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ARTICLE INFO ABSTRACT

Keywords: The electrification of transport through electric vehicles is accelerating urban sustainability. Fast charging sta-
Fast EV charging stations tions (FCS) are vital to this transition due to their high power and short turnaround times. However, scaling up
Energy storage system electrified transport requires substantial investment in high-capacity charging infrastructure and power network

Electric vehicles

Network expansion planning
Option value

Benders decomposition

reinforcement to meet charging demand. The long-term impact of FCS development on network expansion
planning remains underexplored, especially under uncertainty. This paper proposes two FCS models: standalone
and integrated with energy storage (ESS-FCS), to explore their strategic and economic value as non-wire in-
vestment options under uncertainty. A 40-year multi-stage stochastic planning framework is developed,
leveraging scenario trees and Benders decomposition which ensure scalability and decision flexibility. Real
option valuation is applied to quantify the investment value of ESS-FCS, highlighting its role in mitigating
overinvestment and stranded asset risks. Case studies on modified Garver 6-bus (transmission) and IEEE 33-bus
(distribution) systems reveal potential economic benefits of up to £292.06 million. Sensitivity analysis on charger
ratings further demonstrates the adaptability and strategic advantage of ESS-FCS in evolving low-carbon power
system landscapes.

are required to avoid demand curtailment and maintain grid instability.
Moreover, long-term power system development is complicated by un-
certainties in EV adoption rates, policy changes, technology costs, and
renewable integration. These uncertainties raise the risk of premature or
misaligned investments. To address these challenges, a planning
framework that incorporates FCSs and accounts for uncertainty is
essential. Integrating energy storage systems (ESS) with FCSs offers
operational flexibility by decoupling charging cycles from grid imports.
However, the strategic role of ESS-FCS in network expansion and in-
vestment decision-making, particularly with regards to their potential in
mitigating long-term uncertainty, is still insufficiently explored.

1. Introduction
1.1. Motivation

Mounting evidence of global warming, driven by greenhouse gas
emissions, has placed climate change firmly at the center of global policy
[1]. This is reflected in initiatives such as the Paris Agreement [2] and
the UK's Net Zero Strategy [3]. Concurrently, rising fuel prices and
environmental concerns have accelerated the shift from internal com-
bustion engine vehicles to electrified transport [4]. Electric vehicles
(EVs) have become widely recognized as a zero-emission alternative.

Governments are actively promoting EV adoption and expanding 1.2. Literature review

charging infrastructure, particularly fast charging stations (FCSs)

because of their high efficiency and rapid charging capabilities [5-7]. Optimizing the planning of FCS has become a key research area as EV
With the increase in EV uptake, electricity demand is expected to rise adoption grows. For example, Ref. [5] studies FCS allocation in an in-
significantly. High-power FCS loads are both variable and demanding, tegrated electricity-gas system, focusing on carbon emissions while
which creates challenges for network planning. Substantial investments satisfying EV charging demands. Ref. [8] introduces an adaptive FCS
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Nomenclature

A. Sets and indices

Qg Set of all generation units, indexed g

Qr Set of all transmission or distribution lines, indexed [

Qum Set of all scenario tree nodes, indexed m

Qs Set of all nodes belonging to scenario s

Qs Set of all scenarios, indexed s

Qn Set of all network buses, indexed n

Qr Set of time periods, indexed t

9 (,fg Set of ancestor nodes of node m within the lifetime of ESS
e(m) Scenario tree stage to which node m belongs

B. Decision variables
i

al, Auxiliary variable at i th iteration at scenario tree node m

Im 1 Size of transmission capacity invested

Tyl Aggregate transmission capacity invested that is
operational at node m

5)5111 Dual variable related to transmission capacity investments

oﬁlsﬁ/ FCSi pyal variable related to ESS or FCS investments

dinynt Curtailed non-public EV demand
d‘;”f’f’f Curtailed public EV demand
anﬁ,t Generator output power

Pl Charging power of ESS from grid

PSH Charging power of FCS via ESS (Discharging)

SES Size of ESS capacity invested

§isi Aggregate ESS capacity invested that is operational at node
m

SOC,,n: State of charge of ESS

Xxre, Number of FC units invested

Xifn Aggregate number of FC units invested that are operational
at node m

Xm1 Binary variable deciding line investments

C. Input parameters

Ngss Charging/Discharging efficiencies of ESS

/X Minimum/Maximum investment capacity of line [

Ant Load factor for non-public EV demand

Jpubile Load factor for public EV demand

T Duration of time period t in hour

Omxsy,e Load angle

T Probability of scenario tree node m

b; Susceptance

cf‘f Fixed line investment costs in £ of [

kY Variable line investment costs in £ of [

cEss ESS investment costs in £ in m

ck¢ Individual fast charger investment costs in £ in m

Diyne Peak non-public EV demand at bus n, scenario tree node m,
time period t

Dblic peak public EV demand at bus n, scenario tree node m, time
period t

Ggn Generator-to-line incidence matrix

In Bus-to-line incidence matrix

L; Length of line [

NPWIc pyblic EV number at bus n

pre Individual fast charger rating

Py Maximum output power of generator

Rffnf{m/ ! Cumulative discount factor for ESS/fast charger /line
investment costs in stage to which m belongs

R?(m) Cumulative discount factor for operational costs in stage to
which m belongs

Rgown/ “  Ramp down/up capability of generators

smin/mex Minimum/Maximum ESS capacity investment

SOCMIMmax  Minimum/Maximum state of charge of ESS

et FCS-ESS operational cost in £

yVoLL Demand curtailment cost in £

vEn Generation operational cost in £ of generator g

Yo 1e Power flow

strategy within a multi-stage expansion planning. Ref. [9] presents a
bilevel mixed-integer FCS planning model to minimize traffic time and
investment costs, incorporating EV charging behavior and self-service
routing. A case study in [10] uses real-road network data and a ge-
netic algorithm to demonstrate optimal FCS planning for Al Ain City.
Incorporating ESS into FCS infrastructure has become a crucial
strategy to smooth energy demand profiles [7], mitigate charging load
fluctuations [11,12], and offset renewable energy generation variability
[7,13]. To determine optimal ESS sizing in planned FCS, [7] focuses on
minimizing costs, improving EV resilience, and reducing peak loads. The
study finds that punitive peak-hour electricity prices have a stronger
influence on ESS scale than general market price increases. Ref. [13]
examines the optimal FCS design that integrates wind, PV, and ESS. It
proposes a multi-objective optimization algorithm to minimize elec-
tricity costs and emissions. The results show that integrated ESS can
reduce the adverse effects of wind power uncertainty. Ref. [14] applies a
mixed-integer linear programming (MILP) framework for electric-bus
charging stations. The study determines optimal FCS and ESS sizing
and highlights the great potential of ESS in reducing charging costs.
Ref. [15] investigates joint planning of FCS with PV and ESS to reduce
carbon emissions and satisfy the demand of delivery fleets, confirming
environmental benefits. Ref. [16] proposes adjusting fixed ESS scale in
FCS based on the average acceptable driver wait times. In [17], sto-
chastic programming is used to design optimal FCS capacity. Findings
reveal that ESS integration can reduce line reinforcement needs by 35 %

and mitigate wind power variability.

