.25 0 0
Onshore-Wind 1.6 1.7 1.7
Offshore-Wind 1.5 175 1.75
Solar PV 1.5 1.5 15
HVDC (FR) 1 1 1
HVDC (IE, NL) 1 1 1
Pumped hydro 0.6 06 0.6
Lead-acid battery | 0.5 0 0
Super technology 0 1 0

Supplementary Table 1: Build rate parameter for technology type in GW /year for scenario 1,2,
and 3. Note that the build rate of the super technology is adjusted to either 0 or 1 in scenario
1 and 3 for the results presented in figure 4 of the main paper.



Supplementary Table 2

Input data category

Data sources reviewed

Power generation and storage technologies

Nuclear
Coal (super-critical)

Integrated gasification combined cycle (IGCC)
Combined cycle gas turbine (CCGT)

Open cycle gas turbine (OCGT)

Coal post-combustion CCS

CCGT post-combustion CCS

Bioenergy with CCS (BECCS)

Onshore Wind

Offshore Wind
Solar Photovoltaic (PV)

3, 4, 5, /6, 17, ]

[9, (10| LT}, 12} (L3 14} [15)
16, (17, /6, (18, 18]

[9, (10, (LT}, (13| (14 (10, [16],
17, 16, (19, [8]

[9, 20| (10, 21| 22, (14} [12]
23, [15, [16, [17 [7, [18, ]
[21], 22, (14, 12, 24 (15, 5]
17, [7, 118, []

[25, 9| 26, (11| [14, (13, [16],
19, 6, 17, (18, /]

[9, 20, 26| [11), (14, 23, [16,
10, [19, [7, (18, ]

[13, 19, 27, 28, 29]

[30, 211, 22, 31, 19, 7, 8]
[30, 211, 22, 31, [19, 17, 8]
[30, 32, (19, 33, 17, ]

High-voltage direct current interconnection (HVDC) | [34, [7, [35]
Pumped hydro 136, 19, 8]
Lead-acid battery 137, 38]
Power system

Hourly electricity demand [39]

Hourly onshore/offshore wind/solar availability [30, 140, 41]
Capacity reserve for intermittent renewables [42]
Minimum system inertia [43]

CO4 emission target [44]
Carbon intensity of imported electricity [45]

Price of imported electricity [46]
Carbon price [47]
Transmission & distribution losses [48, 149, 50|
Value of lost load [51]
Carbon transport & storage cost [13]

Fuel cost

Coal [52]
Natural gas [52]
Biomass [53]
Uranium (UO; fuel) [54]

Supplementary Table 2: Data sources for parametrisation of the ESO-X model inputs. Most
source contain relevant data to different technical and economic features.



To caption of Supplementary Table 2:

The exact input files for the model evaluations for this work are available at Zen-
odo via DOI 10.5281 /zenodo.1048943 [55] and DOI 10.5281/zenodo.1212298 [56].
The data source was created in an effort to provide a validated and transparent
reference for power systems modelling data, however, no guarantee is given for
its correctness.

Hourly electricity demand is averaged from half-hourly to hourly values [39].

Due to data availability and experience, lead-acid batteries are chosen as case
study for this work. Lead-acid batteries are a favourable technology due to
low capital cost and versatile grid-level applications (peak shaving, load shifting,
spinning reserve, frequency and voltage control). However, low energy density
and environmental challenges with lead disposal remain. However, currently
sodium-sulfur batteries are dominating the market for grid-scale applications,
and lithium-ion batteries are likely to enter grid-scale application [57].

The CO4 emission target is extrapolated from 2035 to 2050.

The value for carbon intensity of imported electricity is set to 0.053 for tco,/MWh
France, 0.474co,/MWh for Ireland and the Netherlands [45].

Supplementary Note 1

BECCS Bioenergy with carbon capture and storage

CAPEX capital expenditures

CCGT Combined cycle gas turbine

CCs Carbon capture and storage

CLC-CCS Chemical looping combustion combined with carbon capture and stor-
age

ESO Electricity Systems Optimisation

ESO-X Electricity Systems Optimisation with capacity expansion

ESO-XEL Electricity Systems Optimisation with capacity expansion and endoge-
nous technology learning

ESONE Electricity Systems Optimisation with spatially granular capacity ex-
pansion

ESONE-XEL Electricity Systems Optimisation with spatially granular capacity ex-

pansion and endogenous technology learning

FR France

HVDC High-voltage direct current

IE Ireland

IGCC Integrated gasification combined cycle
Interconn. High voltage electric interconnector
NL The Netherlands

OCGT Open cycle gas turbine

OPEX Operational expenditures

PostCCS Post-combustion carbon capture and storage
PV Photovoltaic

SMR Small modular nuclear reactor

ST Super technology



TRL
TSC

Technology readiness level
Total system cost

Vol L Value of Lost Load

Supplementary Note 2

The following list summarises some of the assumptions taken as part of the model
building process:

We take the perspective of a monopolistic system planner.

