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A B S T R A C T

Seasonal storage is a key feature of future decarbonized energy systems with a high share of renewable energy
integration. Power-to-Gas technologies represent a promising solution to enable such storage. They allow the
conversion of surplus renewable electricity into e-fuels and their storage in the long-term. Their utilization
enables the integration of the electrical, fuel and heating sectors, by converting electricity into fuels and
recovering the waste heat from the process. Nevertheless, to design the most profitable management strategy
for such systems, advanced control tools are required. This study introduces a novel control architecture for
multiple multi-energy systems that share an e-fuel seasonal storage. Each energy system has its own short-
term control logic, based on Model-Predictive Control (MPC), which manages day-ahead energy exchanges,
while a long-term MPC controller considers yearly dynamics and the system as a whole. This gives additional
constraints to the short-term controllers, which ensure the fulfillment of yearly goals. A multi-temporal
and multi-spatial hierarchical control architecture is proposed, which enables optimal seasonal storage
management, and its operation is verified in a Model-in-the-Loop configuration. The controller efficiently uses
seasonal storage to balance seasonal mismatch between production and demand, resulting in higher utilization
of renewable energy, lower emissions and costs.
1. Introduction

In response to the need to reduce carbon dioxide emissions in the
energy sector, significant efforts are currently underway to promote the
exploitation of distributed and non-programmable renewable energy
sources (RES). This transformation is reshaping the structure of existing
energy systems, which need to become more flexible. Indeed, the mis-
match between energy generation and consumption poses challenges,
introducing complexity that requires the integration of innovative tech-
nologies and technical solutions. Consequently, this is reshaping the
traditional approach to energy system management and emphasizes the
importance of embracing the Multi-Energy System (MES) concept [1],
which involves considering energy systems as a whole and optimizing
overall energy exchanges, encompassing the integration of different
sectors.

Within this framework, Power-to-Gas (PtG) technologies have
gained considerable significance by facilitating the integration of var-
ious sectors through the production of synthetic fuels derived from
renewable electricity, also known as e-fuels or electrofuels [2]. Notably,
the PtG process encompasses two main stages: the electrolysis process,
by which electricity is converted into hydrogen using an electrolyzer,
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and the methanation process, by which synthetic methane is generated
by combining hydrogen and carbon dioxide into a catalytic reactor. In
this framework, many technologies exist, as well as real-world projects
that aim to study the benefits of generating such fuels from renewable
electricity [3].

These fuels can serve not only as conventional energy sources but
also be converted back into electricity when needed, being an efficient
energy storage solution that reduces the wasteful curtailment of renew-
able energy resources. The integration of PtG solutions into integrated
energy systems further enhances this potential, enabling bidirectional
interconnections between electrical and gas networks by using excess
renewable electricity to generate sustainable fuels [4].

In recent years, numerous studies in the field of PtG have been con-
ducted, along with pilot and demonstration projects [5,6]. At the same
time, there is an increasing focus on enhancing the thermal manage-
ment of these technologies to unlock possibilities for combined heat and
power generation, while improving infrastructure interconnectivity,
increasing efficiency and lowering fuel cost. These initiatives not only
facilitate the long-term chemical storage of excess renewable energy,
but also alleviate congestion in both gas and electricity networks [7].
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Even though PtG plants currently face economic efficiency chal-
lenges, ongoing developments in these technologies and their imple-
mentation into integrated energy systems are expected to alter this
scenario. Indeed, as global awareness of sustainable energy transfor-
mation rises, PtG technologies will gain substantial advantages from
evolving energy policies. Moreover, the prospect of multiple coor-
dinated energy systems, coupled with strategically implemented PtG
plants and shared seasonal storage units, holds promise in offering
alternative solutions for future energy systems [8].