Since storage-integrated FCSs can provide significant flexibility to
support power system operation, most existing studies focus on opera-
tional benefits or charging infrastructure deployment problems. Their
potential role as a flexible investment option within long-term network
expansion planning under uncertainty, and the associated economic
value, remain largely underexplored. Most existing studies rely on static
investment evaluation methods, like Net Present Value (NPV) [15,
18-21], which simplify investment decisions into rigid “now or never”
choices based on discounted future revenues and costs. These ap-
proaches exhibit inherent limitations in capturing the complexity of
long-term infrastructure investments under uncertainty, as they over-
look the value of timing flexibility and the opportunity cost of premature
investment. Real Option (RO) theory offers a more advanced framework
for evaluating investment flexibility under uncertainty [22-29]. It
considers an investment worthwhile not only when revenues exceed
costs but also offset the opportunity cost of exercising the investment
option prematurely. RO accounts for the value of delaying action to
await better information or market conditions. This is especially rele-
vant for FCS infrastructure, where investors face uncertainty in EV
adoption, electricity prices, and regulatory changes. ESS-FCS projects,
being capital-intensive and difficult to reverse, are particularly sensitive
to timing flexibility, making RO a suitable tool for assessing their stra-
tegic value.

Recognizing these challenges, recent studies have explored RO
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applications in smart grid planning [22], renewable energy develop-
ment [23], demand-side management and storage [24], and smart
charging [25,26]. Ref. [27] applies RO to rooftop PV projects, showing
that many would be prematurely rejected under NPV analysis alone,
highlighting the superiority of RO. As power systems grow more com-
plex, traditional RO valuation techniques, such as Black-Scholes partial
differential equation models [30], lattice models [4,25,26,28] or simu-
lation models [29,31], increasingly need to be combined with planning
frameworks to better simulate uncertainties and their impacts. This
paper applies the scenario tree method, implemented within a
multi-stage stochastic optimization planning framework to compre-
hensively capture investment flexibility under uncertainty and the
economic potential of the investment options, quantified as option value
(oV).

1.3. Contributions

This research examines the strategic role and economic value of FCSs
integrated with ESS as a non-wire solution for expansion planning under
uncertainty. The contribution is primarily methodological, focusing on
the development of a generalizable multi-stage stochastic planning and
valuation framework. The case studies are designed accordingly to
demonstrate the applicability and robustness of the proposed approach.
The key contributions include:

i. A multi-stage stochastic network expansion planning framework
is formulated for both distribution and transmission networks,
aiming to minimize expected system costs. Scenario trees model
long-term uncertainty, enabling flexible decision making, such as
delaying, expanding, or modifying investments as conditions
evolve, to avoid premature investments and stranded asset risks,
while enhancing economic efficiency by adapting to a range of
potential future scenarios. For computational tractability, a
multi-cut Benders decomposition algorithm is applied to solve the
mixed-integer combinatorial problem.

ii. A novel ESS-FCS investment and operational model is developed
and integrated within the planning framework to evaluate its
strategic and economic value. A comparative FCS-only model is
also developed to assess the added benefit of ESS in improving
FCS performance and flexibility.

iii. A real options-based economic assessment is implemented to
quantify the value of investment flexibility offered by ESS-FCS
under uncertainty. The analysis highlights its role in mitigating
overinvestment and reducing stranded asset risks in network
development.

iv. The framework is applied to modified IEEE 33-bus and Garver 6-
bus systems. Sensitivity analysis on fast charger (FC) ratings

PFLS
DC ol L ,ﬁ
AC DC (
& -
Grid Fast EV charging station

(a) FCS-only
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illustrates planning complexities and demonstrates the superior
strategic value of ESS-FCS across diverse scenarios.

1.4. Organization of this paper

The remainder of this paper is structured as follows. Section 2 pre-
sents the proposed models for FCS, both with and without ESS integra-
tion. Section 3 details the long-term stochastic expansion planning
framework with integrated FCS models. Section 4 features case studies
demonstrating the strategic significance of ESS-FCS in active distribu-
tion networks, and its economic value in transmission networks. Finally,
Section 5 concludes with a summary of the main findings.

2. Fast EV charging station models

The FCS models evaluated in this paper are illustrated in Fig. 1. The
first is a standalone FCS without ESS, referred to as the FCS-only model.
The second integrates energy storage, referred to as the ESS-FCS model.
In the FCS-only model (Fig. 1(a)), the station is directly connected to the
grid via rectifiers and essential equipment. Power drawn from the grid
depends on the EV charging demand profile, which can lead to signifi-
cant demand peaks and potential network congestion, especially in
distribution systems. The ESS-FCS model (Fig. 1(b)) addresses these is-
sues by allowing the station to operate independently of real-time
charging demand. It draws power from the grid during low-demand or
low-price periods and supplies stored energy during peak times. This
reduces charging costs and alleviates grid stress. Directional arrows
indicate power flow: the grid supplies energy to the charging station,
while the ESS and FCS are interlinked via a rectifier. The ESS stores
surplus energy and discharges it as needed, improving network utiliza-
tion and influencing investment decisions.

