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Abstract. The decarbonization of the mobility sector motivates to increase the penetration of
battery and fuel-cell electric vehicles. The proliferation of these mobility modes will be
accompanied by the massive installation of charging and refilling infrastructures into existing
networks. This work focuses on fuel-cell vehicles, for which refilling points are needed.
Difficulties in hydrogen transportation can be circumvented by deploying onsite hydrogen
generation assets (electrolysers) and storage, which can be partially or fully supplied through local
renewable generators. Nevertheless, such assets require a considerable initial investment, being
necessary the use of planning tools in order to maximize revenues for private investors. This paper
focuses on this issue. In particular, an optimal sitting and sizing tool for hydrogen refilling stations
with onsite storage and electrolysers is developed. The developed methodology considers the
influence of locational marginal prices, which are cleared by the distribution system operator in
order to translate the real electricity cost per node. This pricing strategy helps to best allocate
assets through the network and thus resulting valuable for planners in order to site refilling
infrastructures properly. An original multi-year iterative algorithm based on the multi-cut
Benders’ decomposition is proposed in order to alleviate the intrinsic high computational cost of
the planning tool while accommodate long-term inflation and degradation rates of parameters. A
number of simulations are performed on the well-known IEEE 33-bus system. Results verify that
locational marginal pricing effectively translates the nodal electricity cost to end-users. Remark,
the total electrolysis capacity turns out to be the most significant parameter, reducing further the
cost of the project, while storage capacity has a limited influence. Results highlight the importance
of the infrastructure capacity when determining the placement and sizing of electrolysers, thus
supporting decisions when upgrading existing infrastructure. The impact of the number of stations
to be installed and the budget cap is also analysed, showing that both parameters have similar
influence and may reduce the total project cost by 70 % approximately. The typical scheduling
behaviour of the electrolysis-storage facilities is discussed, showing how storage is capable to
provide energy arbitrage exploiting locational marginal prices. Finally, the computational
performance of the developed algorithm is assessed, verifying that the new tool is efficient and
portable.
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Nomenclature

Acronyms

DG Distributed generator

DN Distribution network

DSO Distribution system operator
FCEV Fuel-cell electric vehicle
KKT Karush-Kuhn Tucker

LMP Locational marginal price
LP Linear programming

MILP Mixed-Integer linear programming
PV Photovoltaic

RES Renewable energy source
RS Refilling station

Indices and sets

y Yeary € {1,2,..,Y}

s Scenario s € {1,2, ..., S}

t Timet € {1,2,...,T}

j.k Network nodes j, k € {1,2, ...,]}

deDbD Set of demands

g € GP¢ Set of distributed dispatchable generators

g € GRES Set of non-dispatchable (renewable) generators

zZ€Z Set of refuelling stations

Wi/®; Set of nodes downstream/upstream from the j™ node in the network
QJP Set of demands connected to the j" node in the network
Q]-Z Set of refilling stations connected to the j™ node in the network
Qj‘? Set of generators connected to the j™ node in the network
K,V Iteration counters

Parameters

r Inflation/degradation rate (pu)

w Wholesale electricity price (€/kWh)

J¢* Discount rate for exporting electricity (pu)

L Fuel cost (€/kWh or €/kg)

Ve Base voltage (volts)

RIX Branch resistance/inductance (ohm)

P rg*? Maximum active/reactive power at substation (k\W/kvar)
F Maximum power flow through branches (kVA)

RUIRD Upward/downward ramping rates of generators (kW)

1 Reactive portion of generators (pu)

O Indicates a parameter modelled through scenarios

n? Electrolyser efficiency (pu)

LHVy, Lower-heating value of hydrogen (kWh/kg)

KZ%/0% Electrolyser capital/maintenance cost (€/kW)

KH/0H Storage tanks capital/maintenance cost (€/kg)

I Budget cap (€)

Wg Probability of occurrence of scenario s (pu)

M Large positive constant (-)



N

Maximum number of refuelling stations (-)

Decision variables

pim/pex
qim/qex
Pglag

Pz

frIfe

vV
usub,P/usub,Q

Ug
2

w
hin/pout
hg

ISI® & &

N

=T &
™

Active power imported/exported at substation (kW)

Reactive power imported/exported at substation (kvar)
Active/reactive power output of the g™ generator

Power consumption (electrolysis) of the z" refilling station (kW)
Active/reactive power flow (kW/kvar)

Nodal voltage (volts)

Active/reactive dispatch at substation (binary)

Commitment of the g™ dispatchable generator (binary)

Dual variables linked to equality constraints (€/kWh or €/kg)
Dual variables linked to inequality constraints (€/kWh or €/kg)

Inflow/outflow hydrogen at the z" refilling station (kg)

Hydrogen injected to the demand directly at the z™ refilling station (kg)
Hydrogen refilled at the z™ refilling station (kg)

Hydrogen stored at the 2" refilling station (kg)

Slack variable (-)

Electrolyser rated power (kW)

Hydrogen storage capacity (kg)

Indicates the node where a refuelling station is installed (binary)
Sensitivities (€/kWh)

Auxiliary variable to approach net refilling profit (€)

1 - Introduction

Although less remarkably than for other clean mobility technologies, like battery vehicles,
sales of fuel-cell electric vehicles (FCEVs) have steadily grown in the last 5 years, especially in
some countries like China [1, 2]. As seen in Fig. 1, the increment in FCEV sales has been constant
(even exponential) in four representative countries, which has not been always accompanied with
a proper deployment of refilling infrastructures (see the case of the U.S.). Actually, infrastructure
for refilling FCEVs is practically inexistent in most of countries worldwide. For instance, there
are barely more than 10 stations available in Spain currently, most of them managed by private
entities [3]. In addition to the clear lack of a proper refilling infrastructure, the penetration of
FCEVs is hindered due to the expensive and inefficient hydrogen transportation system [4].
Currently, hydrogen is commonly transported by trucks or existing pipelines, which results costly

in most cases.
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Fig. 1 — Development trends for FCEV deployment and refilling infrastructure in the four countries with
the highest number of FCEV on the road at the end of 2022 [2]

To overcome such issues and make refilling infrastructures viable, onsite hydrogen generation
through mature electrolysis technologies arises as the most feasible alternative, especially when
electrolysis is supplied through renewable energy sources (RESs) [5]. Thereby, the development
of proper designing tools for electrolysers and hydrogen tanks devoted on refilling stations (RSSs)
becomes valuable for private investors, in order to help planners to take decisions in order to
maximize the monetary profit of the installation.