We assume perfect and imperfect foresight over the planning horizon. The un-
derlying modelling technique is described in supplementary note 7.

We assume electricity demand and electricity import prices to be inelastic.
Uncertainty in the input parameters is not considered. The model is deterministic.
In model version ESONE and ESONE-XEL the electric transmission network is
modelled as HVDC lines connecting the zone centroids. In the ESO, ESO-X,
ESO-XEL model version, the electric transmission system is represented as a
single-node network. Overall transmission losses are, however, considered.

In the ESO-XEL, ESONE-XEL model version, we assume that endogenous tech-
nological change is reflected in the capital cost of the power plant only and
are based on global experience until today. Learning (endogenous change) of
technology performance parameters is not assumed.

CO; accounting of HVDC interconnection capacity is based on average carbon

intensity levels for electricity generation in the connected power networks (i.e.,
0.053 tco,/MWh France and the Netherlands, 0.474 for Ireland) [58].

Supplementary Note 3

The following nomenclature and model formulation consisting of constraints and
objective function [40] refer to the ESO-X model.

Nomenclature

Symbol Unit Description

Sets

a yrs planning periods, a € A = {1, ..., Acna}

t h time periods, t € T = {1, ..., Tena}

c - clusters of representative days of each year, c € C' =
{1,...,Cena}

i - technologies, i € I = {1, ..., Ina}

ig - power generating technologies, ig C [

ic - conventional generating technologies, ic C I

ir - intermittent renewable technologies, ir C I

1S - storage technologies, is C 1

il - technologies for which learning rate is applied, il C I

l - line segments for piecewise linear function

Parameters

A, yrs step width planning years

DIni; - number of available units of technology ¢ for a =1



DMaxzx;

Des;
BR;
MA; ,

LT;
TL
TE; .
where * is:
Pmin
Pmax

Cmax
RP

1P

Ems
CAPEX;
OPEX;,
OPEXSU;
OPEXNL,

ImpElecPr.;
UT,

DT;

SEtCLiS
SDur;
SOCMin;s
SOCMax;,
A‘/ir,c,t

S-Dc,t,a
UD

PL,
CM
RM
WR
ST
SE,
VoLL
Disc,
WE,
Xlog,

Xupi

MW /unit
unit/yr

yrs
yrs
%

various

%-MW
%-MW
%-MW
%-MW

%-MW

tCOZ/MWh
£/unit
£/MWh
£/MWh
£/h

£/MWh
h

h
%-MWh
h
%-MW
%-MW
%-MW

MWh
MWh

MW
%-MW
%-MW
%-MW
MW.s

tco,
£/MWh

MW

MW

maximum number of available units of technology 4
fora=1

nominal capacity per unit of technology 4

build rate of technology ¢

maturity parameter, availability of technology i in
year a

lifetime of initial capacity of technology i for a =1
lifetime of technology ¢

losses in transmission network

features of technology i,

minimum power output

maximum power output

maximum capacity provision

reserve potential, ability factor to provide reserve ca-
pacity €= {0,1}

inertia potential, ability factor to provide inertial ser-
vices €= {0, 1}

emission rate.