3. Long-term stochastic network expansion planning framework
3.1. Overview of the proposed planning framework

Fig. 2 illustrates the proposed multi-stage stochastic network
expansion planning framework integrated with FCS models. This
framework enables adaptive and informed investment decisions under
uncertainty, considering both conventional reinforcement and smart
grid technologies such as FCS and ESS. It takes EV charging profiles,
generation and demand data, and network topology as inputs, while
effectively incorporating uncertainties into the planning process. Un-
certainties in power system and charging infrastructure planning may
arise from technical, economic, and regulatory factors such as load
growth, EV adoption, renewable capacity and location, electricity price
volatility, technology costs, and policy changes. Accurately modelling
these uncertainties is essential for robust long-term planning. This study

=)
P:L;S

NN el
A ==

A

|
.ﬂl
=
Energy storage
system

Grid Storage-integrated fast EV charging station

(b) ESS-FCS

Fig. 1. The illustrative diagrams of two fast EV charging station models.
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Fig. 2. The proposed multi-stage stochastic expansion network planning framework.
focuses on uncertainties related to FC unit investment costs, installed subject to
renewable capacity, and public EV fleet size, as these directly affect
infrastructure demand, system flexibility, and the performance of in- Xm1 € {0,1},Vm,1
vestment options. While these are the focus here, other relevant un-
certainties can be incorporated similarly. Z Xmg < 1,Vs,1
The framework employs scenario trees to capture possible future mEus)
developments and their interdependencies, enabling a systematic eval-
uation of investment decisions under uncertainty. By solving a im = 0
multi-stage stochastic optimization problem, it produces optimal in- )
: : : Xonat™ <ty < X", Vm, 1
vestment strategies, discounted expected system costs, and the associ- I e
ated OV, defined here as the total expected system savings achieved _
when planning with the ESS-FCS option rather than the FCS-only Iml = Z lag; Vm, 1
baseline. While classical RO theory interprets OV as the premium arising actle(m)-1}
from investment flexibility, both cases in this research are evaluated X ¢ 7* Ymn
within a modelling framework that already embeds timing flexibility. mn B
Consequently, the reported OV reflects the incremental value of the
s . . . . XFC < Npublm Vm n
ESS-FCS investment option relative to the business-as-usual alternative, an =
. . . . . 1.6
ensuring conceptual consistency while focusing on the comparative actlcm}
value of alternative real investment options. ~FC
FC
Xinn = Z X, vm,n
ae{l,....e(m)}
3.2. Mathematical formulation
SESS > 0
. . . . . mn —
The objective of the proposed planning framework is to determine an
optimal long-term network expansion strategy under multi-dimensional smin < GESS < gmax ym
uncertainties across scenario nodes. This involves evaluating multiple )
investment possibilities considering type, scale, location, and timing. &5 _ SE5,
Due to the complexity and stochastic nature of the problem, a large E;SS mn
P . . T . 7
number of decision variables are involved. The deterministic equivalent *<m
of this large-scale problem is formulated as a MILP, as defined by Eqs.
SOCm.n.T = SOCm.nO7vm~, n
(1)-(25). " ’
pet |
miny, 3 > " 7tm [V, (Xm) + Vo (%Xm)] (1) SOCmn1 =SOCmno + 7| MissPrns — —+ |, ¥m,n
e NEss
where pggl .
SOCne = SOChpne 1+ 7 ”ESS mnt = ,vm,n, t\{t; }
_ RL Z (Cl 1+C1 lm1>Lz+ Ess
vleﬂL (2) .
SOC™ < SOCpp: < SOC™ Vm,n,t
FC FCyFC ESS ESS ESS = mnt =
RIG) D chexiC +RES S " crsste B

YneQy VHEQN

VR S| VL VR 3 V()|
€Qr

vgeQe VYneQy VYneQn
3
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DF;:[ulrthtc ﬂlr)[utblw (Publlc < PCH < PFCXmmvm n,t

C)

)

©
)

®

©)

10

1D

12)

13)

14

(15)

(16)

a7

(18)

19

(20)



Y. Sun et al.

0 <psn <Pl Vgm,t 21

gmt gmt)

en d en
P cRm < pem < pEen R,

gm-1 gmt s (22)
Vg € Qg,m,t € {Qr — 1}

Yinie = bi(Omxy ¢ — Omgr ), VL, Lt (23)

|Yinse| < 10 +Tms, Vm, Lt (24)

D GenPEn 4 > InYmie =Py + Dmnidne — dmne, My, t (25)

vgeQe VieQr

Egs. (1)-(3) define the objective function, which minimizes the ex-
pected total system cost, comprising investment costs (V2) and opera-
tional costs (V2). Investment costs, as defined in Eq. (2), include
conventional line reinforcements, FCS, and ESS components. Opera-
tional costs, presented in Eq. (3), cover generation, FCS operation, and
load curtailment. Cumulative discount factors (Rgm)) are influenced by
the prevailing interest rates relevant to various components and
different stages. For clarity, dependencies on decision variables within
these equations are not explicitly shown.

Then, Egs. (4)-(14) constrain investment decisions: Eqs. (4)-(8)-(8)
focus on the transmission network assets, where Eq. (4) defines the bi-
nary decision variable corresponding to line investment decisions, Eq.
(5) ensures that single investment per asset and scenario, Eq. (6) defines
the continuous nature of capacity upgrade decisions, Eq. (7) sets the
capacity limits, and Eq. (8) informs the amount of invested capacity in
each line [ that is operational in scenario tree node m, accounting for
construction delays of one scenario tree stage. Egs. (9)-(11) focus on FCS
investments where Eq. (9) specifies the non-negative integer nature of
FCs investment decision variables, Eq. (10) imposes limits based on
public EV fleet size, Eq. (11) informs the total number of installed FCs in
each scenario tree node, assuming that investments are not subject to a
notable construction delay. ESS investments are governed by Eqs. (12)-
(14), where Eq. (12) defines the continuous decision variable for ESS
capacity investment, Eq. (13) imposes the limits on this capacity, and
Eq. (14) aggregates ESS capacities that have been invested and remain
within the assumed technical lifetime of storage and thereby contribute
to the available operational capacity at node m. Similar to FCS, ESS
capacity is available in the same stage that the investment decision takes
place. This stage-zero deployment approximation may slightly over-
estimate operational benefits in the initial stage; however, it does not
materially affect long-term outcomes.

System operation is modelled with Eqs. (15)-(25). Eq. (15) initializes
the state of charge (SOC) of ESS units and mandates that SOC should be
the same at the beginning and the end of the time period covered by Qr.
Eq. (16) and (17) update the SOC for all units in the first and each
successive time interval, where t; represents the first period in time
period Q. Eq. (18) specifies the permissible operational range for the
SOC. ESS charging power is constrained by the available capacity in Eq.
(19), where CES is the C-rate of the ESS, representing the intrinsic
capability of the ESS to charge or discharge relative to its rated energy
capacity. Pff{” is constrained in Eq. (20) where the upper limit is the
total charging power of installed FCs and the lower limit is the demand
for public EV fast charging accounting for curtailment. Power genera-
tion is constrained with Eq. (21) and generator ramping is modelled with
Eq. (22). The DC power flow approximation is employed with Eq. (23)
and (24), where the latter constrains power flows to the available line
capacities in the current scenario tree node m. Finally, Eq. (25) estab-
lishes the power balance, ensuring that net power injection at each bus
equal zero across all time period. Note that the balance constraint im-
plies that, with the ESS-FCS concept, EV fast charging demand is
decoupled from power delivery from the grid.