Nevertheless, to effectively manage the interaction among gas, elec-
tricity, and district heating networks for achieving energy systems
decarbonization, it is not enough to install sufficient capacity. Instead,
it is crucial to intelligently coordinate and operate the various plants.
Indeed, the integration of different components into the system and
their operating strategies significantly impact their performance. Tra-
ditional controllers, relying on fixed time schedules or priority rules,
are inadequate in addressing these challenges as they lack tailored
solutions adapted to real-time conditions. Therefore, the implementa-
tion of smart control tools becomes imperative. For this reason, there
is currently substantial interest among researchers and industries in
exploring and implementing novel control strategies and optimiza-
tion tools in practical systems, which is essential for facilitating the
integration of emerging technologies and facilitating sector integration.

According to Alabi et al. [9], the main innovative energy manage-
ment techniques capable of considering the dynamic behavior of energy
systems and effectively controlling them are Model Predictive Control
(MPC) and Deep Reinforcement Learning (DRL). MPC is an advanced
control technique which allows the optimal control of complex systems
by employing an optimization algorithm that incorporates a simplified
model of the system to be controlled [10,11]. On the other hand,
DRL is a machine learning-based technique, that has recently gained
prominence in the context of managing MES [12]. It employs a rein-
forcement learning agent to interpret the system, dynamically learning
through a deep learning approach, and adjusting its actions based
on feedback from the system. Nevertheless, despite the advantages
of DRL, its literature is relatively underdeveloped compared to MPC
and presents certain drawbacks. These include the substantial offline
computational cost required for training and challenges in effectively
managing constraints [13,14]. Instead, the incorporation of a detailed
model within an MPC algorithm facilitates a more straightforward
evaluation of the control action. Additionally, for complex systems,
model-based controllers like MPC can be easily tailored to the specific
case study, and with the use of a suitable optimization algorithm, online
computational efficiency can be achieved. For these reasons, MPC was
selected in this work.

For the purpose of this study, a control strategy based on MPC
was developed, which is capable of addressing multiple space and
time scales, and optimally managing the operation of a seasonal e-
fuel storage system. As far as the authors know, numerous studies in
the existing literature have underscored the potential energy savings
that can be achieved through the implementation of predictive con-
trollers, which enable optimal system management. In addition, MPC
has demonstrated its effectiveness as a control method for optimizing
the operation of PtG technologies, especially when integrated into
complex MES [15]. Nevertheless, the challenge that this work faces is
the ability of the control action to incorporate information concerning
long-term changes in external factors that influence the behavior of
the system and to consider the interaction of multiple energy systems
sharing seasonal storage. This becomes crucial when a seasonal storage
component is included, and it is evident that effectively optimizing
the seasonal storage capabilities of the system is a complex task [16].
Nonetheless, the utilization of PtG technologies for seasonal storage
2

shows promise and warrants further investigation.
1.1. Literature review

In the literature some studies already exist that apply MPC strategies
to seasonal energy storage integrated into MES. For instance, Thaler
et al. [17] develop an MPC in which the seasonal dynamics related to
hydrogen storage are incorporated through the inclusion of a hydro-
gen cost term as a revenue in the objective function. When there is
excess renewable energy, the objective function incentivizes hydrogen
production and its storage in the long term. Indeed, when implementing
a PtG system for seasonal storage, it becomes crucial to account for the
annual dynamics governing its management. Nevertheless, optimizing
the entire year with real-time control time-steps poses a computational
challenge. To overcome this issue, Weber et al. [18] developed a control
architecture based on MPC featuring two controllers with distinct time
scales for managing seasonal thermochemical storage in buildings. This
involves a higher-level annual scheduling objective-based controller
and a lower-level tracking-MPC that flexibly follows the trajectory set
by the high-level controller. Similarly, in [19], the authors introduced a
novel control strategy for the optimal management of microgrids with
a high penetration of RES and various energy storage systems. A super-
visory MPC generates optimal scheduling using a statistical approach
to address uncertainties in weather and load forecasting. Specifically,
long-term optimization of microgrid components is achieved through
optimal generation scheduling, while real-time system management
relies on a short-term MPC module utilizing the results obtained with
the optimal generation scheduling. In this way, both short- and long-
term optimal planning schedules are realized through the application
of an MPC.