Xiao et al. [6] proposed a sizing methodology for standalone RSs with onsite electrolysis and
storage. To this end, a simple linear programming (LP) model was developed which neglects
important aspects such as degradation or efficiency of electrolyser stacks. Various references
employ a software-based methodology for sizing RSs powered by hybrid renewable systems.
More specifically, the plant model in [7] includes photovoltaic (PV) and wind generators in
combination with stationary battery packs. Likewise, a RS powered by wind energy was
optimized in [8], showing that the installation of wind turbines helps to reduce carbon emissions
and improve the efficiency of the system notably. The authors in [9] employs the software
HOMER to various cases in Turkey and Spain, demonstrating that the combination of different
RESs results in the most suitable layout commonly.

Gruiger et al [10] employed evolutionary algorithms to optimally sizing of RSs considering
low and high-pressure storage as well as wind turbines. The results obtained show that larger
fleets contribute to reduce the cost of hydrogen while considering reserves does not notably
increment the cost of the project. Similarly, the authors in [11] considered a swarm-based solver
to optimize the operation of a hybrid power plant supplying a charging station for both battery
and FCEVs, showing up the proposed methodology is capable to improve the quality of service
significantly. The reference [12] also focuses on the optimal operation of refilling infrastructures.
In this case, the authors developed an energy management model for microgrids incorporating
RSs while considering the interaction with external agents.

In [13], a Mixed-Integer-Linear Programming (MILP) model was proposed for optimal
network expansion considering the influence of FCEVs. In this case, the authors assumed the
point of view of the distribution system operator (DSO) as particular investor. Dadkhah et al [14]
consider the participation of RSs in day-ahead and balancing markets. In this case, the authors
assume the role of a private investor for which a nonlinear model was proposed for optimal sizing



the components in the RS. In [15], a risk-constrained optimal operation tool for distribution
network (DN) in the presence of FCEVs was proposed. In this case, inherent generation and
demand uncertainties are modelled via scenarios, while the level of risk is kept under control and
parameterized externally.

Tabandeh et al [16] proposed a MILP model for optimal network expansion in the presence
of RSs. Particularly, this work focuses on partitioning the network into zones which are handled
separately. The optimization model casts as a multi-objective framework involving economic and
environmental objectives. A day-ahead operation tool for RSs was presented in [17], considering
different uncertainty models to take into account the risk associated to renewable generation,
prices and FCEV demand. In this sense, a hybrid stochastic-robust methodology was developed,
in which the hydrogen demand is modelled using a suited methodology considering particular
behavior and features of FCEVs. Abdelghany et al [18] develop a model predictive control for a
hydrogen storage system locally powered by a wind farm and devoted on supplying FCEVs. To
this end, a multi-level scheduling strategy is proposed, capable of handling different variables
over different time horizons efficiently.

Dong et al [19] proposed an integrated network expansion model for hybrid hydrogen-
electricity networks. In this case, the nonconvexities arisen from modelling both networks are
handled using different linearization tricks based on piecewise approximations, resulting finally
in a tractable MILP model. Similarly, the authors of [20] developed a MILP framework for
optimal network expansion considering different hydrogen chains (trucks and pipelines). One of
the merits of this work lies in the fact of considering quality of service indicators regarding
waiting time of FCEVs, whose impact is thus implicitly included in the planning process. A
simulated-based tool was developed in [21] for optimizing the operation of onsite hydrogen RSs,
reaching out a compromise between satisfaction of users, economy and emissions.

This work motivates in various gaps encountered in the literature which are, for simplicity,
summarized in Table 1. For easing the analysis, we discarded those references devoted on
operation stages as this work focuses on planning stages of RSs. In this regard, it is worth
differentiating two types of problem. On the one hand, sizing methodologies optimize the rated
power or storage capacity of RSs. These methodologies are typically conceived from the point of
view of private investors who aim at maximizing their own profit through refilling vehicles. On
the other hand, network expansion tools are rather focused on installing new lines or generators
integrated into existing networks due to the emergence of FCEVs, which may put on the limit
existing infrastructures. In contrast, network expansion problems are typically performed from
the point of view of the DSO, who is responsible of carrying investments in order to provide a
minimum quality of service.

Table 1 — A summary of the relevant literature

Refs. Problem Features Solution
Typically conceived for private investors who seek
for maximizing their own profit selling hydrogen to

[6-9], [14] Sizing vehicles. These problems look for sizing

components such as renewable generators,
electrolysers or storage, typically
Typical problem performed by the DSO of other

Direct

[13], [16], . utilities looking for optimally upgrade network
[19], [20] Network expansion assets such as lines, transformers or generators,
typically
Operation with Locational marginal prices are derived somehow in
[23], [24] locational marginal order to send local market signals to each node
pricing individually

In line with [21], seeks for optimally sitting and
sizing RSs in the presence of locational marginal
prices, which helps to take better planning
decisions

Sizing and sitting
This paper with locational
marginal pricing

Decomposition




Nevertheless, such references present two drawbacks which aim to be addressed in this work.
Firstly, existing planning methodologies are no longer valid for deregulated networks, where the
electricity price is different at each node being determined according to internal market rules [22].
This practice, known as locational marginal pricing, seeks for sending valid market signals in
order to guide investors to best allocate assets through the network, as well as leverage intrinsic
flexibility of local consumers. This kind of local market mechanisms has been applied to RSs in
[23] and [24]. However, these references focus on operation stages and therefore there is a lack
of a proper planning tool to allocate RSs in deregulated DNSs, in line with the methodology
developed in [22] for stationary batteries.

On the other hand, methodologies proposed for optimal sizing RSs or network expansion in
the presence of FCEVs devise as direct solution strategies, without proposing alternatives to
handle large databases. Note that this point is critical in designing stages, when planners typically
deal with a considerable amount of data regarding electricity prices, demand or renewable
potential. Thereby, existing planning methodologies may fail if the amount of data is especially
large, resulting in heavy optimization frameworks unaffordable for average machines and solvers.
Moreover, important aspects in planning tools such as long-term variation of parameters (e.g.
degradation of components) may be difficult to include in existing direct solution methodologies.