investment costs of technology 14

operational costs of technology i in year a

start-up costs of technology 1

fixed operational costs of technology 7 when operat-
ing in any mode

electricity import price

minimum up-time for technology ig

minimum down-time for technology ig

storage round-trip efficiency

maximum storage duration

minimum storage inventory level

maximum storage inventory level

availability factor of technology ir in cluster ¢ at
hour ¢

system electricity demand in year a in cluster ¢ at
hour ¢

maximum level of unmet electricity demand in any
year a

peak load over time horizon T in each year a
capacity margin

absolute reserve margin

dynamic reserve for wind power generation
minimum system inertia demand

system emission target in year a

Value of Lost Load

discount factor (1 + r)? in year a

weighting factor for clusters ¢

lower segment x-value of cumulative capacity of
piecewise linear cost function

upper segment x-value



YlOil’l
Yupi,
Variables
tsc

€ig,a,c,t

Positive Variables

pig,a,c,t

deig,a,c,t

pQSig,a,c,t

p215is,a,c,t
Tig,a,c,t

Sis,a,c,t

52dis,a,c,t
82T45.a,ct
slakg. et
emslake,c.t
TSil,a,l

Yil,a

Integer Variables
bi,a

d;,
Nig,a,c,t
Ois,a,c,t
Uig,a,c,t

Wig,a,c,t

Binary Variables
Pil,a,l

MW
MW

tco,

MWh

MWh
MWh
MWh
MW

MWh

MWh
MW
MWh

tco,
MW

lower segment y-value of cumulative CAPEX
upper segment y-value

total system cost
emission caused by technology ig in year a at hour
t of cluster ¢

energy output of technology i in year a in hour ¢ of
cluster ¢

energy to demand

energy to grid-level storage

energy to storage technology is

reserve capacity provided by technology ig

effective state of charge of technology is at the end
of time period ¢

energy from storage to demand

reserve capacity provided by technology is

slack variable for lost load

slack variable for emissions

position for technology i in year a on line segment [
cumulative CAPEX for technology i in year a

number of new built units of technology i in year a
number of units of technology i operational in year
a, cumulative

number of units of technology ig operating in year
a at hour t of cluster ¢

number of units of storage technology is operating
in year a at hour t of cluster ¢

number of units of technology ig starting up in year
a at time ¢ of cluster ¢

number of units of technology g turning down in
year a at time t of cluster ¢

1, if cumulative CAPEX of technology I in year a
on line segment [




System design constraints

dio = DIni; Vi,a =1
bia < BRy MA; Ay Vi,a > 1
diq < DMazx; Vi, a
LT Ini;
dig = dig1 — b, _rriw, +Dbig Vija < =224
s Aa @
LTIni; LT;
diq =diqa—1+bia Vi, tl<a< =—+1
a Aa
. LT;
dig =djq1— bi)a_% +big Vi, a > A—a’ +1
Unit commitment variables
Nig.a,c,t < dig,a Vig,a,c,t
Ois,a,c,t < dis,a Vis, a,c,t

System wide power balance, security, and emission constraint

(7)
(8)

Constraint[I3]is part of the model formulation only if enforced decarbonisation is desired.
Otherwise, constraint [I3] is relaxed and decarbonisation is driven by the carbon price

(included in the parameter OPEX;, ,) only.

Zp2d'ig,a,c,t + Z 52dis,a,c,t = SDc,t,a (1 + TL) - Slaka,c,t

ig 15

> di.a Des; TE; cmax > PLa (1+ CM)

> Tigaci TEigre + Y 527is0,.06 TEis rp
g 18
> SDe o RM + Y p2di.a.ct WR
ir
Z Nig,a,c,t Desig TEig,IP 2 SI
ig
Z (€ig,a,c,t —emslakg o) WF. < SE,

ig,c,t

> slakge WF. <UD > SDc 4
t

c,t

Ya,c,t

Va,t

Va,c,t

Ya,c,t

Ya

Ya



Dic,a,c,t > Nic,a,c,t Desic TEic,Pmin

Pig,a,c,t + Tig,a,c,t S Nig,a,c,t Desig TEig,Pmax
Pig,a,cit = p2dig,a,c,t + p25ig,a,c,t

Dir,a,c,t 2 Nir,a,c,t Desir TEir,Pmin A‘/ir,c,t
Pir,a,c,t + Tira,c,t < Nir,a,c,t Des;, AViT,c,t
€ig,a,c,t = (pig,a,c,t + rig,a,qt) TEig7Ems