A similar work was done by Zhang et al. [20]. The authors presented
a strategy for multiple time-scale optimization, incorporating both
multi-day forecast information and intra-day MPC. The intra-day MPC
is executed by considering multi-day forecasts, employing hierarchical
rolling optimization to adjust day-ahead scheduling, and utilizing MPC
to address uncertainties in renewable energy sources and loads. Dariv-
ianakis et al. [16] introduced a data-driven stochastic predictive control
scheme tailored for the efficient management of energy hubs equipped
with seasonal storage capabilities. This scheme captures the long-term
operation of the system through a value function, utilizing historical
data to evaluate system uncertainties and establish boundaries that
constrain the optimal charging trajectory of seasonal storage devices.
To minimize both total energy consumption over a finite horizon and
the value function of seasonal storage at the end of the horizon, the
authors formulate a multi-stage stochastic optimization problem.

To tackle the dual challenge of optimizing short-term and long-term
decisions, Cuisinier et al. [21] introduced two innovative methods cen-
tered around adaptive time-step aggregation. These techniques main-
tain the continuity of state variables over the long term while ensuring
efficient computation times. In the first approach, long-term data and
decisions are simplified and aggregated using a simplified long-term
model. The second approach involves integrating long-term decisions
through cost functions, estimated with representative future data pe-
riods and the original detailed model. The approaches are evaluated
within the context of a heat production problem, showing promising
performance of both approaches and highlighting their potential for
integration into rolling horizon approaches.

An approach based on an Affine Adjustable Robust Optimization
model is presented by Castelli et al. [22]. This model integrates day-
ahead scheduling, unit commitment, and economic dispatch with real-
time operational adjustments within a rolling horizon algorithm. Tak-
ing into account diverse inputs such as day-ahead forecasts, perfor-
mance expectations, and target charge levels for seasonal storage, the
model optimizes over representative years derived from historical data.
This approach addresses the management of energy systems subject to
yearly performance constraints and seasonal storage while effectively
accounting for short-term forecast uncertainties.



Smart Energy 14 (2024) 100143E. Marzi et al.

e
t
c
t
a

2

c
d
t
o

From the presented works, it is evident that finding the best way of
incorporating both short- and long-term objectives in smart controllers
for the management of seasonal storage is an open issue in the scientific
literature, and many strategies have been developed and tested to
achieve this goal.

Nevertheless, the presented studies focus on splitting the optimiza-
tion problem using a short and a long optimization horizon, but none
of them analyzes the possibility to also have a multi-space scale to con-
sider a seasonal storage shared among different MES. In this framework,
a further step was made in this work, where a novel smart control
architecture is proposed, which has a multi-time and multi-space scale,
allowing the management of a synthetic methane seasonal storage unit
among multiple MES. The novel control architecture allows the real-
time control of MES, which is essential for an optimal management,
and the consideration in the control strategy also of the yearly dynamics
which affect the system and the seasonal storage. This ability is neces-
sary when real-world seasonal storages are implemented, in order to
have a meaningful operation and exploit at best their capabilities. The
controller was developed in a generalized way, resulting in an approach
that can be easily applied to any type of storage.

1.2. Scope of this work

Based on the presented literature review, it is evident that effective
management tools play a pivotal role in facilitating the transition
toward a fully decarbonized energy sector. In the development of
such tools, their versatility, defined by their capacity for easy adapta-
tion to various applications, becomes crucial for their widespread use
across diverse scenarios, including energy systems of varying sizes and
configurations.

With this in mind, the objective of this study is to introduce an inno-
vative tool designed for the optimal management of electrofuel seasonal
storage integrated among multiple MES. Notably, the following novel
features are presented:

• A computationally efficient Mixed-Integer Linear Programming
(MILP) optimization algorithm, formulated for general MES. This
algorithm is easily adaptable to different case studies, efficiently
computes the optimal day-ahead energy schedule for the system,
and was embedded in an MPC module for the real-time control
of MES.

• A stochastic Linear Programming (LP) algorithm, capable of con-
sidering multiple MES and a seasonal storage shared among them.
It was used for the development of a supervisory MPC module,
capable of having a holistic view of the entire problem.