To overcome the shortcomings mentioned above, the objectives of this work are threefold:

o Developing an optimal sizing and sitting methodology for RSs partaking in deregulated
DNs. This way, locational marginal prices (LMPs) are incorporated into the optimization
process in an original iterative way, allowing investors to best allocate their assets based
on local market signals.

e Proposing a solution strategy based on the Benders’ decomposition method [25], in order
to manage large datasets efficiently. In this sense, we consider a data-driven methodology
assuming that local measures of relevant parameters are available at the beginning of the
planning horizon.

e Unlike to typical decomposition frameworks, we propose a multi-year multi-scenario
strategy which allows to model long-term degradation/inflation of parameters easily.
Moreover, the proposed methodology naturally results in a multi-cut Benders’ strategy
[26], which speeds up the iterative algorithm and thus obtaining valid solutions more
rapidly.

In the rest of this paper, Section 2 describes the problem, assumptions and input data, as well
as explaining the basic notations of the mathematical modelling. Section 3 introduces the
mathematical models of the network and RS. Section 4 develops the solution strategy based on
the Benders’ decomposition method. Section 5 focuses on validating the new proposal proving a
variety of results with analysis. Finally, the paper is concluded with Section 6.

2 - Preliminaries
2.1 — Problem Statement

We focus on a DN including local demand, dispatchable (microturbines) and renewable
distributed generators (DGs), as sketched in Fig. 2. The network and assets involved are scheduled
daily by the DSO, who is responsible on deciding the power dispatch of each generator in order
to minimize the cost of operating the network.

The DN is connected to an upscale transmission system at a unique node, in which the price
is cleared at the wholesale electricity market. In contrast, the DSO launches hourly local markets
in order to determine LMPs at each node of the network, under which generators and loads are
paid/pay for electricity generation and supply, respectively.
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Fig. 2 — Sketch of the considered DN wherein the RS will be installed

This paper focuses on optimal sitting and sizing RSs in the considered DN. The RS is assumed
to incorporate local hydrogen generation through electrolysers. This paper does not assume a
particular electrolysis technology, but it is worth mentioning that alkaline and polymer membrane
electrolysers are the most common technologies nowadays [27]. The station incorporates onsite
storage by means of gaseous vessels, while the demand can be satisfied directly from the
electrolyser or stored to be supplied later, thus enabling energy arbitrage. Before being supplied
to FCEVs, the hydrogen needs to be pressurized to 350 or 700 bar. In this work, we assume the
use of pneumatic compressors, which are safer than electrical ones [28].

2.2 — Characterization of Input Data

We propose a data-driven approach assuming that data regarding local demand (electricity
and hydrogen), renewable potential and wholesale electricity markets are available for a
reasonable period of time (e.g. 1 year). The proposed methodology considers scheduling of assets
within periods of one hour which would result in a considerable amount of data. In practice,
managing such large datasets in optimization problems is challenging and may suppose
intractability issues in conventional machines and solvers.

To overcome the issues above, we consider a characterization of the input data by means of
three representative scenarios namely average, optimistic and pessimistic. The optimistic and
pessimistic cases make mention to extreme scenarios of input profiles according their expected
impact on final results. For example, it is clear that assuming high renewable potential together
with low wholesale prices will affect favourably in the final project results. On the other hand,
the average profile corresponds to the most probable input in the original dataset.

To construct these three profiles, we firstly run the k-medoids algorithm taking only one
cluster (see [29] for details), taking the result as the average profile. Note that by default, the k-
medoids will select those data that characterize best the whole dataset and therefore it seems
reasonable considering it as the average profile. The other profiles are taking as the highest and
lowest average values within the considered databases. For the sake of simplicity, Table 2 reports
the assumptions made on the different input data in order to build the scenarios.

Table 2 — Assumptions to build optimistic and pessimistic scenarios

Data Optimistic Pessimistic
Local electricity demand Low High
FCEV demand High Low
Wholesale electricity price Low High
Renewable potential High Low

Note that this data characterization based on three scenarios aligns with the methodology
proposed in [30]. However, such reference considers equi-probable scenarios, which is not



reasonable as extreme cases are expected to have much lower probabilities compared to the
average profile. Instead, we calculate joint probabilities for input profiles following the
methodology described in [22].

2.3 — Notations and Assumptions

We assume a project horizon of Y years, each one represented by three scenarios included in
the set S. Each scenario represents a day-ahead scheduling plan divided into T = 24 time slots.
The DN is formed by J nodes and includes dispatchable and renewable generators, gathered in
the sets GP¢ and GRES, respectively; while D stands for the set of demands. For simplicity, we
assume that demands are inflexible and only some buses through the network are feasible
locations for installing RSs, which are included in the set Z.

We propose in this paper a tool capable of deciding the optimal sitting and sizing for N < Z
RSs, so that the main results obtained are the rated power of electrolysis stage (i.e. 52 ) as well as
the total storage capacity (i.e. H), together with the most suitable bus/es z € Z for the installation.

In this way, we adopt a power-based electrolyser modelling, which is suitable for this kind of
problems and aligns with the decisions taken by the DSO (i.e. power dispatch).

2.4 — Long-term Degradation/Inflation of Parameters

Some input parameters vary throughout the project lifetime. For instance, degradation of PV
panels provokes a loss in their generation capacity [31]. Such degradation may cause a major
impact on final results and therefore should be assumed in the planning project. The multi-year
approach considered in this paper allows introducing long-term degradation/inflation of
parameters easily. Let us consider a parameter o with degradation/inflation rate » > 0, its value
at the y" year can be calculated as

oy =0 (1+tr(y—1));VyeyY Q)

Note that (1) is valid for degradation and inflation rates just exchanging the plus/minus sign
consequently.

3 - Mathematical Models

Throughout this section we present the mathematical models corresponding to the optimal
planning tool. It is worth noting that dual variables are shown at the right-hand side of each
equation.

3.1 — Distribution Network

The DSO intends to supply the local demand at minimum cost, for which distributed
generators are optimally managed through adequate power and commitment signals, leading to
the following optimization model between brackets (-):
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The objective function (2a) is composed of two terms. Firstly, the cost of exchanging power
with the transmission network under wholesale prices modelled through scenarios. As customary,
we consider that exporting pricing is a portion of importing ones 0 < {¢* < 1 [32], thus reflecting
a scenario with surplus generation as frequently in many power systems. Secondly, the fuel cost
of dispatchable DGs, assuming that renewable generators have a null marginal cost [33].

