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Adaptive Distributionally Robust Planning for
Renewable-Powered Fast Charging Stations Under

Decision-Dependent EV Diffusion Uncertainty
Yujia Li , Member, IEEE, Feng Qiu , Senior Member, IEEE, Yixuan Chen , Member, IEEE,

and Yunhe Hou , Senior Member, IEEE

Abstract—When deploying fast charging stations (FCSs) to
support long-distance trips of electric vehicles (EVs), there exist
indirect network effects: while the gradual diffusion of EVs
directly influences the timing and capacities of FCS allocation,
the decisions for FCS allocations, in turn, impact the drivers’
willingness to adopt EVs. This interplay, if neglected, can
result in uncovered EVs and security issues and even hinder
the effective diffusion of EVs. In this paper, we explicitly
incorporate this interdependence by quantifying EV adop-
tion rates as decision-dependent uncertainties (DDUs) using
decision-dependent ambiguity sets (DDASs). Then, a two-stage
decision-dependent distributionally robust FCS planning (D3R-
FCSP) model is developed for adaptively deploying FCSs with
on-site sources and expanding the coupled distribution network.
A multi-period capacitated arc cover-path cover (MCACPC)
model is incorporated to capture the EVs’ recharging patterns
to ensure the feasibility of FCS locations and capacities. To
resolve the nonlinearity and nonconvexity, the D3R-FCSP model
is equivalently reformulated into a single-level mixed-integer
linear programming by exploiting its strong duality and applying
the McCormick envelope. Finally, case studies highlight the
superior out-of-sample performances of our model in terms
of security and cost-efficiency. Furthermore, the byproduct of
accelerated EV adoption through an implicit positive feedback
loop is highlighted.

Index Terms—Coupled transportation and power systems,
decision-dependent uncertainty, distributionally robust
optimization, fast charging station, flow refueling location
model.

NOMENCLATURE

Indices

(j, k) Index of a directional arc from node j to node
k in the TN
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(n, m) Index of directed distribution line from DN
node n to m

γ Index of planning periods
d Index of representative days
i Index of TN node i
n Index of DN node n
od Index of OD pairs (and the path between them)
s Index of scenarios for EV adoption rates

Sets

� Set of planning periods
ATN

od Set of directional arcs on path od, sorted from
origin to destination and back to origin

Dγ Set of representative days at period γ

Kod(j, k) Set of candidate nodes that can cover arc (j, k)
L Set of distribution lines
ND-T

n Set of TN nodes connected to DN node n
NDN Set of all nodes in the DN
N TN Set of all the nodes in the TN
N TN

od Set of ordered nodes on path od
Q Set of OD pairs od
Sγ Set of realizations of EV adoption rates s
T Set of time slots

Constant parameters

ηc/ηd Charging and discharging efficiency of ESSs
ηev Charging efficiency of the CS
E

es
i Maximum installation capacity of on-site ESSs

P
ch

Rated charging power of CSs
P

line
nm /Q

line
nm Active/reactive capacity of the distribution line

P
L
/Q

L
Expansion capacity of the distribution line

P
re
i Maximum installation capacity of on-site PVs

U
sqr
n , Usqr

n Maximum/minimum squared voltage of DN
node

Z
ch
i,γ , Zch

i,γ Maximum/minimum CS number in the FCS
Cch Unit installation cost of a CS
Ccu, Csh Unit penalty costs of PV curtailment and load

shedding
Cin Unit construction cost of an FCS
CL Unit expansion cost for distribution line ($/km)
Cre, Ces Unit installation costs of PV/ESS
Csub Unit expansion cost for substation capacity
Cun Unit penalty cost of uncovered EVs
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Cup,p, Cup,q Unit purchase price of active/reactive energy
from the upstream main grid

Dev Driving range of an EV
Ed Energy consumption of EVs (kWh/km)
Rnm, Xnm Resistance and reactance of the distribution line
Wd Weight of the representative day d
ιc/ιd Per unit charging/discharging rates of ESSs
Psub,0

i Initial power capacity of the substation

First-stage Decision Variables

P̂re
i,γ , Êes

i,γ Newly installed capacity of PVs and ESSs
P̂sub

i,γ Expanded capacity of a substation
x̂ch

i,γ Binary variables indicating the newly con-
structed FCS; equals 1 if an FCS is newly
constructed

x̂L
nm,γ Binary variable indicating the newly expanded

conductor; equals 1 if the conductor is newly
expanded

ẑch
i,γ Integer variable indicating the newly installed

number of CSs
Ees

i,γ Overall installed energy capacity of ESSs
Pre

i,γ Overall installed power capacity of PVs
xch

i,γ Binary variable indicating the existence of an
FCS; equals 1 if an FCS exists

xL
nm,γ Binary variable indicating the constructed con-

ductor; equals 1 if the conductor has been
expanded

zch
i,γ Integer variable indicating the number of CSs

Second-stage Decision Variables

λi,d,t Number of EVs served by the FCS
λun

i,d,t Number of unsatisfied EVs
ζn,d,t Load shedding coefficient
ees

i,d,t Residual energy of the ESSs
frod,i,d,t Fraction of EVs between OD pair od charg-

ing at FCS i on day d in time slot t
pes,c

i,d,t, pes,d
i,d,t Charging and discharging power of ESSs

pline
nm,d,t, qline

nm,d,t Active/reactive power on DN line
pre,cu

n,d,t Curtailed RES capacity
pre

n,d,t, qre
n,d,t Active/reactive generation of PVs

pup
n,d,t, qup

n,d,t Purchased active/reactive power from the
main grid

usqr
n,d,t Squared voltage magnitude of DN node

Random Variables

θ̃od,γ Adoption rate of EVs
	̃od,t Traffic flow volume of all vehicles

̃i,t Per unit PV generation
P̃load

n,t Conventional load demand

I. INTRODUCTION

THE GLOBAL number of EVs has risen to around
16.5 million, nearly triple the number in 2018 [1].

While the swift expansion of the EV market advances global
decarbonization, it also necessitates extensive updates to
both transportation networks (TNs) and distribution networks
(DNs). For TNs, the limited driving range of EVs calls for

strategically deployed fast charging stations (FCSs) to alleviate
range anxiety and enable long-distance travel. For DNs, the EV
integration leads to a considerable rise in energy consumption
and a redistribution of power flows, necessitating the selec-
tion of suitable coupling nodes and grid investments. These
have motivated extensive research on FCS planning (FCSP)
problems from the standpoint of coupled transportation and
distribution networks (TDNs).

As DN expansions are often costly and physically infeasible,
recent studies have highlighted the on-site distributed energy
resources (DERs) in mitigating power congestion, voltage
violations, and costly investments resulting from widespread
EV integration. For instance, [2] explored a two-stage siting
problem for FCSs fully powered by on-site photovoltaic (PV)
panels on highways to support remote stand-alone areas. In [3],
on-site energy storage systems (ESSs) are integrated to accom-
modate the intra-day fluctuations of charging demands. In [4],
a mixed-integer linear programming (MILP) formulation for
coordinating renewable energy sources (RESs) and ESSs
into FCSs is proposed to maximize environmental benefits.
Considering that long-distance trips often rely on highways
with ample space, incorporating on-site DERs into FCSs
becomes a promising alternative to costly grid expansions.

While deploying FCSs with on-site sources can greatly
facilitate EV integration, the expanding EV market exhibits
multi-scale uncertainties, thereby complicating the FCSP
problem. Specifically, EV charging demands in the FCSP
problem are jointly influenced by two stochastic factors on
different timescales, i.e., short-scale recharging behaviors and
the long-scale EV diffusion process. The stochasticity of the
former is usually incorporated when modeling spatio-temporal
transportation behaviors, through equilibrium-based [5], flow-
based methods [6], [7], etc. In equilibrium-based methods,
the impacts of FCS locations on EV drivers’ travel choices
and the equilibrium flow distribution are considered. In [5],
a stochastic user equilibrium model is adopted to assign EV
traffic flow considering travelers’ random route choices. Flow-
based methods are also extensively employed due to their
practicality from a utility standpoint. In [6], a capacitated flow
refueling location model (FRLM) explicitly captures time-
varying charging demands given EVs’ driving ranges. The arc
cover-path cover (ACPC) model [8] is another computationally
efficient flow-based method, based on the idea that FCSs
should make all the arcs on the path traversable for EVs.

On the other hand, quantifying the long-term uncertainty
of the EV diffusion process, namely the gradual adoption of
EVs over time, presents notable challenges due to limited
information and data. Current multi-period FCSP studies typi-
cally consider adaptive EV diffusion as a decision-independent
uncertainty (DIU), whose realizations are only related to
exogenous factors such as technological advancements and
subsidies. This DIU has been addressed by well-established
stochastic programming (SP) and robust optimization (RO)
frameworks. For instance, the authors in [9] and [10] generate
scenarios with fixed probabilities for EV demands in their
stochastic FCSP models. But overoptimism toward empiri-
cal probabilities often leads to poor statistical significance
in reality. On the other hand, the RO-based FCSP model
utilizes worst-case charging demand within uncertainty sets to
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attain a robust strategy [11], [12]. Nevertheless, overlooking
distributional information always results in overconservative
solutions. Distributionally robust optimization (DRO) offers
an alternative for modeling ambiguous probability distri-
butions, which has already been applied to several FCSP
studies [2], [13]. Compared to SP and RO, DRO-based models
generate decisions based on the worst distribution in a family
of candidate distributions, making a better trade-off between
robustness and practicality.

Although existing studies have integrated the impacts of
exogenous factors on future EV adoption as a DIU, they fail to
capture the indirect network effect of EV diffusion caused by
FCS allocation decisions (also known as a classic “chicken-
and-egg dilemma”): while ongoing EV adoption requires the
adaptive expansion of charging facilities to meet the growing
demand, strategic FCS deployments can reciprocally encour-
age more customers to adopt EVs by alleviating range anxiety
and improving public perception [11]. This implies that the
present DIU-based methodology needs adaptation to capture
the decision-dependent uncertainty (DDU) of multi-period
EV adoption, whose realization can be actively reshaped by
FCS allocation decisions. Recent evidence shown by empirical
regression analysis can support this statement. For instance,
panel data analysis conducted in the U.S. shows that a
10% increase in the stock of charging stations can lead to
an 8% increase in EV demand [14]. Another study uses
autoregression analysis to reveal a strong causal promotion
effect of public FCSs on EV sales [15]. Particularly, the
availability of high-speed charging has been highlighted as
a crucial factor in promoting EV adoption [16], as it can
facilitate long-distance EV travel. Consequently, it is neces-
sary to incorporate the DDU of EV diffusion considering the
endogenous impact of FCS allocation, in order to mitigate the
risks of underinvestment and potential security issues.