• A novel multi-temporal and multi-spatial control architecture
based on MPC, designed to consider both the yearly dynamics
associated with the management of seasonal storage and the issue
of unit commitment in the short term.

The paper is structured as follows: Section 2 presents the methods
mployed and the novel control architecture developed; in Section 3
he application is described, namely the case study simulated and the
ontrol implementation; Section 4 presents the results obtained from
he simulations; and finally in Section 5 the conclusions of the work
re discussed.

. Method

This section introduces an innovative approach for the optimal
ontrol of a synthetic methane seasonal storage facility, shared among
ifferent energy systems. The presented control architecture leverages
he MPC strategy and incorporates two distinct control modules, each
perating on different space and time scales.
3

2.1. Control architecture description

As introduced in Section 1, it is widely acknowledged that re-
newable fuels produced through PtG systems stand out as one of the
most promising solutions to address the growing demand for seasonal
storage. However, the intelligent management of an energy system
integrated with seasonal storage poses a significant challenge. Indeed,
yearly dynamics related to renewable generation and energy demand
must be carefully considered. Moreover, when a seasonal storage facil-
ity is shared among multiple systems, the coordination of the different
systems is not straightforward and requires a comprehensive view
of the entire system. In the design and development of intelligent
controllers for such systems, it becomes imperative to account for these
factors. Consequently, a novel control architecture has been developed
to enable the optimal management of a shared methane seasonal stor-
age facility in this specific application. The control action is able to
handle real-time energy exchanges while considering both daily and
yearly dynamics and the interactions of the different systems with the
seasonal storage facility. The schematic representation of the control
architecture for a synthetic methane seasonal storage shared among
three multi-energy systems is illustrated in Fig. 1.

The developed approach is characterized by a multi-temporal and
multi-spatial nature, and uses two distinct control levels: a supervisory
long-term MPC that is able to tackle yearly dynamics related to the
seasonal storage and a short-term MPC module that is repeated for
each MES considered in the application and performs the real-time
control of the system, considering additional information coming from
the supervisory module. A similar short- and long-term control strategy
is proposed in [23]. The two control modules are briefly presented in
the following:

• Supervisory Long-Term Module: this module is an MPC module
with a prediction horizon spanning an entire year and with a daily
time-step. This configuration allows the controller to tackle the
seasonality in production and demand throughout the year, and
to include the management of the seasonal energy storage. Re-
gardless of the number of energy systems considered, the control
architecture requires only one supervisory module which includes
the entire system. This module computes an optimization every
day for the following year, and it is able to account for uncertainty
in disturbance forecasts by employing a stochastic LP algorithm.

• Short-Term Modules: these modules are replicated for each MES
within the application. They consider a prediction horizon of a
few days and a short time-step (e.g. one hour). Similarly to the
supervisory module, they are designed as MPC controllers and
employ a detailed MILP algorithm for optimization. With such a
short time horizon, they are not able to optimize seasonal storage
management, but instead receive additional information from the
supervisory module regarding the optimal daily energy exchange
with it. The modules process and transform this information into
long-term constraints which are included in the optimization.

The following sections delve into the details regarding the control
approach architecture and the specifications of the MPC modules.

2.2. Mathematical model

The two MPC modules contain an optimization algorithm, which is
able to optimize the system management over the prediction horizon
considered, by making use of simplified models of the systems to
control.
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Fig. 1. Multi-temporal and multi-spatial control architecture diagram.
2.2.1. Supervisory module
As previously mentioned, the supervisory module is executed daily

and computes the energy exchange requirements between the systems
and the seasonal storage throughout the prediction horizon, i.e. one
year. The algorithm employed in this module is a stochastic LP algo-
rithm, which was previously developed and validated by the authors
as a planning tool in [24]. In this algorithm, the constraints include
the energy balances for each energy vector involved, the constitutive
equations for the storage facilities and the conversion units. The un-
certainties are addressed by generating multiple scenarios every time
the algorithm is run, i.e. each day, starting from the future determin-
istic disturbances. The generation process involves the roulette wheel
mechanism to generate the scenarios and a simultaneous backward
reduction method to reduce their number, considering both the prob-
ability of occurrence of each scenario and their similarity with other
scenarios [24–26].