In the set of constraints, (2b) and (2c) reflect active and reactive power balances at the root
node (substation), respectively. (2d) and (2e) model active and reactive power flows through
branches using the well-known LinDistFlow model [34], whose branch modelling is depicted in
Fig. 3. Note that this model is suitable for radial distribution networks due to the inclusion of
voltage nodal equations, which are neglected in other power flow models [35]. In this regard, the
use of the LinDistFlow in radial distribution networks is widely extended and its suitability has
been proved in a number of references [36].

Fig. 3 — LinDistFlow branch modelling

The voltage at the root node is fixed in (2f) and commonly taken as the nominal network
voltage, whereas (2g) calculates the voltage in the rest of the buses. The set of constraints (2h)-
(2k) limit the active and reactive power at substation and, in addition, makes the importing and
exporting processes complementary through the inclusion of binary commitment variables. (2I)
establishes power limits of branches whereas (2m) limits the nodal voltages within secure bounds.
(2n) and (20) impose upper/lower bounds and ramping limits on dispatchable generators
(commonly microturbines or diesel engines), respectively. (2p) limits the output of renewable
generators to predicted potentials, which are modelled through scenarios.



The power limit of electrolysers is given in (2g). Note that we include here all the candidate
buses disregarding a RS is actually installed or not. This adoption allows a simpler formulation,
imposing p, = 0 at those nodes where electrolysers are not installed. In (2), p,, is considered a
parameter whose value is calculated at other stages as explained later. (2r) and (2s) give reactive
power injections from generators. This way, we consider that renewable generators can contribute
to reactive power generation through coupling inverters [37]. Finally, binary variables are
declared in (2t).

Optimization framework (2) is a Mixed Integer Second Order Programming for which
effective off-the-shelf solvers are available [38]. Nevertheless, we propose transforming it into an
MILP by linearizing power flow limits (2l), following the approach detailed in the Appendix. On
the other hand, it is worth noting that LMPs can be calculated as the sensitivities (dual variables)
of (2d). However, sensitivities of MILP problems cannot be derived accurately [39]. In Section
4, we detail a simple methodology to circumvent this issue and calculate LMPs easily.

3.2 — Refilling Station

In this paper, a simplified electrolyser modelling has been adopted without including binary
operational statuses. This adoption is justified in the following assumptions:

e Electrolysers can be modelled using a two-state (on/off) or three-state (on/off/standby)
models [40]. Nevertheless, we observed that a well-sized electrolyser is typically
operated continuously throughout the day. Under such premise, the operating states can
be neglected. Note that this assumption aligns with the conclusions in [41], where it is
verified that a simplified electrolyser model is often assumable for planning purposes.

e Neglecting operational states avoids including start-up and shutdown costs. However, by
assuming the previous point, on-off transitions would be infrequent throughout the
project lifetime and therefore such costs have a marginal impact on the project.

e Ramping limits can be neglected on the basis of a 1-hour dispatchable time step [41].

e A constant efficiency factor can be taken assuming that the electrolyser will work close
to its nominal power most of the time.

This way, the electrolyser has been simply modelled imposing an upper bound in (2q). The
assumptions above have been verified through multiple experiments, thus confirming their
plausibility in the considered planning problem. Below, we present the rest of constraints that,
together with (2q), complete the RS model.

% W sr Ry (A0 i VZ EZALET (3a)
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Above, (3a) states that hydrogen production (as a function of the electrolyser efficiency and
lower-heating value of hydrogen) can be directly injected to the FCEVs or stored. (3b) establishes
a hydrogen mass balance between the storage output and the demand of FCEVs, which is
considered a parameter modelled through scenarios. (3c) indicates the instantaneous state-of-
charge (SOC) of the hydrogen tank. (3d) fixes the initial and final hydrogen stored to avoid storage
depletion whereas (3e)-(3g) impose limits on variables.

Note that we do consider null lower bounds for electrolyser power and hydrogen storage in
(29) and (3g), respectively. This assumption contradicts typical operating conditions of



electrolysers. For example, minimum operating power of alkaline electrolysers is about 15-20 %
of its nominal power [41]. However, we adopt here a net-value model assuming that sizing results
should be increased accordingly. For example, in case of obtaining a value of p, = 100 kW, the
real size of the electrolyser should be increased by 20 % (120 kW) to reflect real operating
conditions. This aspect is taken into account later in the planning model, increasing the capital
costs properly.

Including the model (3a)-(3g) in (2) is not advisable since it would lead to the trivial solution
p, = 0; Vvt € T. Indeed, the DSO is not a priori interested on dispatching hydrogen demand due
to this agent is not paid for refilling. Note that we consider in this paper that the RS is an
independent agent who seeks incrementing her own profit and therefore payments for refilling
cannot be included in the objective function of the DSO (2a). To solve these issues, we follow the
strategy depicted in Fig. 4, by which the RS is modelled as a virtual agent that can be integrated
in (2) through its Karush-Kuhn-Tucker (KKT) conditions. Note that (3a)-(3g) is linear since we
considered a simplified electrolyser model, and therefore the KKT conditions are sufficient
conditions for optimality [42]. This way, the objective of the RS is implicitly assumed in the DSO
model within a Stackelberg game framework (see [43] for details), in which the DSO acts as
leader and the RS as follower. Specifically, the KKT conditions for the RS are given below.
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where L stands for complementarity, while 4 and u collect the A’s and the u’s, respectively.
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Fig. 4 — The proposed virtual RS agent and its interaction with the DSO

KKT conditions are composed by the stationary conditions (3h)-(3n), the complementarity
conditions (30)-(3w) and the dual feasibility conditions (3x) and (3y). For further details about
how to derive the KKT conditions, the reader is referred to [30]. A slack variable p is included in
(3h) to avoid infeasibility since some limits on p, have not been included, for simplicity.

Note that complementarity conditions are nonlinear but can be linearized using the well-
known big-M method [44], for which the strategy in [45] has been followed to tune the value of
big-M’s adequately. After applying this linearization trick, (3) transforms into a tractable MILP.