Nonetheless, limited FCSP studies have yet explicitly mod-
eled the interdependence between uncertain EV diffusion and
FCS allocation. In [7], the dynamics of EV market share
are captured in a multi-period FCSP model as a function of
charging opportunities on the path. In [17], the EV adoption
growth is approximated with a piecewise linear function
w.r.t. the nearby FCSs. But both studies fail to consider the
stochasticity of EV adoption. In [11], the impact of the FCS
allocation on path-specific EV adoption is formulated using a
decision-dependent uncertainty set in a robust FRLM model.
But oversight of power grid security constraints can lead to
unreliable or even infeasible strategies. Given the challenge of
accurately depicting the future diffusion of EVs, as well as the
criticality of integrating technical constraints in the coupled
TDN to mitigate potential security and economic risks, it
becomes essential to develop an FCSP model that incorporates
the DDU in EV adoption from the TDN’s perspective.

Recent advancements in solving DDU problems offer a
promising tool to update current FCSP models to account
for decision-dependent EV adoption. Typically, DDU can be
categorized into two types. In the first type, the probability
distribution functions (PDFs) [18] or shape of uncertainty
sets [19] are altered by decisions. Examples of this type
of DDU include the uncertain cold load pattern during
restoration, whose underlying PDF can be influenced by

different load pickup orders [18]. In the second type of DDU,
uncertainty can be resolved by assigning specific values to
some decision variables. An example of this type is the
uncertainty consumer participation in new demand response
projects, which can be resolved by project commencement
decisions [20]. Given that the realizations of uncertainty in
future EV diffusion are reshaped by different FCS allocations,
the problem we are studying clearly falls within the first type
of DDU.

While previous studies have adapted the SP and RO frame-
works to address the first type of DDU [11], [18], [19], the
scarcity of information in the emerging EV market necessitates
the adoption of the DRO framework for uncertainty quantifi-
cation. Based on distinct empirical and statistical properties
of the underlying PDFs, moment-based and distance-based
decision-dependent ambiguity sets (DDASs) have been investi-
gated within the context of decision-dependent DRO (D3RO).
Regarding the distance-based D3RO, the authors in [21]
introduce DDASs defined by the L1-Wasserstein metric and
φ−divergence. Within these sets, statistical distances from
nominal distributions vary according to decisions. Similarly,
authors in [22] investigate balls centered on a decision-
dependent probability distribution using a class of Earth
Mover’s distances, where the nominal distributions can be
modified by decisions. Regarding moment-based ambiguity
sets, two-stage and multi-stage D3RO are investigated in [21]
and [23], respectively. These frameworks incorporate DDASs
where the first and second moments of candidate distributions
are altered by decisions. To facilitate practical implementa-
tion, tractable reformulations based on mixed-integer linear
programming (MILP) and mixed-integer semidefinite pro-
gramming (MISDP) have been developed. Applications of
moment-based D3RO can be found in power system line rein-
forcement [24], and facility location problems [25]. Despite
advancements in both modeling and algorithm, effectively
solving the non-convex reformulations of distance-based
D3RO remains an unresolved challenge. Therefore, consider-
ing the scalability and complexity inherent in FCSP problems
in the coupled TDN, moment-based DDASs for quantifying
the EV diffusion uncertainty can better balance tractability and
modeling accuracy. Consequently, leveraging identified gaps
and pioneering studies, this paper makes the following key
contributions:

1) To capture the influence of FCS allocations on EV
adoption, a decision-dependent EV diffusion function is
formulated. Moreover, to effectively quantify the DDUs
of the EV diffusion and address misspecified PDFs,
DDASs are established.

2) A two-stage decision-dependent distributionally robust
FCSP (D3R-FCSP) model is developed. Based on the
worst-case PDFs of EV adoption rates within DDASs,
the model robustly determines the locations and capac-
ities of FCSs with on-site DERs, as well as the
expansion of DN assets. Multi-period capacitated ACPC
(MCACPC) is incorporated to identify feasible FCS
locations and capture spatio-temporal EV recharging
patterns.

3) To address the nonlinear and non-convex formulation, the
two-stage D3R-FCSP model is equivalently recast as a
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Fig. 1. Modeling procedure for strategic/operating uncertainties and an
illustration for the indirect network effects.

single-level MILP by applying strong duality and the lin-
earization technique. This enables Benders decomposition
to facilitate the computation.

4) Numerical studies are conducted to exhibit the security
insights of our D3R-FCSP model and an accelerated EV
diffusion pattern. Also, the introduction of a new met-
ric can help decision-makers comprehend the monetary
implications of incorporating the DDU in EV diffusion.

The remainder of this paper is organized as follows: We first
introduce the decision-dependent EV diffusion model and the
MCACPC model in Section II. Then, the two-stage D3R-FCSP
model is presented in Section III. In Section IV, the tractable
MILP reformulation is derived for the D3R-FCSP model, as
well as evaluation methods. In Section V, numerical tests
are conducted to demonstrate the efficiency of the proposed
approach. Finally, Section VI concludes our study.

II. DECISION-DEPENDENT EV DIFFUSION AND

CHARGING UNCERTAINTIES

The objective of our FCSP model is to economically
allocate RES-powered FCSs in highway TNs to adaptively
accommodate the EV charging demands. As the spatio-
temporal charging demands are jointly influenced by long-term
EV adoption rates and short-term charging behaviors, this
section will cover detailed models for these multi-scale random
factors.

A. Strategic Uncertainty: EV Adoption Rate

1) Empirical Decision-Dependent EV Diffusion Function:
The EV diffusion process exhibits indirect network
effects [14]. The red directed lines shown in Fig. 1 gives
an overview of how the mutual reinforcement between FCS
investments and EV uptake creates a positive feedback loop.
To better capture this interplay, the logistic model is employed,
as it is suitable for incorporating the impact of external factors
such as FCS installation under a relatively static technical

level [26]. Also, the authors in [27] pinpointed the logistic-
based model as the best-fit for forecasting EV adoption
in several key countries, supported by empirical data. In
the logistic diffusion model, the percentage incremental EV
adoption rate and the EV adoption rate in a certain path od
are formulated as (1a) and (1b), respectively:

�θ̄od,γ+1

(
xch
)
= aod,γ dod,γ

(
xch
)[

1− θ̄od,γ

(
xch
)

K

]
,∀od ∈ Q (1a)

θ̄od,γ

(
xch
)
= θod,0 +

γ∑
r=1

�θ̄od,r

(
xch
)
,∀od ∈ Q (1b)

where θ̄od,γ (xch) represents the expected path-specific EV
adoption rate, which can be parameterized by the FCS loca-
tions xch = {xch

i,γ , i ∈ N TN, γ ∈ �}. K is the market potential,
posing the saturation effect of the market. aod,γ denotes the
basic diffusion rate. To explicitly capture the influence of xch,
dod,γ (xch) is introduced to denote the charging convenience
level, which reflects the accessibility of FCSs along different
paths. The higher its value, the more likely it is for EVs to
be adopted along the corresponding path. While the detailed
derivation for the empirical values for aod,γ and dod,γ (xch) is
beyond the scope of this study, it is worth noting that, many
regression analyses have been performed in existing literature
regarding the process of EV diffusion [27], [28] and the impact
of charging convenience on EV adoption [14], [15]. These
works can serve as references and input for the present study.

To facilitate a tractable formulation, we present the first
assumption below:
A1 For a given OD pair, the presence of FCSs along the

shortest path has a significantly greater influence on the
EV adoption rate, compared to the capacities of FCSs or
the presence of FCSs along alternative longer paths.

This is based on the understanding that, during long-distance
travel on less congested highways, drivers are generally
reluctant to deviate from the shortest path for recharging [7].
Furthermore, empirical evidence suggests that the presence
of FCSs has a far greater impact on EV adoption than
their specific capabilities [29]. Thereby, in line with [11], we
employ a piecewise linear function to model the convenience
level:

dod,γ

(
xch
)
= 1+

∑

i∈N TN
od

�dod,ix
ch
i,γ (2)

where �dod,i represents the incentive factor (IF), whose
magnitude reflects the perception level of the FCS at TN node
i to drivers along the OD path od in the next period.

Furthermore, as the logistic diffusion model formulated
as (1a)-(2) is highly nonlinear and has recursive characteristics
with respect to xch, the second assumption is proposed as
follows:
A2 In the early stage of the EV market, we observe that

1) the extra EV adoption promoted by FCS installation is
trivial compared to K, and 2) the incremental EV adoption
rate in the previous periods, i.e., �θ̄od,r (r = 1, .., γ −1),
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is also trivial compared to K. So we have the following
approximation:

θ̄od,γ

(
xch
)

K
= θod,0 +∑γ

r=1 �θ̄od,r
(
xch
)

K

= 1

K

⎡
⎢⎣θod,0 +

γ−1∑
r=0

aod,r

(
1+

∑

i∈N TN
od

�dod,ix
ch
i,γ

)(
1− θ̄od,r(xch)

K

)
⎤
⎥⎦

≈ 1

K

⎡
⎣θod,0 +

γ−1∑
r=0

aod,r

(
1− θ̄od,r(xch)

K

)⎤
⎦ ≈ θod,0 +∑γ−1

r=0 aod,r

K

where θod,0 �= 0 represents the initial EV adoption rate
at the beginning of the planning horizon.