Electric Power Systems Research 259 (2026) 113201

3.3. Solution method

A key challenge in the multi-stage stochastic planning model is its
scale. As the number of scenarios and stages increases, so does the
number of decision variables and constraints. Therefore, the hierarchi-
cal multi-cut Benders decomposition method, used in [25,28], is
employed in this work, as outlined in Table 1.

The original multi-stage stochastic problem is decomposed into a
master problem and a set of sub-problems by relaxing complicating
constraints. Although expressed differently, this decomposition pri-
marily draws from the objective functions and constraints detailed in the
previous subsection. The master problem is centered around investment.
By integrating the investment objective function (Eq. (2)), auxiliary
variables (a,) are introduced to approximate the sub-problem's objec-
tive function within the original one. Consequently, the revised objec-
tive function of the master problem is structured as Eq. (26).

minR: > (e X+ € i L+ REG,) 3 chXES,
vieQ, VYneQy
4 RES Y csssgrys | gl (26)
YneQy
The master problem encompasses constraints outlined in Egs. (4)-

(14), each pertaining to investment decisions. Additional constraints are
introduced based on duality theory, as shown in Eq. (27).

= VO 3 b (k= i)+ Dot (v -y
vl Vn
+) opst (}’ffi *Yﬁfﬁf‘i’l) @7
n
The sub-problems handle system operation using the objective in Eq.

(3) and constraints (15)-(25). The master and sub-problems are linked
using complicating constraints and Lagrange multipliers Eqs. (28)-(30).

Iml :err{fz : 5?7-11 (28)
N = Vit s o @9
Sha =Y’ O ¢

This algorithm proceeds iteratively. In each iteration, i, the master
problem determines investment decisions. These are passed to the sub-
problems, which compute operational costs and dual variables.
Benders cuts are then appended to the master problem in the ensuing
iteration to improve the operation costs approximation, leading to more
accurate investment decisions. This process continues until convergence
is achieved.

Table 1
Benders decomposition solution method.
Step Initialization
0 Set Benders iteration index i = 1. Obtain all necessary input data for the
problem. Set the initial lower bound as Z{ = 0 and the initial upper bound as
Z8= +o00.
Step Master problem solution
1 Solve master problem to obtain investment decisions and expected

investment costs.
Update upper boundZi, = Zme o VD,
"

Step Sub-problem solution
2 Solve all sub-problems with investment decisions, get expected operation
costs and all dual variable values. Update lower bound Z} = V’,ﬁ.(”.
Step Convergence check
3 ;

Zi -7t
If ”?' < ¢ where ¢ is a predefined value close to 0, then the optimal
u

solution is obtained, otherwise append the Benders optimality cuts to the
master problem, seti =i+ 1, and go to Step 1.
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4. Case studies

This section presents case studies to evaluate the proposed ESS-FCS
planning framework under uncertainty. The modified IEEE 33-bus dis-
tribution system is used to analyze the impact of ESS-FCS on investment
timing and network reinforcement decisions, including sensitivity ana-
lyses on renewable penetration and scenario probabilities. The modified
Garver 6-bus transmission system is then considered to quantify the
economic value of ESS-FCS for different fast-charger ratings. Compu-
tational results are lastly reported to demonstrate the tractability of the
proposed solution approach.

4.1. Strategic role of ESS-FCS in active distribution networks

A modified IEEE 33-bus system [32] is used to assess the strategic
role of ESS-FCS in active distribution networks. The system includes 33
buses, 32 fixed lines, 5 switchable lines, and 5 generators (thermal and
PV). PV units are located at buses 18, 22, 25, and 33, while bus 1 serves
as the grid supply point. Buses 9-33 are designated residential EV areas,
and others may host public EV charging hubs. To simulate a
medium-voltage network, non-EV demand in [32] is scaled by a factor of
10.

Uncertainties in EV adoption, FC unit investment cost [33], and
renewable capacity are modelled using the scenario tree in Fig. 3,
spanning four planning stages: 2020, 2030, 2040, and 2050. It includes
6 scenarios and 13 nodes, capturing variations in public EV presence
(PEVL.]), EV counts (PEV{.}), FC unit investment costs (C{.}), and PV
generator capacities, in MW, at bus 18, 22, 25 and 33, respectively (S{a,
b,c,d}).

A 5 % growth per-decade in non-EV load, with load factors based on
[33,34], ensures EV demand remains within 40 % of baseline demand.

Electric Power Systems Research 259 (2026) 113201

The scenario tree shows the transition and scenario probabilities, while
not based on empirical data the probabilities are chosen to illustrate
plausible dynamics within the planning context. The lifetime of ESS is
set to 15 years [34]. ESS aging is modeled using this fixed lifetime
assumption, which is consistent with long-term expansion planning
practice. High-resolution cycle-dependent degradation dynamics are not
incorporated, as the present study focuses on strategic multi-stage in-
vestment decisions. Note that these assumptions mainly improve the
computational performance of the multi-stage planning problem and
may slightly affect the exact timing of investments, but they do not
materially alter the main conclusions regarding the strategic and eco-
nomic value of ESS-FCS.

Three investment options are considered: line reinforcement, FC
installation, and ESS capacity. The associated costs for investment op-
tions are based on [33-37] are listed Table 2. Note that distribution lines
can be upgraded only once, and the cost of a thermal generator accounts
for both electricity generation and CO, emission costs. The assumed
rating of a single FC is 50 kW.