Z Pic,a,c,t WFC/8760 > TEic,Uti/Min dic,a Desic

c,t

Unit up-time and down-time constraints

+ Z p2i3is,a,c,t SEtais
18

Vic,a,c,t
Vig,a,c,t
Vig,a,c,t
Vir\InterImp, a,c,t
Vir\InterImp, a,c,t
Vig,a,c,t

Vie,1 < a < Topg

Uig,a,c,t > Nig,a,c,t — Nig,a,c,t—1 Vigv a,c,t
Wig,a,c,t 2 Nig,a,c,t—1 — Nig.a,c,t VZga a, Cvt
Uigaet < Niga,cr Vig,a,c,7 =t +t' —1,t' <UTy,
wig,a,c,t S dig,a - nig,a,c,‘r VZg, a,c, T = t + t/ - ]-7 tl S Dﬂg
Storage operation constraints
SZdis,a,c,t + SZTis,a,c,t 2 Ois,a,c,t Desis TEis,Pmin ViS, a, ¢, t
52dis,a,c,t + 52ris,a,c,t S Ois,a,c,t Desis ViS, a, ¢, t
Szdis,a,c,t + Szris,a,c,t S Sis,a,c,t SEtais VZ'S, a, C, t
Sis,a,ct = Des;s SOCIni;s SDur;s Vis,a,c,t =1
Sis,a,ct < Ois,a,ct Desis SOCMax;s SDur;s Vis, a,c,t
Sis,a,ct = Ois,a,c,t Desis SOCMings SDur;, Vis,a,c,t > SDur;g
Zszig,a,c,t = ZinSis,a,c,t Va, t
g 18
p2i8is,a,c,t S Ois,a,c,t Desis ViS, a, c, t
Sis,a,c,t = Sis,a,c,t—1 — S2dis,a,c,t
Vis,a,c,t > 1

Technology specific unit commitment, power and ancillary service constraints



Endogenous cost reduction

> pitar=1 Vil,a  (35)
7
TSit,a0 = X104 pit,ayl Yil, a,l (36)
TSit,a0 < XUpit 1 Pita,l Yil, a,l (37)
Z bi,ar = Zmiz,a,z Vil,a,a' < a (38)
a’'=1 l
Yila = Z Yioj,
!
+ pit,a,Slopeir (8,0, — X101 pit,a,l) Vil, a (39)

Objective function

minimise{tsc}
tsc = Z CAPEX;b; , Des;/Disc, + Z(yil,a — Yit,a—1)/Discq
ielVil,a il,a
+ Y (tiga.et OPEXSU;, WF,)/Disc,
ig,a,c,t
+ Y (OPEXigapigact WF. + OPEXNLigniga.ct WF.)/Disca  (40)
ig,a,c,t
+ Z (OPEXis.452diga.ct WE. + OPEXN L 0i5.0.00 WF,)/Disc,
is,a,t

+ Z ImpElecPr; p2d; q.ci WF./Disc,
i=InterImp,a,t

+ > slakges WF,VoLL
a,c,t

( + Z emslakg et WF, EPenalty )

a,c,t

Supplementary Note 4

We parametrise two “super technologies”:

1. Chemical Looping Combustion (CLC) in a Natural Gas Combined Cycle (NGCC)
in combination with Carbon Capture and Storage (CCS), in the following referred
to as CLC-CCS,

2. Small modular nuclear reactor (SMR).

For both type of technologies some salient parameters are presented in supplementary
table [3] below. The full set of parameters can be found in the online documentation at
Zenodo via DOI 10.5281/zenodo.1048943 [55] and DOI 10.5281/zenodo.1212298 [56].



Parameter | Unit | NGCC-CLC | SMR
Efficiency Yoy 46.8 28
Unit size MW /unit 500 50
CAPEX L9015/ kW 1,066 3,567
OPEX fized £9015/MWh 2.46 3
OPEX fyel, COstan TS £2015/MWh | 37.8 9.29
OPEXstart—up £9015/start 79,564 4,000
Economic lifetime years 40 50
Construction time years 5 2
Carbon intensity (emitted) | tco,/MWh 0 0
Carbon intensity (captures) | tco,/MWh 0.386 0
Minimum stable generation | % 40 20
Maximum power output % 90 95
Capacity credit % 90 96
Inertia potential MW.s/MW 10 10
Reserve potential %-MW 100 100
Minimum up time h 4 1
Minimum down time h 1 1

Supplementary Table 3: Parametrisation of “super technology” in ESO-X model as NGCC-CLC
[59] [60, [61] 18] and small modular nuclear reactor (SMR) [62], [63] 64] 65| 1], [66]. The inertia
potential is an approximation representing the ability of a power unit to provide inertial service,
electric power (stored in rotating mass, typically in direct synchronous generators) to ensure
against frequency excursion [11]. The reserve potential is an approximation representing the
ability of a power unit to provide its capacity reserve services.

Supplementary Note 5

The infrastructure and supply chain aspects of large-scale CCS equipped power gen-
eration capacity are likely to play a significant role on the project economics. To
approximate these effects we allocate the expected additional cost for the development
of a CO4 transport and storage infrastructure to the power plants capital cost. How-
ever, as deployment increases these infrastructure cost are likely to reduce. Hence, we
model a CLC-CCS power plants capital cost in form of an endogenous piecewise linear
cost curve. Costs are assumed to reduce from a value twice the actual cost estimate
(see supplementary table [3)), reduction factor is set to reduce cost upon deployment
accounting for project cost reduction once infrastructure is in place. Equation de-
termines the the costs C,, of the n*" capacity unit as a function of the initial cost C,;,
the cumulative installed capacity up to the n'® unit z,,, and the cost reduction rate
factor bL R, analogous to the cost learning theory [8].