Essentially, this assumption is aimed at decoupling the

dependence of the last term in (1a), i.e.,
θ̄od,γ (xch)

K , on the
decision xch, by omitting the influences of FCS installation in
former periods and the saturation effect of the market. Notably,
this omission is rational due to the small EV adoption in the
emerging EV market compared to the saturation value K. The
error caused by this approximation will be further tested in
case studies. Thus, together with A1, the expected EV adoption
rate can be approximated as below:

θ̄od,γ

(
xch
)
≈
⎛
⎝θod,0 +

γ−1∑
r=0

aod,r −
γ−1∑
r=0

θod,0 +∑r
p=0 aod,p

K

⎞
⎠

︸ ︷︷ ︸
μ̄od,γ

+
γ−1∑
r=0

∑

i∈N TN
od

⎡
⎢⎢⎢⎢⎣

(
aod,r −

θod,0 +∑r
p=0 aod,p

K

)
�dod,i

︸ ︷︷ ︸
�μod,i,r+1

·xch
i,r

⎤
⎥⎥⎥⎥⎦

(3)

which is a piecewise linear function in xch with the coeffi-
cient μ̄od,γ and �μod,i,γ . This formulation strikes a balance
between accuracy and computational complexity. Notably,
while the convenience level (2) is only impacted by FCS
locations in the last period, the EV diffusion process (3)
is jointly affected by the EV deployments from the very
beginning, i.e., xch

i,r (r = 1, .., γ − 1). This implies that
the timing and sequence of FCS allocation potentially play
a crucial role in reshaping the EV diffusion trajectory, as
visualized in the upper left of Fig. 1.

2) Decision-Dependent Ambiguity Sets: The lack of
information in the emerging EV market can lead to misspec-
ified estimations of future EV adoption, which makes the
empirical formulation less reliable. Thus, on the basis of the
empirical formulation (3), period-wise DDASs are constructed
to encompass all candidate probability distribution functions
(PDFs) for the uncertain EV adoption rates θ̃od,γ :

∀γ ∈ � : Pθ
γ

(
xch
)
=
⎧
⎨
⎩π st

γ ∈ R
|Dγ |
+ ,∀od ∈ Q

∣∣∣∣
∑
s∈Sγ

π st,s
γ = 1, (4a)

θ̄od,γ

(
xch
)
− ε

μ
od,γ ≤

∑
s∈Sγ

π st,s
γ θ s

od,γ ≤ θ̄od,γ

(
xch
)
+ ε

μ
od,γ , (4b)

ῡod,γ

(
xch
)
ε̌υ

od,γ ≤
∑
s∈Sγ

π st,s
γ

(
θ s

od,γ

)2 ≤ ῡod,γ

(
xch
)
ε̂υ

od,γ

⎫
⎬
⎭ (4c)

where θ s
γ = {θ s

od,γ ,∀od ∈ Q} is the vector for the s-th
possible realization of EV adoption rates at the γ -th period.
πγ = {π st,s

γ }|Sγ |
s=1 represents the probabilities assigned to

different realizations, whose total sum should be equal to 1 as
the constraint (4a) state. Specifically, to address the ambiguous
estimation of path-specific EV adoption rates θ̃od,γ , confidence
intervals are assigned for its first and second moments, as
shown in (4b) and (4c), respectively. Parameters ε

μ
od,γ , ε̌υ

od,γ

and ε̂υ
od,γ determine the robustness of the DDASs. Particularly,

if perfect knowledge on the μod,γ and υod,γ is known, then
ε
μ
od,γ = 0 and ε̌υ

od,γ = ε̂υ
od,γ = 1. Otherwise, these values

can be adjusted based on historical data, risk-aversion levels,
etc. Here, we implicitly assume that every PDF Pγ in the
DDAS Pθ

γ (xch) has a decision-independent and period-wise

independent finite support �θ
γ := {θ s

γ }|Sγ |
s=1 . This indicates

this support set remains static for all feasible FCS allocation
decisions xch. Typically, scenario sampling for θ s

γ is conducted
prior to executing the D3RFCSP model. The sampling range
and step can be established by referencing relevant regression
studies [15], [27] and can be further tailored based on the
decision-makers’ risk aversion level. Notably, it is essential
to ensure the nonemptiness of DDASs under any given xch

to facilitate the reformulation presented in Section IV. This
can be achieved by verifying the feasibility of (4) under
a specific supporting set �θ

γ through the construction of
auxiliary optimization models [30]. The sampling step for �θ

γ

can then be adjusted iteratively until the feasibility of (4) is
met. ῡod,i(xch) in (4c) represents the expected second moment
of θ̃od,γ , which is defined as:

ῡod,γ

(
xch
)
=
(
μ̄2

od,γ + σ̄ 2
od,γ

)
⎛
⎜⎝1+

∑

i∈N TN
od

�υod,i,γ xch
i,γ

⎞
⎟⎠ (5)

where σ̄od,γ is the empirical standard deviation of the EV
adoption rate. �υod,i,γ is the extent to which the FCS’s
presence at i affects the variation of EV adoption rate.
Similar to �dod,i, their values can be obtained from empir-
ical studies [31]. Notably, the inclusion of second-moment
constraints (4c) can efficiently preclude unrealistic scenarios
characterized by extreme distribution dispersion and avoid
overly conservative results [23].

Thus, DDASs are constructed through linear constraints (3)-
(5), which simultaneously account for the DDU and the
ambiguity of the EV diffusion. In Section III, DDASs will
be incorporated into the D3R-FCSP to identify the worst-case
PDFs and ensure a robust strategy.

B. Operating Uncertainty: EV Charging Demands

1) Assumptions on the EV Charging Logic: Besides the
long-term EV diffusion uncertainty, it is essential to under-
stand the short-term recharging behaviors to make informed
decisions on FCS location and capacity. Without loss of
generality, the below assumptions are made regarding the EV
charging logic:
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Fig. 2. A 4-node transportation network.

• EVs begin their journey with a fully charged battery, as
these nodes typically represent cities and residential areas
with type 1 or type 2 charging facilities;

• EVs aim to reach 100% state of charge (SoC) at FCSs in
order to fulfill the needs of long-distance trips;

• Journeys are round trips, and the traffic flows follow
the shortest paths, which is a reasonable assumption for
highways with relatively low traffic density;

• Only TN nodes are considered as candidate FCS
locations;

• EV drivers have perfect knowledge of the occupancy and
vacancies of FCSs.

The charging logic employed in our study is con-
sistent with those widely recognized in the flow-based
FRLM [7], [8], [32]. Notably, while these assumptions are
made for computational convenience, our formulation can be
readily adapted to other logic without impacting our solution
methodology.

2) Multi-Period Capacitated Arc Cover-Path Cover Model:
The ACPC location model is a computationally efficient
variant of the FRLM to identify candidate locations for
FCSs [8]. In our study, the MCACPC model is adopted [7],
which additionally considers multi periods and the FCS service
ability. Given the limited range of EVs, the central premise
of the MCACPC is to ensure that EVs can traverse all arcs on
their paths without exhausting their battery en route.

To achieve this objective, identifying the set of candidate
locations for FCSs is a prerequisite. We here adopt an arc-
based method. Specifically, for each arc (j, k) of od, we define
the set Kod(j, k) containing all candidate FCS nodes that allow
an EV to traverse the arc (j, k) without depleting its battery
before reaching node k. Let ATN

od be the set of ordered TN
nodes on the shortest path for an OD pair od. In Fig. 2,
assuming the EV driving range is Dev = 100 miles, a driver
traveling along the OD pair (1, 4) who wants to traverse the arc
(3, 4) without running out of battery must recharge the battery
either at node 2 or 3. Therefore, we have Kod(3, 4) = {2, 3}.
Similarly, to cover the backward path (3, 2), the driver must
recharge at node 4 or 3, so Kod(3, 2) = {3, 4}. This process is
repeated for each arc on each path. Algorithm 1 in Appendix A
presents the pseudocode for generating Kod(j, k). To ensure
that every arc (j, k) on the od path is traversable, an FCS must
be installed at least one node within the set Kod(j, k) for each
arc (j, k). So the following constraints are imposed:

∑
i∈Kod(j,k)

xch
i,γ ≥ 1 ∀od ∈ Q, γ ∈ � (6a)

xch
i,γ ≥ xch

i,γ−1 ∀i ∈ N TN, γ ∈ � (6b)

x̂ch
i,γ ≥ xch

i,γ − xch
i,γ−1 ∀i ∈ N TN, γ ∈ � (6c)

In this formulation, each arc (j, k) on path od provides one
constraint of (6a), ensuring coverage of (j, k) by one of the
open facilities. Constraints (6b) state that installed FCSs will

not be abolished in later periods. Constraints (6c) impose that
the installation variable x̂ch

i,γ is set to 1 only when a new FCS
is installed at node i at the beginning of period γ .

Moreover, it is essential to determine the service ability of
an FCS, which represents the maximum number of EVs that
can be served concurrently. This is enabled by calculating the
spatio-temporal EV recharging patterns as follows:

	̃ev
od,γ,d,t

(
xch
)
= θ̃od,γ

(
xch
)
	od,γ,d,t (7)

λi,γ,d,t + λun
i,γ,d,t =

∑
od∈Qi

	̃ev
od,γ,d,t

(
xch
)

frod,i,γ,d,t (8)

λi,γ,d,t ≥ 0, λun
i,γ,d,t ≥ 0 (9)

∀i ∈ N TN, γ ∈ �, d ∈ D, t ∈ T
∑

i∈Kod(j,k)

frod,i,γ,d,t = 1 (10)

0 ≤ frod,i,γ,d,t ≤ xch
i,γ (11)

∀γ ∈ �, od ∈ Q, (j, k) ∈ ATN
od , d ∈ D, t ∈ T

λi,γ,d,t ≤ g
(

zch
i,γ

)
∀i ∈ N TN, γ ∈ �, d ∈ D, t ∈ T (12)

Žch
i xi,γ ≤ zch

i,γ ≤ Ẑch
i xi,γ ∀i ∈ N TN, γ ∈ � (13a)

zch
i,γ ≥ zch

i,γ−1 ∀i ∈ N TN, γ ∈ � (13b)

ẑch
i,γ = zch

i,γ − zch
i,γ−1 ∀i ∈ N TN, γ ∈ � (13c)

In equations (7), we define the path-specific EV traffic flows,
which are jointly affected by the adoption rate and the daily
traffic pattern and thus are also DDUs. Notably, previous
studies highlight significant weekly and seasonal similarities
in daily traffic patterns [33], [34], so the daily time-series
fluctuations of traffic flows are captured by representative days
with hourly resolution, denoted as 	od,γ,d,t. This strikes a bal-
ance between time resolution and tractability. Constraints (8)
enforce that the total number of EVs entering FCS i during
t must be equal to the number of EVs choosing to charge
at i across all paths. In (9), the unsatisfied EV flows λun

i,d,t
are permitted and penalized in the objective. Constraints (10)
ensure that all EVs have selected a feasible FCS from the
set Kod(j, k) to traverse the arc (j, k). Constraints (11) specify
that EVs can only get charged at TN nodes with installed
FCSs. To guarantee service quality and prevent excessive
waiting times, the service ability of each FCS is enforced
by (12). To improve the practicality, we assume that each
FCS follows an M1/M2/s queue system with a first-come-
first-served criterion, and approximate g(zch

i,γ ) as a piece-wise
linear function. Readers can refer to [35] for more details.
Constraints (13a) enforce the maximum number of charging
spots (CSs) in a single FCS. Constraints (13b) state that the
CSs installed in the previous period cannot be abolished. (13c)
defines the integer variable to represent the number of newly
installed CSs at the start of period γ . Thus, by capturing
the spatio-temporal recharging patterns through the MCACPC
model as (6)-(13), the feasibility of FCS locations and service
abilities are enforced.
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Fig. 3. Two-stage tri-level framework for the D3R-FCSP model.