The results for optimal line investments across scenarios are shown
in Fig. 4, with [x-y] denoting upgraded lines and {z} indicating

Table 2

Unit investment costs of IEEE 33-bus system [33-37].
Investment option Cost
Fixed line reinforcement (£/km) 35,000
Variable line reinforcement (£/MW) 35
ESS in stage 1 (£/EV) 16,000
ESS in stage 2 (£/EV) 14,000
ESS in stage 3 (£/EV) 11,000
ESS in stage 4 (£/EV) 9,000

Stage 1 Stage 2 Stage 3 Stage 4  Probabilities
Node 8
PEV[2,4,7,8,23,24]
Node 4 20% PEV{120} SI 3.6%
oce C{5000} -0/
PEV/[2,4,7,23,24] S{4,4,6,6}
PEV{80}
30%
Node 2 o C{7000} Node 9
S{3,3,5,5} PEV[2,4,7,23,24]
PEV[2,4,7,23] PEV{120} S22 14.4%
PEV (60} C{5000}
60% {10000} ${4,4,6,6}
${1.5,1.5,3.5,3.5} Node 10
PEV[2,4,7,23,24] PEV[2,4,7,23,24]
70% PEV{60} PEV{80}
C{7000} C{7000} S§3 42.0%
Node 1 ${2,2,4,4} ${3,3,5,5}
Node 11
C{12000} PEV[2,4,7,23,24,25]
${0,0,0,0} 30% PEV{80} o
Node 6 C{5000} S4 2.4%
PEV[2,4,7,23,24] ${3,3,5,5}
20% PEV{60
V{603 Node 12
Node 3 C{7000}
${2,2,4,4} PEV([2,4,7,23,24]
PEV{70} 0
PEV[4,23,24] S5 5.6%
40% PEV{21} 70% C{6000} 0
C{10000} ${2.5,2.5,4.5,4.5}
${1.05,1.05,3.05,3.05} Node 7 Node 13
PEV[4,23,24,25] PEV[4,23,24,25]
80% PEV{22} PEV{22}
C{8000} C{7000} S6 32.0%
${1.5,1.5,3.5,3.5} ${1.5,1.5,3.5,3.5}

Fig. 3. Scenario tree illustrating uncertainties in the IEEE 33-bus distribution system.



Y. Sun et al. Electric Power Systems Research 259 (2026) 113201
Stage 1 Stage 2 Stage 3 Stage 4 Stage 1 Stage 2 Stage 3 Stage 4
Node 4
Node 4 +, Node8 o (o o, Node$
Node 2 300 | [23- 24] 26| Node2 ., [3E;35]] [[256—62]7] °F S1
Node 1 [2-3] [4-5] Node 9 [1-2] [3-4] {1.04,0.37,
[5-6] [7-8] {0. 10 037} [6-7] [7-8] 0.29,0.64) 80\ Nodes o,
[1-2] [3-4] [15-16] ~ Node5 Node 1 [15-16] Node 5 %
6-71 12-19 {3.49,3.32, 2.63, [23-24]126- | yoge 10 {3.27, 2.20, 14-5] [5-6]
£10.00, 5.60. o 097 261 i 0% ar 057
) 2 ode o0 Node 11 {0.53, S
3.25,0.53, Node 3 [2-3] [S-6] 1.50} Node6 @@ Nodeml
2.69, 1.49} [4-5)[7-8] | 2w 127241 ) Node 3 [4-5] [5-6] S4
0% [15-16] [26-27] 20% [3-23] [26-27]
{166, 1.19,  \ \oge 12 [1-2] [3-4] {0.74, 0.06,
{0.17, 1.02, 0.17} 0.88, 0.37} S5 [6-7] [7-8] 0.56, 0.37 Node 12
2 70% .56, 0.37} S5
Node 7 Node 13 [15-16] 70%
80% {2.63, 1.57, Node 7
0.66, 1.02.
Sth Taln [4-5] [3-23]  Node13
0173 80% {0.05, 0.28} s6
(a) FCS-only
(b) ESS-FCS

Fig. 4. Optimal line investment strategies for IEEE 33-bus system: [.] is the invested line {.} is the upgraded capacity.

capacity. Fig. 5 maps these upgrades, using colour codes for planning
stages (red: stage 1, orange: stage 2, blue: stage 3), and marks FC
locations.

The uncertainties in Fig. 3 indicate that public EV demand strongly
drives line upgrades. In Scenarios 1-3, upgrades begin with buses 1-8,
creating transport hubs, then shift to the branch roads with buses 23-25.
Scenarios 4-6 reverse this order, leading to different upgrade timings.
For example, in Scenario 1, EV demand at bus 2 appears at stage 2,
requiring FCS investment and an upgrade of line 2-3 to ensure an
adequate power supply and avoid demand curtailment. In Scenario 4,
however, public EV demand does not appear at bus 2 until node 6 (stage
3), delaying the upgrade of line 2-3. These variations demonstrate the
value of multi-stage stochastic planning, which adapts investments to
realized demand and avoids both premature upgrades (as would occur if
planning followed Scenarios 1-3) and delayed responses that cause
curtailments (as in Scenarios 4-6). This reflects how uncertainties in
public EV development impact expansion planning and highlights the
benefit of the proposed multi-stage stochastic planning framework in
supporting strategic decision-making under uncertainty by allowing
network investments to be delayed when appropriate (e.g., from node 2
in 2030 to node 4 in 2040). Such flexibility can generate cost savings by
avoiding premature investments. For example, if a deterministic
approach based on Scenarios 1-3 was adopted, upgrades would be
implemented in 2030; however, if Scenarios 4 or 5 occurred instead,
these investments would prove premature, resulting in unnecessary
costs and inefficient asset utilization. In the worst case, under Scenario
6, the investments would become stranded. Conversely, if planning were
based on Scenarios 4-6 but Scenarios 1-3 materialized, the delayed

Residential area

@ Thermal generator
—

|26 IZ7 |28 |2‘) |3l) |3] |32 |33

T ®

718 9 |10 J11 2 13 |14 15 |16 |17 |18I

& &

Invested line in Invested line in

Epoch 1 Epoch 3
Invested line in ¢

nvestediine i Invested FCS
Epoch 2

(a) FCS-only

investment would lead to load curtailment from 2030 until upgrades
were completed, incurring significant social and environmental costs. By
contrast, the multi-stage stochastic model mitigates these risks and
provides a more adaptive and resilient approach to expansion planning.