While in the validation phase the algorithm was employed as a
planning tool, for the current application it is applied within an MPC
approach, and therefore with a rolling horizon approach. In addition,
the algorithm has undergone additional tuning to align with the specific
requirements of this application, enabling the effective coordination of
multiple MES collectively. Basically, each MES is assumed to have its
individual energy carriers, and direct energy exchange among different
MES is not allowed. Nonetheless, their interconnection is performed
through the seasonal storage component, allowing each MES to ex-
change energy with it. The following equation describes the behavior
of the seasonal storage:

𝐸stor(𝑡) = 𝜂sd𝐸stor(𝑡 − 1) +
𝑁z
∑

𝑖=1

(

𝜂c𝑃storin,i (𝑡) −
𝑃storout,i (𝑡)

𝜂d

)

𝛥𝑡 , (1)

where 𝑁z is the number of MES in the application, 𝐸stor(𝑡) the amount
of energy stored at the current time-step, 𝐸stor(𝑡 − 1) the amount of
energy stored at the previous time-step, 𝜂sd the self-discharge efficiency,
𝜂c the charge efficiency and 𝜂d the discharge efficiency of the seasonal
storage. Finally, 𝑃storin,i (𝑡) and 𝑃storout,i (𝑡) are the power entering and
exiting the storage, respectively, at the current time-step for the MES 𝑖,
and 𝛥𝑡 is the time-step length in hours.

Furthermore, a constraint was added to ensure that the quantity
of energy stored at the beginning of the prediction horizon equals the
energy stored at its end (i.e. one year later). This configuration aligns
the algorithm with the concept of seasonal storage, discouraging the
system from depleting the storage merely to increase revenues without
4

foreseeing future occurrences. Consequently, the following constraint
was incorporated for the seasonal storage, with 𝑁t denoting the total
number of time-steps (e.g. 365 for a daily time-step and a one-year
prediction horizon).

𝐸stor(0) = 𝐸stor(𝑁t) , (2)

where 𝑡 = 0 is the initial time-step and 𝑡 = 𝑁t the last time-step of the
prediction horizon.

The two-stage stochastic programming algorithm was configured
with a distinction between first-stage and second-stage variables. The
first-stage variables, which are consistent across all scenarios, en-
compass those associated with the seasonal storage (i.e. the amount
of methane entering and exiting the storage facility and the energy
stored). Conversely, variables related to other components were clas-
sified as second-stage variables, which are scenario specific. This con-
figuration ensures the robust management of the seasonal storage,
effectively accounting for the unpredictable nature of future parame-
ters.

2.2.2. Short-term modules
The short-term MPC modules are based on the application devel-

oped by the authors for a single MES and tested in [15], where their
capabilities are verified. These modules incorporate a detailed MILP
algorithm that has proven to be effective in optimizing MES manage-
ment when tailored to the specific case study, enabling accurate system
optimization with reasonable computational complexity. In addition,
the global optimality of the solution is guaranteed, and enabled by the
usage of available commercial solvers for their solution. Nonetheless,
to use such algorithms, the equations describing the physical system
must be linearized to derive linear constraints.

The constraints of the algorithm are designed to capture the dynam-
ics of a general MES, and comprise the following components:

• Conversion Units: these encompass all plants within the system
capable of converting energy from one form to another, such as
cogeneration plants, electrolyzers, or heat pumps. The lineariza-
tion of the input–output relationship is employed to obtain a
linear model. To consider efficiency variations with the load, a
piecewise linearization method is applied [27,28]. When the out-
put power of the conversion unit only depends on the input power
of the unit, a one-dimensional piecewise linear approximation is
implemented, which means to perform a piecewise linearization
of a function of a single variable. Instead, when the performance
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Fig. 2. Diagram of how long-term constraints are given to the short-term modules and how they are used by them.
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of a component depends on two external variables, the piecewise
linearization has been performed on two dimensions (e.g. the
electrical power used to drive the gas compressor depends both
on the mass flow rate of the gas and on the pressure ratio, which
depends on the storage pressure). The process of approximating
a function with a piecewise linear approach in two variables is
more complex than in one variable, and various methods can be
employed: in this work, the triangle method was utilized [29].
In addition, each plant is capable of working in three operating
modes (on, off and standby), characterized by three different
input/output relations, with the option to define start-up costs,
minimum up-time (UT), minimum down-time (DT), and operating
ramps. Additional equations and binary variables are introduced
to account for these features.