III. TWO-STAGE MULTI-PERIOD D3R-FCSP MODEL

A. Planning Framework

This section presents the formulation for the D3R-FCSP
model. The proposed model adopts a two-stage, tri-level
structure to adaptively accommodate the decision-dependent
EV charging demands. Specifically, the upper level constitutes
the first stage of the model for deriving strategic planning
decisions, i.e., locations and capacities of FCSs with on-site
DERs in the TN and the expansion schedules of the DN. In
the second stage, a decision-dependent DRO-based bi-level
“max-min” program is nested. The middle level focuses on
identifying the worst-case distribution P

worst
γ (θ̃γ = θ s

γ ) =
π s,worst

γ for EV adoption rates within the DDAS Pθ
γ (xch).

Based on P
worst
γ (θ̃γ = θ s

γ ), recourse decisions for the daily
TDN operation are derived at the lower level. Through this
framework, the incentive effect of first-stage FCS allocation on
the second-stage EV charging demands is explicitly embedded
through the middle-level DDASs, which assures a more robust
and informed strategy.

B. Objective Function

Here, we adopt the perspective of a central planning entity
aiming to minimize the overall investment and expected
operation costs:

min
xγ ,zγ

⎧⎨
⎩
∑
γ∈�

⎧⎨
⎩cst

γ

(
xγ , zγ

)+ max
Pγ ∈Pγ

(
xch
γ−1

)EPγ

[
ϕγ

(
xγ , zγ , θ̃γ

)]
⎫⎬
⎭

⎫⎬
⎭
(14a)

where cst
γ (xγ , zγ ) is the first-stage investment cost of the TDN

at period γ . The mid-level maximization aims to find the

worst-case distributions Pworst
γ in DDASs that lead to the high-

est cost, thereby attaining robustness. The inner minimization
problem ϕγ (xγ , zγ , θ̃γ ) is to minimize the overall operation
costs:

ϕγ

(
xγ , zγ , θ̃γ

)
= min

yγ

cop
γ

(
yγ

)
(14b)

where cop
γ (yγ ) in (14b) is the second-stage operation cost of the

TDN at the γ -th planning period. The detailed formulations
for cst

γ (xγ , zγ ) and cop
γ (yγ ) are presented below:

cst
γ

(
xγ , zγ

) =
(

1

1+ ν

)(γ−1)[
icTN

γ

(
xγ , zγ

)+ icDN
γ

(
xγ , zγ

)]

(14c)

cop
γ

(
yγ

) = 1− (1+ ν)γ

ν

[
ocTN

γ

(
yγ

)+ ocDN
γ

(
yγ

)]
(14d)

icTN
γ

(
xγ , zγ

) =
∑

i∈N TN

(
ast
γ Cinx̂ch

i,γ + ach
γ Cchẑch

i,γ

+ are
γ CreP̂re

i,γ + aes
γ CesÊes

i,γ

)
(14e)

icDN
γ

(
xγ , zγ

) =
∑

(n,m)∈L

aL
γ CLLnmP̄Lx̂L

nm,γ

+
∑

i∈N TN

asub
γ CsubP̂sub

i,γ (14f)

ocTN
γ

(
yγ

) =
∑

i∈N TN

∑
d∈Dγ

∑
t∈T

WdCunλun
i,d,t (14g)

ocDN
γ

(
yγ

) =
∑

n∈NDN

∑
d∈Dγ

∑
t∈Td

Wd

(
Cup,ppup

n,d,t

+ Ccupre,cu
n,d,t + Cshζn,d,tP

load
n,d,t

)
(14h)

The investment cost of TN icTN
γ in (14e) encompasses four

terms: the installation cost of new FCSs, CSs, on-site PVs,
and on-site ESSs. The investment cost of DN icDN

γ in (14f)
comprises the replacement cost of line conductors and the
expansion cost of substations. The operation cost of the TN
ocTN

γ in (14g) includes the penalty cost for unsatisfied EV
charging demands. The operation cost of DN ocDN

γ in (14h)
consists of the energy purchase cost from the upstream main
grid, the penalty cost of PV curtailment and load shedding.
Both investment and operation costs are converted to the
present value using the interest rate ν, as the coefficients
in (14c) and (14d) show. Additionally, a·γ in (14e) and (14f)
represent the capital recovery factors for different resources
to FCSs, CSs, ESSs, PVs, line conductors and substations,
which convert the present investment costs at period γ

into equal annual payments over their respective lifespans.
Note that during the practical operation of FCSs and power
systems, maintenance costs are essential components, typically
specified as annually fixed values [32], [36] or proportional
to the investment [37]. Therefore, we presume that these
annualized costs are already incorporated into the installation
costs implicitly for the sake of clarity in our formulation [36].
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C. Upper Level: RES-Powered FCS Allocation and DN
Expansion

In addition to the location and capacity decisions for FCSs
constrained by (6) and (13) in Section II, the upper-level
optimization also determines the size of on-site PVs and ESSs
in FCSs, as well as the expansion of lines and substations in
the DN to avoid congestion during the operation:

Pre
i,γ =

γ∑
r=1

P̂re
ı,r, Ees

i,γ =
γ∑

r=1

Êes
i,r, ∀i ∈ N TN, γ ∈ � (15a)

0 ≤ Pre
i,γ ≤ P

re
i xi,γ , 0 ≤ Ees

i,γ ≤ E
es
i xi,γ ,∀i ∈ N TN, γ ∈ �

(15b)

P̂re
i,γ ≥ 0, Êre

i,γ ≥ 0 ∀i ∈ N TN, γ ∈ � (15c)

xL
ij,γ ≥ xL

ij,γ−1 ∀(i, j) ∈ L, γ ∈ � (16a)

x̂L
ij,γ ≥ xL

ij,γ − xL
ij,γ−1 ∀(i, j) ∈ L, γ ∈ � (16b)

Psub
i,γ = Psub,0

i +
γ∑

r=1

P̂sub
i,r ∀i ∈ N TN, γ ∈ � (17a)

P̂sub
i,γ ≥ 0 ∀i ∈ N TN, γ ∈ � (17b)

Psub
i,γ ≥ P̄chzch

i,γ ∀i ∈ N TN, γ ∈ � (17c)

where constraints (15) state the installed capacity of PVs
and ESSs at each period as well as enforce their maximum
capacity. Constraints (16) ensure the preservation of new
conductors replaced in previous periods and define variables
representing newly expanded lines. Constraints (17) delineate
the required capacity expansion of substations.

D. Middle Level: Worst-Case Distributions for EV Adoption

At the middle level, the worst-case distributions for EV
adoption rates that can result in the maximal operation cost are
identified in DDASs. The pertinent constraints are presented
by (3)-(5) in Section II.

E. Lower Level: Operational Schedule of the TDN

At the lower level, the EV recharging pattern are formulated
by (7)-(12). Other constraints are enforced below:

pre
i,d,t + pre,cu

i,d,t = 
i,d,tP
re
i,γ (18a)

pre
i,d,t ≥ 0, pre,cu

i,d,t ≥ 0 (18b)

0 ≤ pes,c
i,d,t ≤ Ees

i,γ ιc (19a)

0 ≤ pes,d
i,d,t ≤ Ees

i,γ ιd (19b)

ees
i,d,t = ees

i,d,t−1 + ηcpes,c
i,d,t�t −

(
1/ηd

)
pes,d

i,d,t�t (20a)

0 ≤ ees
i,d,t ≤ Ees

i,γ

∀i ∈ N TN, γ ∈ �, d ∈ Dγ , d, t ∈ T (20b)

(
1− ζn,d,t

)
Pload

n,d,t + pch
n,d,t +

∑
m|(m,n)∈L

pline
mn,d,t −

∑
m|(n,m)∈L

pline
mn,d,t

pup
n,d,t + pes,d

n,d,t− = pes,c
n,d,t + pre

n,d,t (21a)
(
1− ζn,d,t

)
Qload

n,d,t +
∑

m|(m,n)∈L
qline

mn,d,t

−
∑

m|(n,m)∈L
qline

mn,d,t = qup
n,d,t

∀n ∈ NDN, γ ∈ �, d ∈ Dγ , d, t ∈ T (21b)

pup
n,d,t ≥ 0, qup

n,d,t ≥ 0 (22)

usqr
n,d,t − usqr

m,t = 2
(

Rnmpline
nm,d,t + Xnmqline

nm,d,t

)
(23)

−
(

P
line
nm + P

L
xL

nm,γ

)
≤ pline

nm,d,t ≤ P
line
nm + P

L
xL

nm,γ (24a)

−
(

Q
line
nm + Q

L
xL

nm,γ

)
≤ qline

nm,d,t ≤ Q
line
nm + Q

L
xL

nm,γ

∀(n, m) ∈ L, γ ∈ �, d ∈ Dγ , t ∈ T (24b)

Usqr
n ≤ usqr

n,d,t ≤ U
sqr
n ,∀n ∈ NDN, γ ∈ �, d ∈ Dγ , t ∈ T (25)

0 ≤ ζn,d,t ≤ 1,∀n ∈ NDN, γ ∈ �, d ∈ Dγ , t ∈ T (26)

pch
n,d,t =

∑

i∈N T-D
n

Ed · Dev

ηev λi,d,t, ∀i ∈ N T-D
n , γ ∈ �, d ∈ Dγ , t ∈ T

(27)

To attain a tractable formulation, the second-stage
random variables {	̃od,γ , 
̃i,γ , P̃load

n,γ } are discretized to
{	od,d,t,
i,d,t, Pload

n,d,t, d ∈ Dγ , t ∈ T } based on different
representative days and time period. Notably, ambiguity
sets are not constructed for those operating uncertainties,
and a scenario-based method is adopted here to handle their
variability. The underneath reason is that unlike EV diffu-
sion rate θ̃od,γ in the emerging market, which has limited
information and thus suffers a great degree of misspecifi-
cation, the historical data for traffic flow, PV output, and
load demand are relatively abundant, making the estimation
more reliable. Specifically, constraints (18) determine the PV
outputs, and curtailments are allowed and penalized in the
objective function (14g). Constraints (19) restrict the charging
and discharging rates of the ESSs. The state of charge (SoC)
of ESSs is presented by (20). Constraints (21)-(23) present the
linearized DistFlow formulation [38]. Constraints (21) state the
nodal power balance. Constraints (23) represent the voltage
drops across distribution lines. Line flows and node voltages
are restricted within their technical limits, as enforced by (24)
and (25). Constraints (26) limit the maximum shed loads.
Constraints (27) calculate the average charging demand during
t at coupling points of the TDN.