The ESS-FCS investment option further strengthens strategic
decision-making under uncertainty. Conventional line upgrades involve
complex licensing and lengthy construction [38], increasing the risk of
delays and stranded assets under uncertainty. ESS-FCS helps mitigate
this risk by providing flexibility in investment timing [39,40]. The dif-
ferences between Fig. 4(a) and (b) demonstrate the ability of ESS-FCS to
defer or displace conventional line reinforcements. Compared with the
FCS-only case, upgrades of lines 1-2, 3-4, 6-7, and 3-23 which were
originally upgraded in the root node, are relocated for upgrade; capac-
ities of other lines are reduced; and line 2-3, initially scheduled at node
2, becomes unnecessary. In later stages, upgrades adjust dynamically to
realized demand, with lines 1-2, 3-4, and 6-7 delayed to stage 2 at
lower capacities, line 3-23 deferred to stage 3, and line 23-24 also
displaced. This repositioning lowers line investment costs across all
scenarios as shown in Fig. 6. Overall, ESS-FCS manages long-term un-
certainty by deferring or reducing conventional reinforcements, thereby
limiting overinvestment and reducing risk.

Expected costs shown in Table 3 indicate that ESS-FCS reduces
traditional line investment by ~£0.09m, offsetting the additional cost of
incorporating ESS, and yielding a net benefit of £0.01m in OV. Given the
negligible impact of demand curtailment, FCS investment strategies are
unaffected. The influence of the ESS-FCS on generation operations is
also minimal due to the relatively minor installed PV capacity in the
IEEE 33-bus system. ESS-FCS provides significant value by allowing

|26 |27 |28 |29 |30 |31 |32 |33
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Fig. 5. Maps of the optimal line investment strategies for IEEE 33-bus system with (a) FCS-only and (b) ESS-FCS.



Y. Sun et al.

0.40

0.370 0.370 0370 FCS ® ESS-FCS

0.356 0.356
0.35

0.30 0.285
0.265 0.265 0265 0.265 0.265

0.25 0229

0.20
0.15

0.10

Expected scenario line investment cost (m£)

0.05

0

S1 S2 S3 S4 S5 S6
Scenario

Fig. 6. The expected line investment costs per scenario for IEEE 33-bus system.

Table 3
Expected costs (in £ million) of IEEE 33-bus system.
FCS ESS-FCS

Total expected system cost 716.79 716.78
Total expected operational cost 715.94 715.94
Total expected investment cost 0.85 0.84
Line reinforcement 0.34 0.25
FCS 0.51 0.51
ESS / 0.08
Option Value / 0.01

postponement or avoidance of unnecessary investments, reducing pre-
mature expenditures and underutilization of network capacity. By
enabling more flexible and adaptive planning, ESS-FCS helps mitigate
the risk of stranded assets and ensures that investment decisions align
closely with real-world conditions. Its long-term economic benefits are
further examined in the Garver 6-bus transmission system in Section 4.2
and in sensitivity analysis regarding the impact of different PV capacity

Electric Power Systems Research 259 (2026) 113201

generation increases, the total expected system cost decreases because
the system makes greater use of zero-marginal-cost PV generation. With
more renewable energy available, ESS-FCS can store a larger share of
surplus PV output and serve flexible charging demand more effectively.
This leads to a reduction in the expected generation cost in the ESS-FCS
case compared with the FCS-only case. Correspondingly, the OV of ESS-
FCS increases from a very small value at the baseline PV capacity
(£0.01m) to £0.96m (x4), £4.13m (x6), £6.14m (x8), and £10.21m
(x10). This analysis highlights the growing environmental and eco-
nomic value of ESS-FCS in systems with higher renewable penetration.

4.1.2. Sensitivity analysis of scenario probabilities

To validate the robustness of the planning approach, this section
presents a sensitivity analysis testing alternative probability configura-
tions that examines whether the investment outcomes and the OV of
ESS-FCS remain stable when the likelihood of high- or low-growth fu-
tures changes. The probability settings of all cases are summarized in
Table 4. Case A assigns higher probabilities to Scenario 1, which rep-
resents a high-stress future where network reinforcements are more
urgent and the flexibility of ESS-FCS is expected to be particularly
valuable. Case B places higher probability on the low-EV-growth Sce-
nario 6, representing a conservative future with slower electrification
and higher technology costs. Case C represents a highly uncertain future
without a dominant trajectory with branching probabilities close to 0.5
at each stage.

The results are summarized in Table 5. Across all three configura-
tions, the OV of ESS-FCS remains positive and even higher than in the
baseline, which is consistent with the interpretation of ESS-FCS as a real
option. Under Case A, the FCS-only strategy tends to over-invest early,
exposing the system to stranded-asset risk when growth does not
materialize in all scenarios. ESS-FCS mitigates this through deferrable
and modular investments. For Case B, although it leads to lower ex-
pected demand pressure, it also creates a planning environment with

levels in Section 4.1.1 Table 4
T The scenario probabilities of different cases.
4.1.1. Sensitivity analysis of renewable generation capacities Baseline Case A Case B Case C
To examine how the OV of ESS-FCS changes with different levels of s1 3.6 % 44.8 % 1.2% 12.5%
renewable penetration, this subsection extends the IEEE 33-bus distri- 52 14.4% 11.2 % 4.8 % 125 %
- - - - s3 42.0 % 24.0 % 14.0 % 25.0 %
bution m b ling the P neration i 2x,4x,6x,8x
ution system by sca .gt .e V gene at.o capacity to 2x, 4x, 6%, 8x, s 2.4% 112% 4.8 % 125 %
and 10x of the baseline in all scenario tree nodes. The results are S5 5.6 % 4.8% 11.2 % 12.5 %
illustrated in Fig. 7. S6 32.0 % 4.0 % 64.0 % 25.0 %
The results show a clear trend that as the share of renewable
30 167971678 Exocctod eencration cost for FCS-onl 12
xpected generation cost for -only 10,21
710 715.94 715094 707.16707.08 Expected generation cost for ESS-FCS
: - ® o @ Total expected cost for FCS-only 10
706.21 706.19 O Total expected cost for ESS-FCS
690 === Option Value
—_~ ~
Bai g R
g 670 658.45 657,49 £
Z 650 o il 3
65755 =
< 656.49 ¢ &
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2 630 =
‘g Rt
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2
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Fig. 7. Results under different PV capacity scaling.
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Table 5
The expected results (in £ million) of different cases.
Case A Case B Case C
FCS- FCS- FCS- FCS- FCS- ESS-
only ESS only ESS only FCS
total expected 722.12 703.50 701.04 700.85 717.09 717.06
cost
Total expected 721.11 702.50 700.38 700.21 716.23 716.23
operational
cost
Total expected 1.01 1.00 0.66 0.64 0.85 0.83
investment
cost
Line 0.36 0.26 0.30 0.24 0.34 0.26
reinforcement
FCS 0.65 0.65 0.36 0.36 0.51 0.51
ESS / 0.08 / 0.04 / 0.06
oV / 18.62 / 0.19 / 0.03

greater uncertainty and stronger cost asymmetry, which increases the
relative value of flexible investment option of ESS-FCS. ESS-FCS pro-
vides a modular and deferrable alternative that can be built in smaller
increments and adjusted as the actual demand unfolds. This flexibility
reduces the risk of under-investment in an environment where demand
and costs develop more slowly than expected. In the baseline and Case C,
the FCS-only model adopts a moderate strategy under high uncertainty,
resulting in lower but still positive OV.