3.3 — Planning Framework

The developed planning framework for optimally sizing RSs writes as

_ 1.2D,(K? + Xyey OF) + 1.2H, (K" + X, ey OF) +
J— min ZZEZ P EV LEV (4a)
D Hz,02.Xy 51y, ZyEY ZSES Wg ZtET{Az,y,s,tpz,y,s,t - Ly hz,y,s,t}
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Subject to:

12K% Y ,e7P, + 1.2K" ¥y, H, <T1 (4b)
p,<6,M;Vz€Z (4c)
H,<8,M;Vz€Z (4d)
EZEZ 52 <N (48)
(2b)-(2t) (41)
3) (49)

The first line in (4a) includes the capital and maintenance costs, which have been increased
by 20 % in order to assume that the variables p_ and H, are actually net values, as discussed
before. This way, we assume that the actual sizing values are a 20 % higher than the results
obtained, thus considering a minimum operating power of 20 % and a depth-of-discharge of 80
%, common values for this kind of installations [17, 41]. On the other hand, the second line in
(4a) represents the profit of the RSs, which pay for importing energy under LMPs and are paid
for hydrogen refilling. Note that this profit is evaluated under a scenario basis and thus multiplied
by the probability of each scenario, thus evaluating it over the entire project horizon. (4b) imposes
a budget cap on the capital costs. (4d) and (4e) flag those nodes where the RS is installed, while
(4e) limit the number of RSs installed. Finally, (4f) and (4g) include the DSO and RS models in
the framework, respectively.

Framework (4) needs to manage a large amount of data. Note that each variable span for |
nodes, Y years, 3 scenarios and 24 time slots. Assuming average conditions, each variable would
gather a total of 35,640 elements, which results unaffordable for most of machines and off-the-
shelf solvers. Moreover, long-term inflation and degradation rates cannot be easily included in
(4). These issues are solved in the following Section.

4 - Solution via Decomposition



4.1 — Foundation

To better illustrate the solution strategy proposed, let us write (4) in a more compact form, as
follows:

_ _ min Yzez Zer{fy (I_DZI ﬁz) + ws Yses 9y,s (xy,s)} (5a)
D, Hz062%ysuUys,

Pz,y,s,t:ly,s'ﬂy,s
Subject to:
(4b)-(4e) (5b)
(2b)-(2t) (5¢)
3) (5d)

As seen, (5a) has a clear decomposable structure, encompassing planning costs that uniquely
depend on planning decisions (i.e. p, and H,) and operating costs which depend on day-ahead
decision variables x,, ;. This particular structure advocates to apply decomposition strategies in
order to alleviate its intrinsic computational burden.

There is a variety of different decomposition techniques (see [46]). Among them, the
Benders’ decomposition is undoubtedly one of the most popular, finding multiple application in
planning of power systems [39, 47]. Subsequent sections detail the application of the Benders’
decomposition to (5).

4.2 — Overall Procedure

The Benders’ decomposition proceeds iteratively exchanging information between two
levels. At the upper level, the so-called master problem decides on the value of planning variables
(i.e.p,and H,), while at the lower level, the subproblems determine operating decisions for given
values of planning variables coming from the upper level. In the subproblems, sensitivities of
planning decisions with respect to the function g in (5a) are derived in order to approximate this
function at the master problem. The problem is iteratively repeated until a well-suited
convergence criterion is met. Fig. 5 sketches the procedure of the Benders’ decomposition
approach.

Master problem

i

Fy

s3|qRLIRA
Bujuuely

Sensitivities

-

Subprcblems

Fig. 5 — Overall procedure of the Benders’ decomposition approach
4.3 — Subproblems

A different subproblem is solved for each year and representative scenario. Each one solves
the day-ahead hydrogen dispatch of the RS with the objective of maximizing its profit, thus
resulting in the following optimization framework:

Profitys = _ _min ZteT{A;y,s,tpz,y,s,t - Li"hf,‘{;,s,t} (6)
PoHzDzys6

EV
hz,y,s,t

Subject to:
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For simplicity, iteration counters are only labelled on those variables that are exchanged
between levels (the planning variables in this case). The objective (6a) calculates the profit of the
RS at the y™" year and s™ scenario. (6b) bounds the electrolyser power and (6¢) includes the rest
of constraints pertaining to the RS model. Lastly, (6d) and (6e) fix the electrolyser and storage
sizes to values coming from the master problem, allowing to derive the sensitivities y and ¢,
respectively.

The objective function (6a) determines that the RS pays under LMPs, which are determined
as a by-product of the day-ahead dispatch of the DN. In the following section we detail how derive
such prices in order to be included in (6).

4.4 — Obtaining LMPs

LMPs can be derived as the dual variables of (2d). Nonetheless, as mentioned before, such
dual variables cannot be derived directly from (2). To circumvent this issue, we firstly solve (2)
to determine the electrolyser dispatching as well as the value of binary variables, as follows:

~ A . —K
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Subject to:

(2b)-(2t) (7b)

3) (7c)

It is worth observing that the virtual RS agent has been included in (7c) and therefore (7)
neglects the trivial solution p, = 0; vt € T. Once the value of &, ; and 7, ,, ; . have been obtained,
the following linear counterpart of (7) can be solved:

Ay € argmin NC(7) (8a)
Xs

Subject to:

Pzyst = ﬁz_y,s,t; VzeZANtET (8b)

(2b)-(2t) 0

By fixing the electrolyser dispatch and binary variables, (7) and (8) result equivalent and
therefore LMPs can be easily derived from (8) and used for solving (6).

4.5 — Master Problem

The master problem for the considered planning problem reads as
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The objective (9a) is identical to (5a) but the function g is in this case approximated by the
variable 8, which is estimated using optimality cuts in (9d). In the rest of constraints, (9b) includes
the planning constraints while (9¢) avoid infeasibility at first iteration.

Note that Y x S x (k — 1) optimality cuts are included each iteration, thus resulting in a
multi-cut strategy that eventually lead to a faster convergence [26]. Moreover, feasibility cuts [48]
are not needed as the solution obtained after solving (9) is always feasible.

4.6 — Further Improvements

Below, we describe some modifications of the proposed Benders’ decomposition algorithm
to improve its convergence and properties.