C, = Crp; - 2PFE (41)
A price floor ensures that cost do not fall below the cost estimate in supplementary
table[3] We do not consider technological learning effects due to research and develop-
ment, manufacturing advancement, etc., as discussed in [67]. Supplementary figure



visualises the cost reduction curves for CLC-CCS capacity deployment. The left hand
side graph represents the unit capital cost as a function of cumulative capacity deploy-
ment. The right hand side graph illustrates the piecewise linear curve (diamonds), and
the piecewise linear cumulative cost curve (squares) as integrated into the modelling
framework via constraints [35] - [39] see supplementary note 3.
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Supplementary Figure 4: Cost reduction assumptions for CLC-CCS capacity deployment (left),
as piecewise linear function (right, diamonds), as piecewise cumulative cost curve (right,
squares).

Supplementary Note 6

The ESO models are implemented in GAMS 24.8.3 [68] and solved with CPLEX
12.3 [69] on an Intel i7-4770 CPU, 3.4 GHz machine with 8 GB RAM using 8 threads.
All model runs are solved to an optimality gap of 3 %.

Hourly Data Processing and Relaxation

In order to reduce computational solution times two main solution strategies are applied
to the ESO model input data and formulation presented in section supplementary note

3.

1. K-means data clustering [18] with “energy-preserving” profiling [67],
2. Relaxation of integer scheduling constraints |70, [71] [72].

Heuberger et al. [73, [67] provides detail on both solution strategies and explicitly ex-
amines their implication on technology-specific and system-level results. The overall
error in the objective function value (total system cost, tsc) ranges between -1.7 % to
+2.5 % for 21 to 11 clusters with 24 hours each representing the 8760 hours of the year
over a 35 year time period (2015-2050). The intra-day operation of power generation
and energy storage units is not affected by the cluster algorithm. However, long-term
or seasonal energy storage operation cannot be modelled via this approach as time con-
tinuity between the clusters is not preserved. Areas of further research could be cluster
length as well as clustering in combination with seasonal energy storage options [74].
For all presented results in the main paper and in the supplementary document the
hourly time dependent data is compressed to 11 clusters, the integer scheduling vari-
ables nig q.ct) Ois,ac,t: Uig,a,c,tr aNd Wig qct are relaxed, and the integer scheduling
constraints are replaced with their convex hull reformulation (constraints . Sup-
plementary figure [9] and in section supplementary discussion visualise the hourly
operation for the 11 representative clusters.



Supplementary Note 7

Review of existing work

Early work by Levin et al. initiated the discussion on myopic versus full time horizon
planning in large-scale energy system models [75]. It was found that with simpli-
fied conditions (such as no start-up cost, no economies of scale, all power plants are
dispatchable) both approaches can lead to equal results. More recently, imperfect fore-
sight conditions have been studied in an effort to improve the assumptions in energy
systems models. There are models which were originally formulated under myopic con-
ditions such as SAGE [76], and IKARUS with five yearly time steps [77]. The BLUE
model additionally accounts for the effect of multiple sector-specific actors |78 [79].
The IMACLIM-R model recursively updates system and technology parameters; imper-
fect foresight and imperfect competition represent “second-best” economy characteris-
tics [80].

Analysis with the MESSAGE integrated assessment model find that myopic approaches
show lower levels of early investments and result in higher carbon intensity levels by 2050
and 2100 [81]. Similar analysis with the PERSEUS-NET and UKTM model and argue
that both approaches can be suitable for different research questions [82] [83]. It was
shown that myopic versus perfect foresight approaches result in structurally different
future power systems. Again early investments in low-carbon technologies are delayed
and total system cost to achieve COs emission reductions are greater under myopic
planning [83].

Rolling horizon optimisation

In this work we contrast anticipatory planning by extending the perfect foresight ESO
model framework according to section supplementary note 3 with an rolling-horizon
solution algorithm representing myopic planning. Supplementary figure [Billustrates the
two approaches and their key differences. In the perfect foresight form, the ESO model
is solved in a single instance for the full planning horizon (time steps a in the model
formulation, for illustrative reasons time steps ¢ in supplementary figure 5] not according
to the model formulation). All parameter values (e.g., future cost, when a technology
becomes available) from the first to the last time step are “known" during the solution
process, and all constraints are active.