• Energy Storage: this category includes various energy storage
methods such as batteries, thermal energy storage systems, and
gas storage tanks. The governing equation relates the energy
stored at the current time-step to that stored in the previous one,
considering charge, discharge, and self-discharge efficiencies.

• Energy Networks: depicted as energy sources or energy sinks, the
networks allow the systems to purchase or sell energy at specific
costs. Examples include electricity grids and natural gas networks.

• End-users and RES: represented as energy sources or energy
sinks, these entities have specified energy requirements that must
be fulfilled, or production rates that serve as external inputs to the
algorithm.

• Energy Nodes: while not representing physical nodes, energy
nodes play a key role in ensuring that the energy balance for each
energy vector is maintained during every time-step.

The short-term modules operate with a short time-step and a pre-
iction horizon of two days. Compared to the application described
n [15], enhancements were made for the current application, enabling
he modules to account for seasonal storage behavior. Indeed, every
ay at midnight, when the long-term supervisory module is executed,
hese modules receive information regarding the energy exchange with
easonal storage for the next two days. This information consists of four
alues: 𝐸day1in

, 𝐸day1out
, 𝐸day2in

, and 𝐸day2out
, representing the energy

o be injected (in) or withdrawn (out) from storage during the first and
econd days of the prediction horizon. These values are cumulative over
ach day, and need further processing for use in the modules, which
perate with a shorter time-step. Consequently, they are transformed
nto constraints for the problem, named long-term constraints.

Fig. 2 provides a visual representation of the process, showing the
ontrol architecture. Every day at midnight, the long-term module
upplies information to the short-term modules for the next two days.
he utilization of this information varies depending on the time of
ay. At the beginning of the day (𝑡 = 0), when the prediction horizon
overs all time-steps for the two days, the value from the long-term
odule constrains all time-steps for both days. However, as the day
rogresses, the prediction horizon extends into the third day for the
hort-term module, where energy exchange information is not yet
vailable. Despite the absence of constraints on time-steps entering the
hird day, this does not significantly impact the overall functionality
f the control action. Indeed, the MPC strategy applies only the first
ignal to the real system, related to the first time-step of the prediction
5

orizon.
The long-term constraints are given to each MES separately and they
re formulated to ensure that the energy injected to or withdrawn from
he storage during each day aligns with the values calculated by the
ong-term module for each of them, allowing a small positive deviation
enoted by 𝜖. Indeed, to force the achievement of these results, 𝜖 terms

are introduced and minimized in the objective function. This design
choice transforms these constraints into soft constraints, allowing the
ariables associated with 𝜖 to take non-zero values if the system is
nable to strictly meet the constraints. This approach prevents the
roblem from infeasibility issues. For each MES, the formulation of
hese constraints for the first day of the prediction horizon is as follows,
ssuming the current time-step to be equal to 𝑡:

d−𝑡
∑

𝑡=𝑡
𝑃storin (𝑡)𝛥𝑡 ≤ 𝐸day1in

−
𝑡−1
∑

𝑡=0
𝑃storin (𝑡)𝛥𝑡 + 𝜖in1 , (3)

d−𝑡
∑

𝑡=𝑡
𝑃storin (𝑡)𝛥𝑡 ≥ 𝐸day1in

−
𝑡−1
∑

𝑡=0
𝑃storin (𝑡)𝛥𝑡 − 𝜖in1 , (4)

d−𝑡
∑

𝑡=𝑡
𝑃storout (𝑡)𝛥𝑡 ≤ 𝐸day1out

−
𝑡−1
∑

𝑡=0
𝑃storout (𝑡)𝛥𝑡 + 𝜖out1 , (5)