Refining Master solutions: convergence of the Benders’ decomposition can be accelerated in
multiple ways [49]. One of them is improving the quality of the master solutions, i.e. the planning
decision variables. In our case, electrolysers cannot import more power than the power limit of
the corresponding node. Therefore, the following constraint can be included in (9) to avoid sub-
optimal solutions:

Py <F;Vz€Z (%)
Regarding the storage tank, its capacity is also limited as
— HEnZ
H, <TXl .vzez (9f)
LHVy,

As seen, the upper bound in (9f) corresponds to the hydrogen generated if the electrolyser
works 24 hours at rated power.

Valid sensitivities: sensitivities in (6) tend to be higher at those nodes where RSs are not installed.
This behaviour is coherent since installing new electrolysers normally has a higher impact on the
RS profit than increasing or decreasing the rated power of the already installed ones. This
particular behaviour typically provokes oscillations of &, which changes arbitrarily each iteration
without stabilizing at a particular solution. To solve this issue, we propose to firstly consider that
all the candidate buses have already installed a RS with the same electrolyser power. This way,
the first iteration will provide the sensitivities of all nodes under the same conditions. Therefore,
the second iteration will determine the most adequate bus/es for installing RS obeying to the
highest sensitivities. After this iteration, the variable &, is fixed and the algorithm continues until
convergence.

4.7 — The Algorithm

Below, we describe the step-by-step procedure for solving the considered planning problem
using the Benders’ decomposition approach.

Algorithm: optimal sitting and sizing of refuelling stations via Benders’ decomposition

Input: network data; scenarios (average and extreme) for electrical demands and renewable generators, wholesale
market prices and hydrogen refuelling demand as well as their probability; parameters of distributed generators
(dispatchable); capital and maintenance costs, expected lifetime and efficiency of electrolysers and hydrogen tanks;
refuelling cost; inflation and degradation of parameters; lower-heating value of hydrogen; maximum number of stations
and budget cap; parameters to linearize branch power flows (see Appendix).

Output: sizing and sitting of refuelling stations and expected profit.

e —1
Step 0: initialize k = 1, UB = o, LB = —00, e € M, 0 <P, < F, and H, > 0

Step 1: solve the master problem (9) and store gJ , z_)'Z‘ and ﬁ';. If k = 1, solve (9) without including (9b) and (9d). If
K > 2, take §¥ = §¥71. Else, store the value of 5%

Step 2: update LB = Yyey w5 Yses Brs



Step 3: initialize y = 1

Step 4: update parameters according their inflation and degradation.
Step 5: initialize s = 1

Step 6: solve the problem (7) and update i, ; and p, ¢ ¢

Step 7: solve the problem (8) and update AQ%SI

Step 8: solve the problem (6) and store sensitivities y,¢ and &¥

Step 9: update s = s + 1. If s = S go to step 10. Else go to step 6.
Step 10: update y = y + 1. If y = Y go to step 11. Else go to step 5.

Step 11: update LB = }.,ey ws Xses Profity s and check convergence as

UB—-LB

ug =€ (10)

where € is the convergence threshold.

Step 12: if (10) holds then stop. Else, update x = x + 1 and go to step 1.

5 — Numerical Results

Throughout this Section we present and analyse a number of numerical results. The developed
solution approach and optimization models were coded under Matlab R2021b and solved using
Gurobi [50]. The Benders’ algorithm is enforced to converge below € = 0.05.

5.1 — Input Data

Table 3 reports the data regarding electrolysers including costs and typical operating
parameters of alkaline electrolysers. The lower-heating value of hydrogen was taken equal to
39.72 kWh/kg [40], while the degradation of electrolysers was considered 0.7 %/year in line with
the data reported in [51]. We consider that RSs are installed at the beginning of the project and
dismantled at the end of the expected lifetime of electrolysers. The price of refilling hydrogen is
11 €/kg, according to some recent installations [52]. We consider an optimistic horizon in which
the refilling cost is reduced progressively, in line with the conclusions in [53]. In this sense, we
assume that hydrogen price is reduced by 2.6 %/year and thus it takes a value of 7 €/kg at the end
of the project lifetime. Table 4 shows the data regarding hydrogen storage, considering gaseous
tanks. Maintenance costs are updated yearly taken an interest rate of 1.5 % [54].

Table 3 — Electrolyser data

Parameter Value Ref.
Capital cost 400 €/kW [55]
Maintenance cost 50 €/kW-year [56]
Lifetime 15 years [7]
Efficiency 73 % [57]

Table 4 — Hydrogen storage data

Parameter Value Ref.
Capital cost 305 €/kg [58]
Maintenance cost 15 €/kg-year [59]

5.2 — Network

We consider a modified IEEE radial 33-bus system as shown in Fig. 6, to which industrial
and residential loads are connected together with renewable (wind and PV) and dispatchable
generators, whose data are summarized in Table 5. For simplicity, we consider the same per-unit
profiles for each kind of load or generator, which are based on real data from [60, 61], and plotted
in Fig. 7 together with their extreme scenarios constructed using the methodology described in
Section 2.2. We consider a degradation of both PV panels and wind generators of 0.5 %/year of
their nominal power [31, 62], while demand grows by 0.2 %/year [63].
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Table 5 — Dispatchable generators data

Parameter Node
#18 #33
Rated power 400 kW 400 kW
Marginal cost 25 €/MWh 40 € MWh
Minimum power 5 % of its rated power
Ramping limit 30 % of its rated power
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Fig. 7 — Per unit profiles for demands and renewable generators

Price at substation corresponds with wholesale spot markets as shown in Fig. 8, which have
been constructed according to market prices in Spain in 2018 [64] (discarding prices in the last
three years significantly impacted by the COVID-19 pandemic and Ukraine’s war). On the other
hand, hydrogen demand is plotted in Fig. 8 and has been built up using the methodology described
in [17]. This methodology considers probability distributions based on real-data. In particular, we
consider the probability trip distribution reported in [65], which is based on real data and surveys.
We therefore assume that the probability of a refilling event is directly related with the probability
of daily trips, in line with [66]. On the other hand, the methodology considers assumes typical
FCEV features for generating the hydrogen demand. In particular, a total hydrogen capacity of 5
kg and total range about 500-600 km. FCEV demand in Fig 9 is generated assuming 20 refilling
events per day and 10 dispensers per station, reasonable data taken into account the information
in Fig. 1 and assuming that most of refilling events occur at morning and afternoon. We consider
that both prices and FCEV demand grow by 1.5 and 0.2 %/year, respectively. Finally, we consider
that the exporting price (at substation) takes 0.7 times the importing one [32].
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Fig. 9 — Scenarios for FCEV refilling demand
5.3 —Results
a) LMPs