Under imperfect or myopic foresight conditions, the model is solved iteratively where
future parameter values are “unknown” and only a subset on constraints is active
while future constraints are relaxed. As the algorithm proceeds, the parameter data is
updated (e.g., a disruptive technological advancement, a change in cost or performance,
or system-level ambition can be introduced), the subset of decision variables from
the previous iteration are fixed, and the model is solved for the ensuing set of active
constraints. The algorithm terminates if the model is solved for all time steps and
all decisions variable values have been fixed. In this work we choose an iteration step
length of one planning time step which is equivalent to a five year time step.



Planning horizon: t € T = {1,2, .., Tepna}
Design constraints are active (a), relaxed (r), fixed (f) over the planning horizon.
Technology maturity parameter update (<> ): technology available yes/no?
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Supplementary Figure 5: Solution strategy for a perfect foresight model (left) and myopic
foresight (right). The initial vs. iterative update of the technology maturity parameter (€
[0,1]), which determines a technology’s readiness to be deployed in a given planning horizon
a, enables the representation of an imperfect foresight with respect to technology availability.

Supplementary Discussion

Scenarios with Small Modular Nuclear Reactors and increased availability battery
storage as ‘“super technology”

To assess the sensitivity of the results of the main paper, we analyse scenarios 1 and 2
for the integration possibility of SMRs, SMRs with a 10 % learning rate (i.e., at each
doubling of cumulative installed capacity capital cost reduce by 10 %), and increased
availability of grid-scale lead-acid battery storage. Battery storage is available in all
“go” scenarios, however, the rate of deployment and the maximum capacity installa-
tion is limited (500 MW /year, 3 GW by 2050, based on [44]). In the high build rate
(BR) scenario for lead-acid batteries, as much as 1 GW can be added per year with an
upper bound of 30 GW by 2050 (supplementary ﬁgure@ right).

In a “wait" scenario (2b) where instead of CLC-CCS SMR capacity becomes available as
super technology in 2035, their deployment is not part of the optimal least-cost solution.
This is mainly due to the high investment cost of the SMR technology (£3567/kW for
a first-of-a-kind power plant). Equally, if technology cost learning for SMR units at a
10 % learning rate are taken into consideration, SMR deployment remains uneconomi-
cal under the given scenario conditions.

We modify the “go” scenario 1b which initially does not consider disruptive technology
change to include this possibility. Supplementary figure [f] visualises the integration of
CLC-CCS, SMR, and high available large-scale lead-acid batteries under committed cli-
mate action (analogous to 1b). In this case, SMR capacity is valuable and deployment
gradually increases to 9.4 GW by 2050 (supplementary figure@ middle). The relatively
high capital cost, £3567/kW compared to £2132/kW - £1066,/kW for CLC-CCS, how-
ever, result in lower deployment levels compared to CLC-CCS (19.5 GW by 2050). The
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Supplementary Figure 6: Optimal capacity mix with super technology integration CLC-CCS
(left) and SMR (middle), and increased deployment (high build rate (BR)) of lead-acid battery
capacity (right). Scenario analogous to 1b with respective super technology availability.

costs for CLC-CCS are assumed to reduce upon deployment accounting for the devel-
opment of the CO4 transport and storage network, see section supplementary note 5.
If SMR capacity cost are modelled with a 10 % learning rate deployment increases to
14.55 GW by 2050. As capital cost reduce upon deployment, further capacity additions
become more profitable (not shown in supplementary figure |§[)

The increased availability of lead-acid batteries for grid-level integration proves valu-
able and allows a greater share of intermittent renewable penetration between 2040
and 2050 compared to CLC-CCS and SMR integration. By 2040 7.9 GW of grid-level
energy storage would be economically optimal. Towards 2050 the storage capacity
stock reduces due to the end of lifetime of existing storage capacity to 2.9 GW in 2050.
Additionally, as the end of the planning horizon is reached, no new capacity is build for
years post-2050. So called “end-of-horizon-effects” can be circumvented by accounting
for expected cost/revenues beyond the end of the planning horizon, however are outside
the scope of this work.