Overall, this analysis demonstrates that the strategic and economic
value of ESS-FCS is robust to a wide range of probability specifications. It
provides a more rigorous justification for the scenario-tree probabilities
and reinforces the credibility and robustness of the ESS-FCS OV identi-
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capability of ESS-FCS in managing such resources. 3) Public EVs account
for 40 % of the total EVs.

Long-term uncertainty assumptions are summarized with Fig. 8. "EV
[.]" indicates the multiplier of the number of EVs in a particular node, "C
{.}" denotes FC unit investment cost (£/EV) and "W{.}" represents the
installed wind capacity (MW) at bus 6. Fixed and variable line rein-
forcement costs are set as £70,000 /km and £70 /MW, respectively [36,
37,411, while other unit costs match those in the IEEE 33-bus system.

Table 6 summarizes expected costs for both models and the OV of
ESS-FCS in the Garver 6-bus transmission system. “ESS” in the table
refers to the storage component in ESS-FCS. The results show the in-
vestment and operational costs required to meet public EV charging
demand under uncertainty, highlighting the economic advantage of ESS-
FCSs with the OV indicating savings exceeding £130m. While the ESS-
FCS incurs higher investment costs due to ESS integration, these are
offset by reduced line reinforcement and generation operation costs.
Specifically, line reinforcement costs drop by approximately £1.1m, a
21.8 % reduction, demonstrating enhanced network utilization and
strategic investment flexibility.

Fig. 9 visualizes the optimal line investment strategies for both
models, with red lines indicating transmission lines that require up-
grades. With ESS-FCS, investment in line 3-5 is displaced, and upgrades
to other lines are reduced, reflecting optimized timing and capacity
decisions. This flexibility helps avoid unnecessary costs and enhances
planning resilience. Moreover, operational cost reductions of approxi-
mately £138m underscore the efficiency of ESS-FCS utilizing renewable
energy, highlighting its environmental benefit. Fig. 10 illustrates the
expected generation costs across all scenarios; those for ESS-FCS are

fied in this study. Table 6
Expected costs (in £ million) of Garver 6-bus system.
4.2. Economic value of ESS-FCS in transmission networks FCS ESS-FCS
Total expected system cost 2401.68 2270.79
A modified Garver 6-bus system [41] is used to evaluate the eco- Total expected operational cost 2389.75 2251.56
nomic value of ESS-FCS in transmission networks. The modified system Total expected investment cost 11.93 19.23
. s . . . Line reinforcement 6.10 5.01
consists of 6 buses, 8 existing lines, and 3 generators with the following FCS 5.83 5.82
adjustments: 1) lines 2-6 and 4-6 exist but have limited capacity ESS ; 8.40
(10MW). 2) The thermal generator at bus 6 is replaced with a wind Option Value / 130.89
generator to introduce renewable generation and demonstrate the
Stage 1 Stage 2 Stage 3 Stage 4  Probabilities
Node 8
20% EV[x6]
Node 4 C{5000} S1 3.6%
W{600}
EV[x4]
30% C{7000} Node 9
Node 2 W{360}
EV[x3]
EV[x3] 0% Cf6000} | §2 14.4%
C{10000} Wi480}
60% W{120} Node 5 Node 10
. EV[x3] EV[x4]
Nodel TP cpoooy ——  coony  S§342.0%
W{240} W{360}
EV[XI] Node 11
C{12000} s EVId
W{0} Node 6 > C{5000} S4 2.4%
’ W{360}
EV[x3]
Node 3 20%, C{7000} Node 12
‘ W{120}
EV[x3.5]
40% EV|[x1.05] ‘ 70% C{6000} S5 5.6%
C{10000} ° W{240}
W{0} ‘ Node?7 Node 13
30% EVIxL.1] EV[xL1]
C{8000} —— C{7000} S6 32.0%
W0} W{120}

Fig. 8. Scenario tree illustrating uncertainties in the Garver 6-bus transmission system.
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Fig. 10. The expected generation operational costs per scenario for Garver 6-
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consistently lower reducing reliance on thermal generation and thereby
mitigating CO2 emissions. In contrast, the FCS-only model restricts
renewable integration, increasing dependence on carbon-intensive
thermal generators and consequently increasing system operation
costs. Uncertainties surrounding the installed wind generation capacity
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Fig. 9. Maps of the optimal line investment strategies for Garver 6-bus system with (a) FCS-only and (b) ESS-FCS.
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significantly affect generator operations. As depicted in Fig. 8, wind
capacity increases as the scenario progresses, while higher wind ca-
pacity correlates with reduced thermal reliance and lower generation
costs. For example, although Scenarios 3 and 4 have identical final-stage
wind capacity, Scenario 3 has higher installed capacity during stages 2
and 3. This difference explains the lower generation cost in Scenario 3
compared to that in Scenario 4.

Fig. 11 provides an overview of FCS investment strategies across all
scenarios, which remain consistent between models due to minimal

details expected FCS investment costs,

influenced by fluctuations in FC unit costs and EV growth. It is evident
that higher EV numbers lead to higher FCS investments, for instance,
Scenario 1, characterized by the highest EV count, incurs the highest FCS
investment cost of over £8.1m, while Scenario 6, with the lowest number
of EVs, requires a significantly lower investment of under £3.3m, a

notable difference of approximately £5m. A £1.8m gap between Sce-

narios 3 and 4 is attributed to FC unit cost differences, highlighting the

impact of cost uncertainty on long-term planning.

4.2.1. Sensitivity analysis of fast charger ratings

This section presents a sensitivity analysis across three different FC
ratings: 50 kW, 100 kW, and 150 kW. Fig. 13 shows that as FC rating
increases, total expected costs also rise. However, ESS-FCS exhibits a
more gradual increase and consistently lower costs than FCS-only.