Consequently, the two-stage multi-period D3R-FCSP model
is formulated with (3)-(27). Notably, not only do the first-
stage FCS allocation decisions xch have a forward effect on
second-stage EV charging demands, but xch are also implicitly
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affected backward by the reshaped EV charging patterns.
This mutual reinforcement will be examined in the numerical
studies in Section V. In addition, as the non-convex, non-
linear formulation makes direct computation prohibitive, the
reformulation and the solution methodology are presented in
the subsequent section.

IV. SOLUTION AND EVALUATION METHODOLOGY

A. Compact Form

In this section, we introduce the reformulation, solution and
evaluation methods for the D3R-FCSP model. To simplify the
exposition, we first present the compact form below:

min
u,w

FDDU(u, w) = min
uγ ,wγ

{∑
γ∈�

{(
c1,γ uγ + c2,γ wγ

)

+ sup
Pγ ∈Pγ (xch)

EPγ

[
ϕγ

(
uγ , wγ , θ̃γ

)]}}
(28a)

s.t. Aγ uγ + Bγ wγ ≤ bγ ∀γ ∈ � (28b)

where c1,γ , c2,γ are cost coefficient vectors related to the
binary allocation and sizing decisions at period γ , i.e., uγ and
wγ , respectively. Aγ , Bγ and bγ in (28b) are the coefficient
matrices and the right-hand side parameter vector for the first-
stage constraints, i.e., (6)-(13) and (15)-(17). The second-stage
problem at period γ is rewritten as follows:

ϕγ

(
uγ , wγ , θ̃γ

)
= min

yd

∑
d∈Dγ

Wdc3,γ yd (28c)

s.t. Cdyd ≤ ld − Dduγ − Edwγ − Fd θ̃γ ,∀d ∈ Dγ

(28d)

where c3,γ is the cost coefficient vector for the second-stage
operational decision vector yd in (14d). ld is the right-hand
side parameter vector, while Cd, Dd, Ed, and Fd are coefficient
matrices in the second-stage constraints (8)-(11) and (18)-
(26). Thus, formulation (28) combined with DDASs (3)-(5)
constitute the compact form of the D3R-FCSP model.

B. Reformulation of the D3R-FCSP Model

Since DDASs for EV adoption rates can be affected by
the decisions for FCS locations, xch, we first decouple the
decision-dependency in the DDAS to achieve tractability.
As unsatisfied EVs, load shedding, and PV curtailment are
allowed, the formulated model has complete recourse, ensuring
that ϕ(x, z, θ) has an upper bound for any given first-stage
decisions (xγ , zγ ) and any realization θγ ∈ �θ

γ . This fact
allows us to derive the following proposition by utilizing
the strong duality of the middle level (the detailed proof is
presented in Appendix B):

Proposition 1: If for any feasible first-stage decisions
[uγ , wγ ,∀γ ∈ �], the DDASs defined in (3)-(5) is non-empty,
then the D3R-FCLS model (28) can be reformulated as the
below single-level problem [23]:

min
uγ ,wγ ,yγ ,νγ ,

κγ ,αγ ≥0,βγ ≥0

∑
γ∈�

{
c1,γ uγ + c2,γ wγ + κγ

+
∑

od∈Q

[(
ε
μ
od,γ − μ̄od,γ

)
α

μ
od,γ

−
γ−1∑
r=1

∑

i∈NTN
od

�μod,i,γ νI
od,i,γ,r −

(
μ̄2

od,γ + σ̄ 2
od,γ

)
ε̌υ

od,γ αυ
od,γ

−
∑

i∈NTN
od

(
μ̄2

od,γ + σ̄ 2
od,γ

)
�υod,i,γ ε̌υ

od,γ νII
od,i,γ,γ−1

+
(
μ̄od,γ + ε

μ
od,γ

)
β

μ
od,γ

+
γ−1∑
r=1

∑

i∈NTN
od

�μod,i,γ νIII
od,i,γ,r

+
(
μ̄2

od,γ + σ̄ 2
od,γ

)
ε̂υ

od,γ βυ
od,γ

+
∑

i∈NTN
od

(
μ̄2

od,γ + σ̄ 2
od,γ

)
�υod,i,γ ε̂υ

od,γ νIV
od,i,γ,γ−1

]}
(29a)

s.t.: Aγ uγ + Bγ wγ ≤ bγ ∀γ ∈ � (29b)(
νI

od,i,γ,r, α
μ
od,γ , xch

i,r

)
∈ MI

od,i,γ,r(
νII

od,i,γ,r, α
υ
od,γ , xch

i,r

)
∈ MII

od,i,γ,r(
νIII

od,i,γ,r, β
μ
od,γ , xch

i,r

)
∈ MIII

od,i,γ,r(
νIV

od,i,γ,r, β
υ
od,γ , xch

i,r

)
∈ MIV

od,i,γ,r, ∀od ∈ Q, i ∈ N TN, γ ∈ �

(29c)

κγ +
∑

od∈Q
θ s

od,γ

(
β

μ
od,γ − α

μ
od,γ

)

+
∑

od∈Q

(
θ s

od,γ

)2(
βυ

od,γ − αυ
od,γ

)

≥
∑

d∈Dγ

Wdc3ys
d ∀γ ∈ �, s ∈ Sγ (29d)

Cdys
d ≤ ld − Dduγ − Edwγ − Fdθ

s
γ

∀γ ∈ �, s ∈ Sγ , d ∈ Dγ (29e)

where κγ , αγ = [αμ
od,γ , αυ

od,γ ,∀od ∈ Q]T, and βγ =
[βμ

od,γ , βυ
od,γ ,∀od ∈ Q]T are dual variables corresponding

to (4a), the left-hand side constraints, and the right-hand side
constraints of (4b) and (4c), respectively. ys

d is the vector
of second-stage variables under the s-th scenario of EV
adoption rate. Furthermore, considering the binary nature of
the allocation decision xch

i,γ , we introduce auxiliary variables
νI

od,i,γ,r, νII
od,i,γ,r, νIII

od,i,γ,r and νIV
od,i,γ,r to exactly reformulate

the bilinear terms α
μ
od,γ xch

i,r, αυ
od,γ xch

i,r, β
μ
od,γ xch

i,r, and βυ
od,γ xch

i,r

using McCormick envelopes MI
od,i,γ,r, MII

od,i,γ,r, MIII
od,i,γ,r, and

MIV
od,i,γ,r, as (29c) show. Details on McCormick envelope

method can be found in [39].
Proposition 1 enables the exact reformulation of the original

D3R-FCSP model into a single-level MILP. However, given
that our model extensively considers multi-scale uncertainties,
the total number of scenario combinations is |Sγ |×|�|×|Dγ |.
Furthermore, the linear reformulation based on the McCormick
envelope adds extra sets of constraints. To address these com-
putational burdens, we implement the Benders decomposition.
Detailed steps for execution can be found in Appendix C.
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C. Worst-Case Distributions and the Evaluation Metric

1) Worst-Case Distributions: The explicit derivation of
extremal distributions that attain the worst-case expectation
within DDASs is essential for assessing the hidden risks
of different FCSP strategies. Thus, we propose the below
proposition:

Proposition 2: Given any feasible planning strategy (ū, w̄),
if we solve (29) by fixing u and w with ū and w̄, then
the dual variable of the constraint (29d) regarding scenario s
under Period γ , denoted as δs

γ , characterizes the worst-case
probability for θ s

γ within the DDAS Aθ
γ (ūch). Mathematically,

we have:

P
worst
γ

(
θ̃γ = θ s

γ |ū, w̄
)
= δs

γ ∀s ∈ S, γ ∈ � (30)

As constraints (29d) in the reformulated model is the dual
for the DDASs in the original problem, this proposition nat-
urally holds. In the next section, the reliability of counterpart
strategies will be tested based on the derived worst-case
distributions.

2) Value of Decision-Dependent Distributionally Robust
Solution (VD3RS): To quantitatively exhibit the benefits of
incorporating decision-dependent charging demands into the
DRO framework, a metric called VD3RS is defined. Given
the planning strategy (uDIU, wDIU) derived from the traditional
DRO-based FCSP model where DDU of EV adoption is not
accounted, VD3RS is mathematically defined as follows:

V3DRS = FDDU
(
uDIU, wDIU

)− FDDU(u∗, w∗)
FDDU(u∗, w∗)

≥ 0 (31)

where (u∗, w∗) are the optimal first-stage decisions for the
D3R-FCSP model (28). The physical implication of the metric
is the greatest expected value gained by incorporating the DDU
into the DRO framework. To ensure a fair comparison across
diverse parameters, we normalize the metric through dividing
it by the optimal value of D3R-FCSP. In Section V, sensitivity
analyses will be conducted based on V3DRS to showcase the
effectiveness of our method in various traffic contexts.