Supplementary figure [ compares for the four technology integration options, cumula-
tive total system cost (TSC), the difference in annual TSC between to CLC-CCS, and
system-wide carbon intensity. SMR and increased lead-acid battery integration lead
to higher cumulative TSC by 2050 (supplementary figure [7] left). The annual TSC
comparison reveals that in 2030 the increased integration of battery storage capacity (5
GW are installed) reduces costs significantly. Beyond 2030, however, the power system
based on high levels of intermittent renewables and storage is up to 150 % more costly
than a power system with the super technology CLC-CCS. Similarly, SMR integration
shows significantly higher cost upon deployment beyond 2035. The SMR integration
case considering technology cost learning shows lower TSC difference compared to SMR
with constant cost as deployment increases. Given the enforced decarbonisation of the
power sector in these scenarios the carbon intensity level can be reduced equally with
all three technology options.
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Supplementary Figure 7: For super technology integration CLC-CCS and SMR, SMR con-
sidering a 10 % learning rate, and increased deployment (high build rate (BR)) of lead-acid
battery capacity, comparison of cumulative total system cost (TSC) (left), difference in TSC
compared to CLC-CCS (middle), system-wide carbon intensity (right).

Supplementary table [4] summarises the optimal levels of capacity installed as output of
the ESO-XEL model runs according to scenarios 1b and 2b. The amount of battery
capacity installed reduced in both scenarios from 2040 to 2050 due to end of lifetime
constraints and an increase in interconnection capacity which is able to provide flexibility
to the power system.

2b 1b
Technology 2040 2050 | 2040 2050
CLC-CCS 10 15 10 19.5
SMR 0 0 465 94
SMR (learning) | 0 0 9.55 14.55
Battery 6.3 12 | 79 2.9

Supplementary Table 4: Optimal deployment level of different “unicorn technology” options
CLC-CCS, SMR, SMR with 10 % learning rate, and increased availability of lead-acid batteries.

Additional sensitivity analysis

To evaluate the validity of the main results and gain further insights into the strengths
and limitations of the prosed modelling approach we perform a sensitivity analysis on
two core system level parameter, electricity demand and fuel prices.

Electricity demand

Future demand is one of the key uncertainties in energy systems planning [84]. In the
UK, the Committee on Climate Change (CCC) [85] estimates a range of 50-135 %
power demand increase by 2050 from 2015 levels depending on different electrification
pathways (e.g., sector integration, electrification of heat and transport). The presented
base scenarios in the main paper and additional scenarios in the supplementary infor-
mation refer to a annual demand increase of 1 % per year, equivalent to 41 % total
increase from 2015 to 2050. This section presents an analysis for a “high demand”



scenario which is chosen at a medium level of the CCC's estimates and represents a
demand increase of 2 % per year, or a 95 % increase from 2015 to 2050. Although
electricity demand patterns are likely to be affected by the changing energy system
landscape [86], for the sake of simplicity we assume that in both cases the hourly de-
mand profiles remain the same over the planning horizon (see supplementary table 2).
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Supplementary Figure 8: Capacity expansion for base case 1b (left) and increased electricity
system demand (right) such that annual demand in 2050 is 95 % greater compared to 2015;
corresponding peak demand (input parameter) and carbon intensity level (output).

Supplementary figure [8] compares the two demand scenarios and visualises the annual
peak demand in relation to the total installed capacity. Under accelerated demand
increase (supplementary figure (8] right) and due to the 2050 decarbonisation target,
all low-carbon technologies (i.e., nuclear, CCS-equipped power plants, wind, solar) are
deployed to their maximum level in each planning period. Hence, all discrete variables
describing capacity build-up (b; ,) are set to their upper bound value (see constraint |2)
in supplementary note 3), which is based on historically observed maximum build rates
in the UK [87] (here for scenario type 1, see supplementary table [1).
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Supplementary Figure 9: Hourly operational profile for base scenario 1b in 2050 showing the
aggregate of all units per technology type for each representative day as determined via the
proposed clustering approach in supplementary note 6.
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tricity demand showing the aggregate of all units per technology type for each representative
day as determined via the proposed clustering approach in supplementary note 6.