Fig. 10 plots the LMPs for the optimistic scenario. As seen, LMPs are notably low and
frequently zero at nodes 12-18. This is due to the presence of two wind turbines near to these
nodes, which allow them to be fully supplied through renewable sources. For the rest of nodes,
LMPs mostly follow the wholesale electricity prices, indicating that the DN needs to import power
to satisfy the local demand. In this regard, it is worth noting that local dispatchable generators are
not scheduled at the optimistic scenario due to their marginal costs are higher than the price at the
substation. However, these assets help to reduce LMPs in other scenarios as well as reducing the
energy imported from the transmission system.
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Fig. 10 — Obtained LMPs for the optimistic scenario
b) Sitting and Sizing Results

Next, we analyse the main result of the developed panning tool, i.e. the optimal sitting and
sizing of RSs in the DN. Firstly, we compare the results obtained for various values of the
parameter N and IT = 600 k€ in Table 6. As observed, with N =1 and 2 the node 16 is not
selected despite it presents the lowest LMP as seen in Fig. 10. This is due to the power is limited
at 300 kW at this node and therefore resulting more profitable installing RSs at other nodes with
higher power limit. Actually, it is worth noting that the electrolysers installed with N = 1 and 2
have always more than 300 kW of rated power, which is the power limit at node 16. With N = 3,
the algorithm leverages low LMPs at node 16 installing a 300 kW electrolyser. In summary, the
developed tool seeks for installing the maximum electrolysis power possible, showing that the



installed power is the most determinant result, clearly impacting the total project cost, which is
notably reduced with the value of N.

Table 6 — Results obtained for different values of N and IT = 600 k€

N Node p, (net) H, (net) Project cost (M€)
1 #8 415 kW 34 kg -4.95
2 #21/4#32 396/500 kW 49/71 kg -9.27
3 #16/#21#32 300/435/430 kW 15/28/31 kg -12.85
4 #8/#16/#21#32 400/300/402/393 kW 23/15/23/26 kg -16.80

It is also worth noting that the total project cost was always lower than zero, indicating a net
profit. This result demonstrates the profitability of RSs even in a context with decreasing refilling
prices. Regarding the total storage capacity, it resulted a function of the electrolyser rated power
normally, thus indicating that storage tanks are normally sized according to the maximum
hydrogen production at each node.

In Table 7, we compare the results obtained with N = 2 and different budget caps. As seen
in this case, the selected nodes change without following a clear logic. However, when one
analyses the total installed power in each case, a clear strategy can be deduced. Indeed, the
algorithm seeks for installing the maximum electrolysis power in each case, which is clearly
reflected in the total project cost as discussed in Table 6. It is easy to see that the total installed
power is higher as the available budget increases, thus remarking again that this result is the most
significant for the economy of the project. This way, it is clear that results reported in Tables 6
and 7 are coherent, demonstrating that the developed tool follows the more logic strategy for
increasing the profit of private investors.

Table 7 — Results obtained for different values of [Tand N = 2

11 (k€) Node p, (net) H, (net) Project cost (M€)
150 #16/#21 157/153 kW 0/3.7 kg -4.16
300 #8/#21 306/300 kW 14/13 kg -7.37
450 #16/#21 300/443 kW 14/28 kg -8.41
600 #16/#21 300/473 kW 13/33 kg -8.41
750 #21/#32 396/500 kW 49/71 kg -9.27

In Table 7, one can see that increasing the budget above 450 k€ has a minor impact on the
final project cost. This is due to installed electrolysis cannot be further increased due to power
limits at nodes (note that the total power installed is barely increased from 743 to 900 kW). In the
face of this situation, the developed tool tries to increase the profit by incrementing the storage
capacity. However, this parameter has a limited impact on the monetary profit due to the low
efficiency of electrolysers. Indeed, storage systems are profitable when differences in LMPs are
sufficient to compensate the efficiency of the storage assets. Hence, in case of using electrolysers
and hydrogen-based technologies, variation between peak and off-peak prices should be higher
than for other storage technologies like batteries [22].

¢) Sensitivity Analysis

Fig. 11 compares the total project cost for different budget caps and number of RSs. As seen,
both parameters contribute to improve the economy of investors by installing more electrolysis
capacity and number of stations, respectively. In particular, the total project profit can be
increased by 70 % in case of installing more RSs and by 74 % in case of increasing the budget,
thus demonstrating that both parameters contribute notably to improve the economy of the project.
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Fig. 11 — Total project cost for different number of RSs and budget caps

It is worth noting that the project cost cannot be further reduced above IT = 450 k€ in case of
installing only one RS. This is due to project cost is mainly affected by the total power installed,
as discussed before. In case of only installing one RS, its maximum electrolysis capacity is
installed with IT = 450 k€ and therefore minor project reduction beyond that cap is only achieved
by increasing the storage capacity, which has a less notable impact. One can see in Fig. 11 that
similar conclusions can be drawn with N = 2 and 3 for particular budget caps in each case.

On the other hand, Fig. 12 shows the total hydrogen refilled throughout the project lifetime.
One can check that results in Fig. 11 and 12 follow opposite trends, thus demonstrating that the
final project cost is mainly ruled by the incomes from hydrogen refilling. This result explains why
LMPs do not determine the RS location, as we mentioned previously, since costs from importing
electricity have a marginal impact on the project profit.
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Fig. 12 — Total hydrogen refilled for different number of RSs and budget caps

d) Electrolyser scheduling

Fig. 13 plots the scheduling plan for the electrolyser under the optimistic scenario, N = 1 and
IT = 600 k€. As seen, the electrolyser is operated continuously during all the day and frequently
close to its nominal power (~414.5 kW). More results are not included for simplicity but similar
scheduling routine was observed in almost all the results obtained, which confirms that the
simplified electrolyser modelling adopted in this paper is perfectly assumable and does not
introduce notable inaccuracies in the project results.