V. CASE STUDIES

A. Test Systems and Parameter Setting

This section presents numerical tests of the proposed
method. The Sioux Falls Network is considered to simulate a
highway TN, which is coupled by a 110 kV DN [6] as shown
in Fig. 4. Sioux Falls, as the largest city in South Dakota, its
transportation network is widely utilized in the research for
FCSP models [12], [40]. The network has 24 nodes and 76
directed arcs, and the OD pair information and base traffic
flow can be found in [12]. Notably, the selection of a 110
kV high-voltage DN is intended to accommodate the potential
large EV charging capacity and the extensive geographical
coverage of the highway TN. This choice is consistent with
established practices and findings from prior research in the
field [35].

For a more comprehensive analysis of FCS allocation
impacts on EV adoption growth patterns, the Sioux Falls
Network is partitioned into three districts—District A, B, and
C, distinguished by different colors in the figure. The original

Fig. 4. Topology of the test TDN and the coupling relationship.

EV adoption rates across all districts are uniformly set at
10% [7]. Each district exhibits distinct EV adoption potential
and sensitivity to FCS installation. Specifically, District A, B,
and C have high, median, and low basic diffusion rates aod,γ

of 0.04, 0.02 and 0.015 [41], respectively, with associated
influence factors (IF) �dod,γ of 0.2, 0.1, and 0 [16]. Notably,
real-world resident sensitivity to FCS installation in various
districts may be influenced by factors such as population struc-
ture, income, policies, etc. [41]. However, detailed models for
these analyses are beyond the scope of this paper, while they
can be readily incorporated into the formulation without loss
of generality. EVs in the TDN have identical driving ranges
of 360 miles, with an energy consumption of 0.24 kWh/mi.
The lower threshold for EV drivers to recharge their EVs is
set at 20%, and thus there are 42 OD pairs left for the study
after eliminating the pairs that are too short. For CSs, the rated
charging power of each CS is 120 kW with a 92% charging
efficiency. The maximum number of CSs in a single FCS is
90. The 110 kV DN has 14 nodes and 13 distribution lines,
and the lower and upper limits of node voltage are set at 0.95
and 1.05 p.u., respectively. Other network parameters can be
found in [6]. TN nodes that do not directly connect to the
DN are assumed to be connected to the geographically nearest
node in the DN, with a distance of 10% of the distance to the
nearest DN bus [6]. The planning horizon is set as 6 years,
with three planning periods of 2 years each.

For strategic uncertainty defined by DDASs, we assume that
robustness parameters for the first- and second moment of EV
adoption rates, namely, ε

μ
od,γ , ε̌υ

od,γ and ε̂υ
od,γ , are set at 15% of

the expected EV adoption rate, 0.85 and 1.15, respectively. For
each OD path in each period, 20 scenarios are generated for
the supporting set of EV adoption rates. Regarding operational
variability, 8 representative days with 1-hour resolution are
generated to simulate the seasonal and weekly patterns of
traffic flows, PV output and conventional loads [6], [33].

The fixed investment cost for each FCS at a new location
is $1630,000 [42], while each CS with a 120 kW capacity
will cost $100,000 [43]. Notably, the fixed costs associated
with constructing FCSs and CS units—comprising land lease,
“make-ready” expenses for on-site civil construction [42], and
the annualized fixed operation and maintenance costs [32]—
are considered identical across all candidate locations. This
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TABLE I
DIFFERENT PRIOR ASSUMPTIONS OF FIVE STRATEGIES

setting disregards site-specific cost variations to more effec-
tively analyze the promotional impact of FCSs itself. In reality,
it aligns with scenarios where the utility plays a leading role
by leveraging existing public lands. The investment costs for
on-site PVs and ESSs are $883/kW [44] and $300/kW [45],
and their maximum installed capacities are 6MW and 3 MWh,
respectively. The charging and discharging power capacities
for ESSs is 0.4 and 0.5 of their installed capacities. For DN
assets, the per-unit expansion cost of a distribution line is set at
$120/kVA·km [46], and the cost of substation expansion is set
at $788/kVA [47]. The surplus substation capacity for FCSs
at TN nodes is 10MVA. The electricity purchase cost from the
main grid is $0.094/kWh [32]. Penalty costs for unsatisfied
EV charging demand, PV curtailment, and load shedding are
set at 100$/kWh, 30$/kWh, and 50$/kWh, respectively. The
interest rate is 0.06.

The computation is implemented in Julia using JuMP [48]
and solved with Gurobi 11.5 on an Intel Core i5-6500 CPU
with 16 GB RAM PC. The convergence tolerance is set at
0.01%.

B. Planning Results and In-Sample Performances

To demonstrate the significance of accurately modeling the
DDU and the ambiguity of progressive EV diffusion, three
FCSP strategies with distinct prior assumptions are compared.
As the first three rows of TABLE I show, Strategy I is derived
from our proposed D3R-FCSP model, while Strategy II is
derived from the distributionally robust FCSP (DR-FCSP)
model without accounting for the interdependence between
FCS allocation and EV adoption. Strategy III is derived from
the stochastic decision-dependent FCSP (SDD-FCSP) model
with empirical PDFs. The FCS deployments and planning
results are presented in Fig. 5 and TABLE II, respectively.

First, we analyze the in-sample performances of three
strategies based on their respective prior assumptions. As
shown in Fig. 5, despite the similar FCS deployments at the
end of Period 3, there are significant variations in the timing of
FCS allocation and installed capacities. For instance, Strategy I
installs the highest number of FCSs/CSs, and tends to allocate
more FCSs in earlier periods. In contrast, Strategy II has
installed the fewest FCSs/CSs, as its ignorance toward the
FCSs’ indirect network effects leads to a comparatively low
expectation of EV adoption. Due to the optimism toward
the empirical PDFs, Strategy III exhibits slightly delayed
FCS allocations in certain nodes and fewer CSs compared
to Strategy I. In addition, the planning results in TABLE II
demonstrate that Strategy I also has higher investments in

Fig. 5. FCS deployment results under Strategy I, II, and III, where the
numbers in the circles are the installed CS number at the end of Period 3.

on-site PV and ESSs, and additionally expands Line 7 to
alleviate grid congestion. Notably, while Strategy II and III
appear to have lower investment and total costs, their security
issues and actual cost-efficiency cannot be fairly reflected
due to inadequate considerations, as will be discussed in the
following subsections.

C. Out-of-Sample Performances: Expected EV Diffusion and
Potential Security Issues

To facilitate a fair comparison between the three strategies
and reveal their real-world risks, out-of-sample tests are
conducted. Three test sets are generated by simulating different
EV traffic patterns that might occur in the real world. The
scenarios in the first set are generated from the worst-case
PDFs within DDASs (derived by Proposition 2) and referred to
as WCD. Another set uses random PDFs within the DDASs to
generate scenarios, labeled as RGD, while the third set adopts
the empirical PDF for scenario generation and is labeled as
ED. Additionally, Strategies IV and V are generated by not
permitting the installation of on-site PV and/or ESSs. The
analyses regarding the contribution of on-site resources will
be further presented in greater detail in Section V-E.

1) Covered EVs and Load Shedding: Table III presents the
expected EV coverage and daily load shedding for the three
test sets during the selected time slot and representative day.
The base case is labeled as Case 1. Furthermore, to investigate
the influences of traffic flow (TF) level and IF on security,
two additional cases are conducted, by doubling TF and IF in
Case 2 and 3, respectively.

In Case 1, the proposed Strategy I maintains the highest
EV coverage rate and zero load shedding across all test sets.
In contrast, the EV coverage rates for Strategies II and III
decrease by 12.7% and 6.2% under WCD and 11.3% and 5.2%
under RGD, respectively, indicating suboptimal investment.
Particularly, the load shedding in Strategy II and III indicates
line congestion caused by excessive EV charging. In Case 2
with doubled TF, unsatisfied EVs and load shedding become
severe under both Strategy II’ and III’, highlighting the higher
risks of neglecting DDU and the ambiguity of EV diffusion
under heavy traffic. Notably, load shedding occurs across all
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TABLE II
PLANNING RESULTS OF COUNTERPART STRATEGIES

TABLE III
EXPECTED COVERED EVS (γ = 3, d = 4, t = 7) AND LOAD SHEDDING

(γ = 3, d = 4), WHERE TF: Traffic Flow (%) and IF: Incentive Factor (p.u.)

strategies in Case 2, indicating that the traffic level has sur-
passed the maximum capability the network can accommodate.
In Case 3 with doubled IF, Strategy I” can still achieve high
EV coverage and zero load shedding. In contrast, despite
resorting to intense load shedding, Strategy II” and III” still
exhibit deteriorated EV coverage. These results demonstrate
the superiority of our proposed model in terms of reliability
and security, especially in systems with heavier traffic and
heightened sensitivity to charging opportunities.

2) Voltage Profiles and Line Ratings: The operational secu-
rity of the coupled DN is also crucial in evaluating the
effectiveness of FCSP strategies. To more intuitively show the
charging pressures exerted on the DN, we relax the limits on
nodal voltage and line ratings and then re-run the second-stage
operation model under WCD set with the first-stage planning
decisions held fixed. Specifically, within the representative
days, we select the time slot t = 20 on the weekend d = 2
when there is no solar radiation and comparably high traffic
flow, so FCSs become more dependent on on-site ESSs and
the grid. Fig. 6 presents the nodal voltage profiles for three
planning periods. Fig. 7 shows the line ratings for Period 3,
where solid lines represent the expected values and boxplots
depict the spans of the line ratings under the WCD set.

While Strategy I can ensure all nodal voltages and line
ratings are within the limits with sufficient security margins,
Strategy II and III both exhibit security issues. In Strategy II,
the significant voltage dip at DN Node 14 and the high risk
of overloading in Line 3 are attributed to the deployment of
high-capacity FCSs in the downstream area of Node 4. Unlike
Strategy I, which distributes more FCSs with lower capacity
to disperse the charging pressure so as to defer the expansion
of Line 3, Strategy II concentrates the high-capacity FCSs at
TN nodes 2, 6, and 8. Additionally, the delayed expansion of
Line 7 in Strategy II results in severe overloading due to the
unexpectedly excessive charging demands. Similarly, Strategy

Fig. 6. Voltage profiles at three planning periods.

Fig. 7. Line ratings of the DN at γ = 3, d = 3, t = 20.

III also exhibits a risk of overloading Line 7 due to the delayed
expansion. This potentially results from its overoptimism
toward the empirical PDFs and the underestimation of high
EV adoption scenarios.