Supplementary figures[9]and [I0]visualise the hourly power generation and storage charg-
ing and discharging patterns for the base and high demand scenario in 2050, respectively.
The higher share of intermittent renewable power generation from onshore wind, off-
shore wind, and, especially during mid-day, from solar PV capacity in the high demand
scenario lead to steeper ramp rates for the dispatchable power plants, i.e., CCGT, and
CCS-equipped (compare for example representative day type 6 and 12).
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Supplementary figure[1T]visualises the effect of perfect foresight versus myopic planning
under the high demand scenario, analogous to figure 2 (right hand side) in the main
paper. The results show the same trend to the base case in the initial planning years
up to 2025 where more capacity is built early on. In the high demand case, we see an
increased deployment of energy storage and flexible unabated gas-fired power plants.
The perfect foresight option shows a more infrastructurally efficient capacity stack.
Additional capacity is built in later planning years when this is, from an investment per-
spective, more favourable due to a higher discount rate. In the myopic case, “corrective
action” is taken in later planning periods where less capacity is built compared to the



perfect foresight option. Due to the crucial role of the build rate parameter [67], the
effects of myopic and perfect foresight planning on the capacity mix are not directly
comparable to the reference case of the main paper.

From a cost perspective, the myopic case is sub-optimal compared to the perfect fore-
sight case, resulting in overall 9 % greater total system cost (TSC) in 2050 (supple-
mentary figure panel b). In years 2015-2025, investment costs are higher in the

myopic case when unabated CCGT, pumped hydro, and battery storage units are being
built.

700 120%
(a) (b) =O=1a-high demand
5 %% 1 1bhigh demand
®Unmetdemand S -high deman
600 o T 80% 4
= OPEX <
— 2 60%
@ W CAPEX 8
5 500 4 _— § 4a0% 4
s %
4 & 20% 4
£ E]
£ 400 - e 0%
ES 60 60 o o © N “ o © I
S T IR SO RN &
z _ @ (©) R
5 “ 50 50 C
£ 300 4 5 8 g 088
° = 40 Z 40 m OPEX storage < m OPEX storage
é g 30 :230 OPEXstartups i g | | OPEXstart-ups
® S )
E 200 £ 5 g 20 = OPEX generation é)’,,
& B [ . . @ ]
g 10 g 10 OPEX import S 0.75
o © 2
100 4 0 0 H
% 07
5
£
0 & o065

1b-high demand 1a-high demand 1b-high demand 1a-high demand

Supplementary Figure 12: For the high demand scenario, (panel a) breakdown of cumulative
total system cost (TSC) from 2015 to 2050 for perfect foresight (1b) and myopic planning (1a);
(panel b) cumulative TSC over planning time horizon; (panel c) start-up and energy storage
cost as selected zoom-in to breakdown of operational expenses (OPEX) from embedded figures
in panel a.

Supplementary figure [I2] panel a visualises the breakdown of the cumulative TSC from
2015 to 2050 for the two foresight scenarios. Capital expenditures and costs associated
with electricity demand not being met (i.e., “lost load” is penalised by the so called
Value of Lost Load (parameter VoLL) in the objective function and limited to a
maximum level of 0.05 % of annual electricity demand per year in constraint are
greater in the myopic case. The level of unmet demand reaches 0.046 % in 2035,
whereas under perfect foresight planning conditions this level is reached only in year
2040. For comparison, the scenarios considering the base case electricity demand in-
crease show marginal levels of unmet demand below 0.001 % in any planning year.
The level of higher operational cost due to increased cycling (shut down and start-up)
operation from dispatchable power plants and energy storage units in the myopic case
is visualised in supplementary figure [12] panel c.

Fuel price

In the scenarios presented in the main paper, and other additional scenarios in the sup-
plementary information the future fossil fuel prices are based on ‘“central” projections
by the UK's former Department of Energy & Climate Change [52] (now subsumed into
the Department of Business Energy & Industrial Strategy). Projections are only pro-
vided up to 2040, and are constant between 2030 and 2040. We have extrapolated the



constant cost values up to 2050. In this section, we present an analysis based on the
“high” scenario. Supplementary figure [I3] panel a visualises the two projections for coal
and natural gas prices.

Supplementary figure [13| panel b is analogous to figure 2 (left) of the main paper and
visualises the effect of myopia and the disruptive event of a super technology becoming
available for deployment in 2035. We find that fuel prices do not have significant effect

on overall results.

Trends observed in the main paper with respect to the capacity

expansion plan are analogous in the high fuel price scenarios, 1b, 2a, 2b.
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Supplementary Figure 13: Coal and gas fuel prices for base scenarios and high price scenario
(panel a); capacity expansion and

Most noticeable in the carbon intensity curves for the different scenarios, the higher
gas prices lead to lower gas-fired capacity installations (i.e., in 2b: 25.5 GW CCGT and
13 GW OCGT compared to 26.25 GW and 14.8 GW in central case, respectively) and
power generation in 2045 and 2050 compared to the scenarios with central fuel price
(see figure 2 main paper).
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