Stage 1 Stage 2 Stage 3 Stage 4
L Nedes
Node 4 F{48,146,24,97,146} ‘ kY

F{24,74,12,49,74} Node 9

F{50,150,25,
100,150}

F{28,81,15,55,81}

Node 6

Node 10
—— F{24,74,12,49,74}

Node 11
F{24,74,12,49,74}

F{24,74,12,49,74} ‘ S2

S3

S4

Node 3 F{48,146,24,97,146} Node 12
Fil4,1,3,4} F{12,37,62537} |85
Node7 Node 13

B e B —

Fig. 11. Scenario tree of the optimal FCS investment strategies for Garver 6-bus system, where F{a,b,c,d,e} represents the number of FCs invested at bus 1,2,3,4,

and 5.
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Fig. 12. The expected FCS investment costs per scenario for Garver 6-
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Fig. 13. The total expected system costs with different FC ratings and
FCS models.

Table 7 details the OV for each rating, highlighting that ESS-FCS yields
greater OV as FC rating increases. Fig. 14 illustrates that demand and
generation costs rise with higher FC ratings for both models. Yet, ESS-
FCS mitigates this cost escalation, achieving reductions of 5.86 %,
7.06 %, and 11.76 % compared to FCS-only as FC rating increases. This
is due to ESS-FCS reducing thermal generation and emissions, enhancing
environmental benefits.

Fig. 15 depicts expected line investment costs and capacity upgrades
across the FC ratings and FCS models. Larger FC ratings favor ESS-FCS,
offering enhanced economic benefits and flexibility in line upgrades.
Compared to FCS-only, ESS-FCS reduces line investment costs by
£1.09m (17.87 %) at 50 kW, £2.13m at 100 kW, and £2.30m (28.8 %) at
150 kW. Detailed changes in line investment are also illustrated,
showing that while higher FC ratings require more capacity upgrades,

3000

FCS = ESS-FCS

2389.75
2251.56

2788.51

2571.21 247533

2500 2389.97
2000
1500

1000

cost (m£)

500

Expected generation operational

50 100
Fast charger rating (kW)

Fig. 14. The expected generation operational costs with different FC ratings
and FCS models.
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Table 7
OVs with different FC ratings.

Option Value (£ million)

50 kW 130.89
100 kW 167.72
150 kW 292.06
WFCS Stagel ESS-FCS Stage] MESS-FCS Stage2 M ESS-FCS Stage3
—=—FCS == ESS-FCS
§ 700, 8.0
= 7.96 75 o
2 741 70 B
600 o &
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=l 385 40 2
] 385 -2
2 300 35
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2 25 &
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Fig. 15. The expected line upgraded capacities and line investment costs with
different FC ratings and FCS models.

ESS-FCS alleviates congestion allowing to defer or displace upgrades to
later stages.

4.3. Computational performance of the proposed framework

All numerical experiments were executed using FICO Xpress 8.10 on
a personal computer equipped with an AMD Ryzen 5-4600H processor
(6 cores / 12 threads, 3.00 GHz) and 16 GB RAM. By aggregating all test
instances presented in the paper and computing the corresponding
average total solution times, average number of Benders iterations, and
the average time per iteration for each system, the results reported in
Table 8 provide a representative indication of the computational
burden. This averaging approach smooths out case-specific fluctuations
and highlights the typical behavior of the algorithm across different
scenarios.

A comparison of the average time per iteration shows that the in-
crease observed in the ESS-FCS cases is primarily driven by the larger
master problem and the additional investment variables. In the Garver
6-bus transmission system the average time per iteration remains rela-
tively low, indicating that the subproblems are computationally light
and scale efficiently. In contrast, the IEEE 33-bus distribution system
exhibits higher per-iteration times, reflecting the heavier subproblem
computations typical of larger distribution networks. Nevertheless,
despite this increased per-iteration complexity, the ESS-FCS cases
converge in fewer Benders iterations, resulting in a lower total solution
time for the IEEE 33-bus system and demonstrating the advantage of the

Table 8
Computational performance.

Solution time Iterations  Average time per
(s) iteration (s)
Garver 6- FCS- 190.69 33.00 5.78
bus only
ESS- 443.58 57.30 7.71
FCS
IEEE 33- FCS- 1531.48 56.57 27.07
bus only
ESS- 1320.67 44.43 29.73
FCS
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Benders approach for more complex formulations.

Overall, the results show that the proposed solution method achieves
reliable convergence across both systems. While total solution time
naturally increases with network size and investment complexity, the
per-iteration computational burden remains manageable, confirming
the tractability of the method for multi-stage planning problems.

5. Conclusion

This paper presents a multi-stage stochastic network expansion
planning framework to address long-term uncertainties in transmission
and distribution systems, incorporating fast EV charging stations and
energy storage systems. The framework supports strategic decision-
making, allowing planners to adaptively delay, expand, or modify in-
vestments based on evolving system and market conditions. Two
computationally efficient FCS models are proposed, one standalone and
one with integrated ESS, for incorporation into large-scale planning. The
ESS-FCS model demonstrates significant strategic and economic ad-
vantages over the FCS-only approach. Quantitative results from case
studies show that ESS-FCS reduces expected line reinforcement costs by
up to 28.8 % and achieves operational cost savings exceeding £138
million in transmission networks, showcasing that the ESS-FCS model
enhances planning flexibility by helping mitigate risks of stranded as-
sets, premature expenditures, and network underutilization, thereby
improving long-term economic outcomes.

Real Option valuation highlights the flexibility benefits of ESS-FCS,
with option values ranging from £0.01 million in distribution systems
to £130.89 million in transmission systems, and up to £292.06 million
under high charger ratings. The scale of these benefits naturally depends
on system characteristics such as renewable penetration, network to-
pology, charging demand patterns, and underlying uncertainties. Across
all cases, ESS-FCS consistently mitigates stranded-asset risks, defers
costly reinforcements, and supports higher renewable utilization,
delivering strong economic performance under uncertainty. These re-
sults underscore the substantial potential of ESS-FCS while highlighting
the importance of system-specific assessment when evaluating its eco-
nomic impact. Together, the findings demonstrate how flexible charging
infrastructure can enhance long-term planning outcomes and contribute
to cost-effective pathways toward net-zero power systems. Future
research could extend the framework by incorporating age-dependent
operation cost models for assets, enabling more detailed lifecycle rep-
resentations where such data are available, and by investigating prac-
tical risk implications of different expansion planning formulations to
reflect the needs of system planners in understanding a wider range of
strategic developments.
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