3) EV Diffusion Process and Approximation Error: Finally,
the projected EV diffusion processes are compared in
TABLE IV. One OD pair is chosen from each district to
exemplify how various strategies impact EV growth patterns,
testing the potential value of our approach under different
levels of residents’ sensitivity to EV adoption. For OD-pair
3-19 in District A, Strategy I deploys 4 FCSs along the path,
leading to an initial boost in the EV adoption rate during
Period 1. This increased EV adoption rate then reinforces the
decision-makers’ inclination to deploy more FCSs along the
same path to disperse the charging pressure. Consequently,
there is a higher projected EV adoption than those in Strategy
II and III, demonstrating a positive feedback loop. Therefore,
in the case of Strategy II, although the initial deployment
of FCSs is identical to that of Strategy I, the delays and
reductions in FCS deployment result in a slower rate of
EV diffusion. And this can also explain the security issues
discussed before. On the other hand, Strategy III’s optimism
about the empirical distribution of EV adoption leads to fewer
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TABLE IV
EXPECTED EV DIFFUSION OF COUNTERPART STRATEGIES IN THREE DISTRICTS UNDER DIFFERENT STRATEGIES

FCS installations from the start. This, in turn, also contributes
to a slower rate of EV diffusion. Similar trends can be
observed for OD pair 20-3 in District B, albeit with smaller
magnitudes. Another notable observation from the table is that
the timing of FCS deployment has a significant impact on the
EV diffusion process. The results for OD pairs 3-19 and 20-3
indicate that early FCS deployment has a cumulative effect
and contributes more to the overall adoption of EVs.

Furthermore, to test the practicability of the approximation
stated in assumption A2, in TABLE IV, we also present
the expected and approximated values for the empirical EV
adoption, and the corresponding approximation errors. The
results show that while the approximation errors increase for
OD pairs with a higher sensitivity to the FCS installation, the
maximal error turns out to be 2.42% for OD pair 3-19 at period
3 under Strategy I. Given that the variability and estimation
errors of EV adoption rates are already incorporated in the
DDAS (4) by setting the first-order margins to 15%, a certain
level of robustness can still be guaranteed. This validates the
rationality of the approximation.

Overall, in addition to improving EV coverage and deferring
costly grid expansion without deteriorating DN security, our
proposed method can also speed up the diffusion of EVs
by enhancing the positive feedback loop. Conversely, over-
looking the indirect network effects of FCS installation and
ambiguous PDFs can pose challenges in meeting unexpectedly
excessive charging demands and compromise the security of
the operation. These results not only highlight the robustness
and reliability of our proposed model, but also underscore the
significance of an informed FCSP strategy for better promoting
EV diffusion.

D. Sensitivity Analysis: The Computation of VD3RS

To comprehensively evaluate the effectiveness of our strat-
egy across various external conditions in terms of monetary
value, the VD3RS introduced in Section IV-C is computed.
We perturb the values of IF and TF and present the results in
Fig. 8, which offer the following insights and implications.

Given a fixed TF, the metric grows monotonically with the
increasing IF. This result is trivial and intuitive, as the stronger
sensitivity the drivers have to the FCSs’ presence, the higher
regrets the decision makers would have for not considering
the incentivized charging demands when deriving investment
strategy. Consequently, heightened penalties in the operation
stage will lead to higher VD3RS. When the TF is set at 125%,

Fig. 8. VD3RS under different incentive factors and traffic flow levels.

the incorporation of DDU yields expected cost savings of
25.9% and 30.3% under IF = 1 and 2 p.u., respectively.

On the other hand, when increasing the TF under a fixed
IF, the VD3RS grows at first and reaches a peak around
TF = 150%. However, it is surprising that as the TF increases
further, the VD3RS metric exhibits a declining trend. Referring
to TABLE III, the coexistence of load shedding and uncovered
EVs in both Strategy I and II under Case 2 indicates that,
under heavy traffic conditions, power supply capacity from the
grid side becomes the predominant limiting factor. Thus, even
with our more informed FCSP strategy, it is difficult to offset
the penalties from uncovered EVs and security violations.

In sum, the computation of VD3RS verifies the superiority
of the D3R-FCSP model in most cases from a monetary
standpoint, as our method can effectively offset the risk of
high operation costs, despite the seemingly higher first-stage
investment costs. In practice, considering different TDNs have
varying traffic patterns and drivers have diverse sensitivities
to FCS installation, VD3RS can offer valuable insights for
decision makers regarding the value of a more informed EV
diffusion model under various conditions.

E. Contributions of On-Site ESSs and PVs

To assess the contributions of on-site DERs to EV integra-
tion, Strategy IV and V are generated, as defined in TABLE I.
Strategy IV does not consider on-site ESSs, whereas Strategy
V exclude both on-site PVs and ESSs. The planning results
are presented in the final two rows of TABLE II.

When comparing Strategy I with Strategies IV and V, it
is apparent that the latter tend to deploy more FCSs and
CSs while also requiring more line expansions, resulting from
increased line congestion and energy shortage. Consequently,
both investment and expected operating costs rise. To delve
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Fig. 9. Daily power and energy flow at TN node 5 (γ = 3, d = 2).

into the rationale behind these observations, we present the
power and energy flow of TN Node 5 under Strategy I and
Strategy IV in Fig. 9. In Fig. 9(a), under Strategy I, on-
site ESSs effectively store surplus energy generated during
peak sunlight hours (11-13) and light-loaded hours (23-5),
subsequently supplying power during periods of low sun-
light (18-22) and heavily loaded hours (6-9). In contrast, In
Fig. 9(b), the absence of ESSs in Strategy IV results in fewer
installation of PV panels to mitigate the risk of curtailment
caused by PV intermittency. Consequently, this leads to higher
electricity purchase costs from the DN and increased line
expansion costs. Moreover, in Strategy V, where both on-site
PVs and ESSs are excluded, 7 lines need expansion, and FCSs
are installed in all TN nodes. Despite significant investments,
penalties for load shedding and unmet EV demand remain
substantial, indicating that the TN’s capacity to accommodate
EV charging has reached its limit.

Hence, by harnessing on-site PVs and ESSs, the strain on
the DN due to EV charging can be markedly alleviated. This is
achieved by satisfying EV charging needs locally, substantially
enhancing the TDN’s reliability, and extending the TDN’s
capacity for EV integration without costly line expansions.

F. Computational Efficiency

We then evaluate the computational efficiency of our
methodology. Specifically, we compare the computational time
and objectives from employing the BD algorithm outlined
in Appendix C, with those obtained by directly solving the
Extensive Form (EF) of the problem (29), and those derived
from the DIU-based DRO counterpart through BD (denoted
as BD_DIU). The results are reported in TABLE V.

With FCS candidate nodes fixed at 24 and varying EV
adoption scenarios, we observed a roughly linear increase in
computational time. With 40 scenarios, directly solving the EF
became infeasible within 24h, highlighting BD’s effectiveness
for increased scenarios. The rise in objective values with more

TABLE V
COMPUTATIONAL TIME AND OBJECTIVE VALUES

UNDER DIFFERENT METHODOLOGIES

scenarios reflects a finer identification of worst-case scenarios
within DDASs. Our choice of 20 scenarios can offer a tradeoff
between performance and tractability.

Then, by fixing scenarios at 20, we vary the number of FCS
candidates by selectively deactivating certain FCS allocation
decision variables. Compared to the scenario increase, the
addition of FCS candidates revealed a more drastic compu-
tation burden, mainly owing to the McCormick envelopes
for linearization. Regarding the objective function, limiting
potential FCS nodes resulted in higher costs, as the system
compensated through more extensive infrastructure upgrades.

Moreover, we have observed that the objective values
derived using the BD algorithm consistently aligned with those
obtained by solving the EF directly, showing the reliability of
the BD algorithm. The DIU-based DRO counterpart always
requires less computational effort than our DDU-based model,
due to the static nature of its ambiguity set. In the future,
we aim to explore more efficient solution algorithms capable
of addressing the expanding scale of the network and further
mitigating the computational burdens introduced by DDU.

VI. CONCLUSION

Recognizing that the interplay between EV diffusion and
FCS deployment is a classic “chicken-and-egg” problem,
this paper introduces a novel two-stage D3R-FCSP model
to meet the decision-dependent charging demands through
adaptive investments. The proposed model integrates DDASs
to effectively address the key characteristics of EV diffusion:
1) the DDU of EV adoption that can be endogenously reshaped
by FCS locations, and 2) the ambiguous PDFs resulting
from the lack of information. Additionally, the MCACPC
model is adopted to ensure the feasibility of locations and
capacity of FCSs by capturing EV recharging patterns. To
manage the computational complexity, we present an equiva-
lent single-level MILP reformulation of the D3R-FCSP model.
In numerical studies, extensive out-of-sample evaluations
demonstrate that our method can better cover the reshaped
EV charging demands while maintaining sufficient security
margins, by deploying RES-powered FCSs in an adaptive
and informed manner. Moreover, the computation of VD3RS
metric offers monetary insights of the explicit quantification
of DDUs under various traffic conditions. Notably, results also
exhibit an accelerated EV diffusion process under our strategy,
through enhancing the mutual reinforcement between EV
adoption and FCS construction. These findings can potentially

Authorized licensed use limited to: Lawrence Berkeley National Laboratory. Downloaded on August 31,2026 at 20:55:15 UTC from IEEE Xplore.  Restrictions apply. 



LI et al.: ADAPTIVE DISTRIBUTIONALLY ROBUST PLANNING FOR RENEWABLE-POWERED FCSs 5867

Algorithm 1: Pseudocode for Generating Kod(j, k)

1 for od = 1 to |Q| do
2 for ∀(j, k) ∈ Atr

od ∧ j ≤ k do
3 if i ≤ j ∧ disod(i, k) ≤ L then
4 Add i into Kod(j, k)
5 else if i ≥ k ∧ disod(i, rod)+ disod(rod, k) ≤ L

then
6 Add i into Kod(j, k)
7 end
8 end
9 for ∀(k, j) ∈ Atr

od ∧ j ≤ k do
10 if i ≥ k ∧ disod(i, k) ≤ L then
11 Add i into Kod(k, j)
12 else if i ≥ j ∧ disod(i, sod)+ disod(sod, j) ≤ L

then
13 Add i into Kod(k, j)
14 end
15 end
16 end

contribute to a more reliable and faster transition to sustainable
transportation electrification. For future research directions,
we plan to apply our model to real-world scenarios and inves-
tigate more efficient algorithms to enhance scalability, which
will further validate the practicality of our methodology.