Fig. 13 also shows the total hydrogen stored for this particular case. Not surprisingly,
hydrogen tanks are filled at night. During these hours, low LMPs (see Fig. 10) are leveraged to
produce a surplus hydrogen that is partially sent to hydrogen tanks. The hydrogen storage is fully
filled at 7:00 h, when LMPs start growing. Then, hydrogen tanks are progressively emptied to
refill FCEVs, thus complementing the operation of electrolysers. This particular behaviour
reducing the total project cost by reducing the energy consumption of electrolysers notably.
Moreover, deploying hydrogen storage allows reducing the size of electrolysers, which should be
oversized to attend the full demand during afternoon. In this sense, part of the hydrogen stored
during night when FCEV demand is low, can be used at afternoon, thus avoiding to supply all the
demand from the electrolyser. Note that this is a typical behaviour of storage assets enabling
energy arbitrage [22].
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Fig. 13 — Scheduling result for the electrolyser under the optimistic scenario, N = 1 and I1 = 600 k€
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e) Algorithm performance

Finally, we analyse the computational performance of the developed solution algorithm. To
this end, the developed tool was run on an Intel(R) Core(TM) i7-8750H with 16 GB RAM
personal laptop. Fig. 14 plots the total number of iterations required to converge for different
number of RSs and budget caps. As seen, increasing the value of these two parameters leads to
slow convergence. This is due to such settings expand the feasible space of the Master problem,
which provides low quality solutions that cannot be properly approached through optimality cuts
and sensitivities coming from subproblems. Note that this conclusion aligns with the
recommendations in [49], where a number of accelerating strategies for the Benders’
decomposition are based on improving the quality of the solution provided by the Master problem.
Nevertheless, the algorithm is quite efficient even when many iterations are required, as shown
in Fig. 15 where one can see that the total computational time is below 500 seconds and typically
near to 200 seconds in all simulations, resulting perfectly assumable for planning tools.
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Fig. 15 — Total computational time for different number of RSs and budget caps

5.4 — Practical Implications



The developed tool mainly serve for support-decision of DSO or RS investors, who need to
decide optimally the sitting and sizing of their assets in order to maximize the expected profit. In
this sense, the developed tool expects to find applications in any distribution system hosting RSs.
This kind of application is expected to be valuable for countries where refilling infrastructure is
expected to grow in the following years, such as China.

The developed planning methodology encrypts a day-ahead scheduling tool under LMPs for
DNs including RSs. In this sense, the new proposal could be employed for DSOs to determine the
scheduling plan of local assets and clear LMPs under the umbrella of distribution market
arrangements.

Finally, it is worth mentioning that the developed tool serves to promote policies to
incentivize the use and development of FCEVs in some countries where the use of this technology
is marginal compared to battery vehicles, like Spain or other many European countries [2].

6 — Conclusions and Future Works

A new optimal sitting and sizing tool for RSs in DNs has been developed. The new proposal
strived for RSs with onsite storage and hydrogen generation through electrolysis. The developed
methodology considers the influence of LMPs, which send proper signals for best allocate assets
through the network. Finally, a multi-year iterative procedure based on the multi-cut Benders’
algorithm has been proposed to alleviate the intrinsic high computational cost of the planning
framework.

A number of simulations has been conducted in the well-known IEEE 33-bus system,
encompassing renewable and dispatchable generators as well as residential and industrial loads.
Results verified that LMPs effectively translate the real energy cost per node, thus serving to best
sitting RSs in the network. This way, LMPs provide a valid signal to guide the scheduling plan
for storage assets, which typically charge during night, when LMPs are low, and discharge at
evening thus avoiding to import power during peak hours.

However, the power limit of each node turned out to be the most significant parameter for
sitting stations. This result highlights the importance of upgrading electricity infrastructures when
considering the installation of electrolysis facilities in existing power networks, which
occasionally require to import much energy to produce sufficient hydrogen to attend the local
refilling demand.

On the other hand, it has been highlighted that the installed electrolysis capacity reduces the
cost of the project further. In this sense, it has been illustrated how the developed algorithm
typically looks for the station configuration that maximizes that power. The impact of the budget
cap and number of stations has been also discussed, showing that both parameters have similar
influence on final results, reducing the total project cost by, approximately, 70 %.

Finally, the computational performance of the developed algorithm has been analysed, thus
demonstrating that the proposed framework is efficient and can be implemented in average
machines.

To implement the developed tool, some prior data are needed. Most of the necessary data are
normally available for DSOs without difficulty. Thus, expected local demand or renewable
potential are normally measured and available in datasets. Moreover, many public datasets allow
accessing to this kind of data in multiple geographical areas, which eases the implementation of
the developed methodology. However, hydrogen refilling demand may be not publicly available.
In this work, we have considered the methodology in [17], which is based on real-data from [63],
to build up valid hydrogen demand profiles. Nevertheless, this is not a critical point for
implementing the new proposal as it is more focused on planning stages, when considered input
data can be estimated rather than measured [42].

Future works should be focused on developing novel energy management strategies for RSs
encompassing electrolysers and storage, as well as discussing advanced bidding/offering
strategies of such assets in energy and balance markets.
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Appendix

To linearize power flow limits in (2l), we employ the methodology described in [67]. Let us
consider the following Euclidean norm constraint:

VaZ +b2 <9 (A1)
9
where a and b are variables and the square root term has been replaced by the dummy variable

9. Then, 9 can be approximated by a set of intersecting planes i € I described by three
noncolinear points given by:

A; = sin(if — ) —sin(if); Vi € 1 (A2)
B; = cos(if) — cos(if —0);Viel (A3)
C; = cos(if) sin(if — 0) — cos(if — 0) sin(iB); Vi € 1 (A4)

where 8 = 2m/|1|. This way, one can obtain the intersecting planes ¥9;, as follows:

9; = (A;a + B;b)/C;; Vi € 1 (A5)
Making use of (A5), the constraint (A1) can be replaced by a set of |I| constraints of the form:

9, <O;Viel (A6)
Note that the true value of 9 can be recovered as max 9;, thus ensuring that actually (A6) is

equivalent to (A1) for a particular i € 1. The quality of this approximation strongly depends on
the size of I. It is advisable to create the minimum number of planes to ensure that power flows
through branches are properly approximated. In our experiments, we could verify that tuning
[I| = 256 typically keeps the error below 2 %.
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