APPENDIX A
PROCEDURE FOR GENERATING CANDIDATE

FCS LOCATIONS

Considering limited range of EVs, the fundamental logic
of the MCACPC is that all arcs on all paths should be
traversable by the EVs without depleting their battery on the
road. Specifically, let ATN

od be the set of ordered TN nodes
on the shortest path for OD pair od. For each arc (j, k)
of od, we define the set Kod(j, k) containing all candidate
FCS nodes which allowing an EV to traverse the arc (j, k)
without depleting its battery before reaching node k. In Fig. 2,
assuming the EV driving range is Dev = 100 mile, a driver
traveling along the OD pair (1, 4) who wants to traverse the arc
(3, 4) without running out of battery must recharge the battery
either at node 2 or 3. Therefore, we have Kod(3, 4) = {2, 3}.
Similarly, to cover the backward path (3, 2), the driver must
recharge at node 4 or 3, so Kod(3, 2) = {3, 4}. This process is
repeated for each arc on each path. Algorithm 1 presents the
pseudocode for generating the candidate set Kod(j, k), where
disod(j, k) denotes the length of arc (j, k).

APPENDIX B
PROOF OF PROPOSITION 1

Proof: First, we rewrite the γ -th inner superior operation
with regard to Pγ as follows:

sup EPγ

[
ϕ
(

xγ , zγ , θ̃γ

)]
= max

π s
γ

∑
s∈Sγ

π s
γ ϕγ

(
xγ , zγ , θ s

γ

)

(A-1a)

s.t.
∑
s∈Sγ

π s
γ = 1

(
κγ

)
(A-1b)

−
∑
s∈Sγ

π s
γ θ s

od,γ ≤ −
(
μ̄od,γ − ε

μ
od,γ

)

−
γ−1∑
r=1

∑

i∈N TN
od

�μod,i,γ xch
i,r

(
α

μ
od,γ

)
∀od ∈ Q (A-1c)

∑
s∈Sγ

π s
γ θ s

od,γ ≤
(
μ̄od,γ + ε

μ
od,γ

)
+

γ−1∑
r=1

∑

i∈N TN
od

�μod,i,γ xch
i,r

(
β

μ
od,γ

)
∀od ∈ Q (A-1d)

−
∑
s∈Sγ

π s
γ

(
θ s

od,γ

)2 ≤ −
(
μ̄2

od,γ + σ̄ 2
od,γ

)

⎛
⎜⎝1+

∑

i∈N TN
od

�υod,i,γ xch
i,γ−1

⎞
⎟⎠ε̌υ

od,γ

(
αυ

od,γ

)
∀od ∈ Q (A-1e)

∑
s∈Sγ

π s
γ

(
θ s

od,γ

)2 ≤
(
μ̄2

od,γ + σ̄ 2
od,γ

)

⎛
⎜⎝1+

∑

i∈N TN
od

�υod,i,γ xch
i,γ−1

⎞
⎟⎠ε̂υ

od,γ

(
βυ

od,γ

)
∀od ∈ Q (A-1f)

where θ s corresponds to components of the finite decision-
independent supporting set �θ

γ . The variable in the bracket
after each constraint corresponds to the dual variable of the
constraint. Since by assumption there always exists a relative
interior within the feasible set of (A-1) given any feasible first-
stage solution xch

i,γ , the Slater’s condition holds. As the original
model (28) has complete recourse, we can use the strong
duality to reformulate (A-1) to its dual problem equivalently:
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μ
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+
∑

i∈N TN
od

(
μ̄2

od,γ + σ̄ 2
od,γ

)
�υod,i,γ ε̂υ

od,γ βυ
od,γ xch

i,γ

]

(A-2a)

s.t.: κγ +
∑

od∈Q
θ s

od,γ

(
β

μ
od,γ − α

μ
od,γ

)

+
∑

od∈Q

(
θ s

od,γ

)2(
βυ

od,γ − αυ
od,γ

)

≥ ϕγ

(
x, z, θ s

γ

)
∀s ∈ Sγ (A-2b)

where (A-2b) can be further transformed into the following:

κγ +
∑

od∈Q
θ s

od,γ

(
β

μ
od,γ − α

μ
od,γ

)

+
∑

od∈Q

(
θ s

od,γ

)2(
βυ

od,γ − αυ
od,γ

)

≥
∑

d∈Dγ

Wdc3ys
d ∀s ∈ Sγ (A-2c)

Cdys
d ≤ ld − Ddxγ − Edzγ − Fdθ

s
γ

∀s ∈ Sγ , d ∈ Dγ (A-2d)

To linearize bilinear terms induced by DDU, we adopt
McCormick envelope method by introducing auxiliary vari-
ables, i.e., νI

od,i,γ = α
μ
od,γ xch

i,γ−1, νI
od,i,γ = αυ

od,γ xch
i,γ−1,

νI
od,i,γ = β

μ
od,γ xch

i,γ−1 and νI
od,i,γ = βυ

od,γ xch
i,γ−1, and insert

them into the (A-2a). The corresponding McCormick envelops,
i.e., MI

od,i,γ , MII
od,i,γ , MIII

od,i,γ , and MIV
od,i,γ , are also added

to define the feasible sets, as (29c) show (details for this
technique can be found in [39]). By combining the linearized
formulation with the first stage, we obtain the final single-level
formulation (29). This completes the proof.

APPENDIX C
BENDERS DECOMPOSITION ALGORITHM

The main idea of Benders decomposition is to decompose
the original problem into a relaxed master problem (MP) and
multiple sub-problems (SPs), which are solved iteratively until
convergence, thereby reducing computational burdens. The
formulations of the investment MP and period-wise scenario-
wise operation SPs are as follows.

1) Investment Master Problem: At L-th iteration, the
investment MP can be defined as the following MILP problem:

(MP) Objective Function: V(L)
1 = (29a) (A-3a)

s.t.: (29b), (29c) (A-3b)

κγ +
∑

od∈Q
θ s

od,γ

(
β

μ
od,γ − α

μ
od,γ

)

+
∑

od∈Q

(
θ s

od,γ

)2(
βυ

od,γ − αυ
od,γ

)

≥ ωs
γ ∀γ ∈ �, s ∈ Sγ (A-3c)

ωs
γ ≥ Vs

2

(
x(l)∗
γ , z(l)∗

γ

)

−
[

Dd

(
xγ − x(l)∗

γ

)T + Ed

(
z− z(l)∗

γ

)T
]
τ s

γ
(l)∗

Algorithm 2: Pseudocode for Benders Decomposition
Algorithm

1 Step 1. Initialization. Set lower bound LB←−∞,
upper bound UB←+∞, iteration time l← 0, and
optimality gap δ = 0.01%;

2 Step 2. while |UB−LB
UB | > δ do

3 Update l = l+ 1
4 Solve MP (A-3) to obtain the candidate first-stage

solutions, [x(l)∗
γ , z(l)∗

γ ,∀γ ∈ �]T, and the optimal
value V(l)

1
5 Update LB← V(l)

1
6 for γ = 1 to |�| do
7 for s = 1 to Sγ do
8 Solve (γ, s)-th SP to obtain the optimal dual

variable, τ
s(l)∗
γ , and the optimal value

Vs
2(x

(l)∗
γ , z(l)∗

γ ) Generate a new optimality cut
(A-3d) based on τ

s(l)∗
γ and Vs

2(x
(l)∗
γ , z(l)∗

γ )

9 end
10 end
11 Compute (28) with fixed first-stage decisions

(x(l)∗
γ , z(l)∗

γ ), and obtain the optimal value
V0(x

(l)∗
γ , z(l)∗

γ ) Update UB = min{UB, V0(x
(l)∗
γ , z(l)∗

γ )}
12 end
13 Step 3. Terminate. Return UB and [x(l)∗

γ , z(l)∗
γ ,∀γ ∈ �]

∀γ ∈ �, s ∈ Sγ , l = 1, . . . , L− 1 (A-3d)

ωs
γ ≥ M0 ∀γ ∈ �, s ∈ Sγ (A-3e)

where constraints (A-3d) represent optimality cuts identified
in SPs through L−1 iterations based on the first-order Taylor-
series approximations of second-stage problem (28c)-(28d)
at candidate optimal solutions [x(l)∗

γ , z(l)∗
γ ]T(l = 1, . . . , L −

1). ωs
γ is introduced as an auxiliary variable to offer an

under-approximation of the second-stage optimal value under
the realization θ s

γ . As the MP is a progressively tightened

relaxation of the original problem, its optimal value, V(L)
1 ,

offers a nondecreasing lower bound (LB) for (29) in each
iteration.

2) Scenario-Wise Period-Wise Operation Sub-Problems:
Given the trial investment decision [x(L)∗

γ , z(L)∗
γ ,∀γ ∈ �]

derived by solving MP (A-3) at the L-th iteration, the operation
SPs corresponding to the EV adoption rate realization of θ s

γ

can be formulated as below:

(γ, s)-th SP Vs
2

(
x(L)∗
γ , z(L)∗

γ

)
= min

∑
d∈Dγ

Wdc3ys
d

(A-4a)

s.t.: Cdys
d ≤ ld − Ddx(L)∗

γ − Edz(L)∗
γ − Fdθ

s
γ(

τ s
γ

)
∀d ∈ Dγ (A-4b)

By solving each SP, we acquire the optimal solution,
Vs

2(x
(L)∗
γ , z(L)∗

γ ), and the optimal dual variable corresponding
to second-stage constraints (A-4b), τ

s(l)∗
γ . With τ

s(l)∗
γ , a new

optimality cut is formed and fed into the MP for executing the
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next iteration. Meanwhile, since the trial first-stage decision
obtained from the MP in the L-th iteration is a suboptimal first-
stage solution before reaching convergence, when input into
the original model (28) as annually fixed values, it can provide
a candidate upper bound (UB). In this manner, the MP and SPs
are formulated as an MILP and LPs, respectively, which can
be directly solved using off-the-shelf solvers. We iteratively
compute the MP and SPs until the difference between LB
and UB is within a predefined tolerance δ = 0.01%. The
pseudocode is presented in Algorithm 2.
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