d−𝑡
∑

𝑡=𝑡
𝑃storout (𝑡)𝛥𝑡 ≥ 𝐸day1out

−
𝑡−1
∑

𝑡=0
𝑃storout (𝑡)𝛥𝑡 − 𝜖out1 , (6)

here 𝑃storin (𝑡) and 𝑃storout (𝑡) denote the power injected and withdrawn
rom the seasonal storage facility at time step 𝑡 and 𝑁d is the number of
ime-steps in one day. Finally, 𝜖in1 and 𝜖out1 are the additional variables
dded to make these constraints soft. It is important to note that the
erms ∑𝑡−1

𝑡=0 𝑃storin (𝑡)𝛥𝑡 and ∑𝑡−1
𝑡=0 𝑃storout (𝑡)𝛥𝑡 represent the cumulative

mount of energy exchanged with the storage during the past time-steps
f the day: these values are updated at every time-step using actual data
rom the real system (or from a model of the system when dealing with
ts evaluation in a simulation environment).

For the second day of the prediction horizon, the term related to the
umulative amount of energy exchanged is not present, as the current
ime never extends into the second day. The constraints for the second
ay are as follows:
2𝑁d−𝑡
∑

=𝑁d−𝑡+1
𝑃storin (𝑡)𝛥𝑡 ≤ 𝐸day2in

+ 𝜖in2 , (7)

2𝑁d−𝑡
∑

=𝑁d−𝑡+1
𝑃storin (𝑡)𝛥𝑡 ≥ 𝐸day2in

− 𝜖in2 , (8)

2𝑁d−𝑡
∑

=𝑁d−𝑡+1
𝑃storout (𝑡)𝛥𝑡 ≤ 𝐸day2out

+ 𝜖out2 , (9)

2𝑁d−𝑡
∑

=𝑁d−𝑡+1
𝑃storout (𝑡)𝛥𝑡 ≥ 𝐸day2out

− 𝜖out2 , (10)

here the symbols are consistent with those used for the first day, but
hey pertain to day 2 of the prediction horizon.

. Application

The proposed approach was applied to a case study and assessed
sing a Model-in-the-Loop (MiL) application, i.e. tested on a detailed
athematical model of the system, serving as a digital-twin of the

eal system. The details of the case study and the implementation are
resented in the following sections.
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Fig. 3. Diagram of MES 1 and 2. (HS = Hydrogen Storage, MS = Methane Storage, HP = Heat Pump, PEM = Proton Exchange Membrane Electrolyzer).
3.1. Case study description

The case study comprises three MES, all engaged in the genera-
tion of synthetic methane through a PtG process. Each system has
an electrolyzer for hydrogen production and a methanation reactor
for synthetic methane synthesis. The produced gas can be utilized
internally within the systems or stored in a shared seasonal storage
facility. The overall architecture is depicted in Fig. 1. The three systems
exhibit distinct layouts outlined below.

MES 1: a simplified representation of the energy system is illustrated
in Fig. 3. It incorporates a PtG plant for synthetic methane production,
utilizing renewable electricity generated by a wind farm. The energy
system is connected to both the electrical grid and the natural gas
network, and it can exchange electricity and gas by buying or selling
them. The end-user has both electrical and thermal needs. Electrical
requirements are met by using renewable electricity or by purchasing
electricity from the power grid, while thermal needs are satisfied using
a District Heating Network (DHN), supplied by a gas-fueled boiler and
by recovering waste heat from the PtG plant. For recovering the waste
heat from the process, a Heat Recovery Circuit (HRC) is employed,
which recovers waste heat from the PEM electrolyzer (55 ◦C), the
condenser (80 ◦C), and the methanation reactor (290 ◦C). Since the
heat recovery is done using a single water circuit, with the three sources
in series, the delivered temperature reached by the water is equal to
55 ◦C. For this reason, an industrial heat pump (HP) connects the HRC
with the DHN, which operates at higher temperatures, i.e. between
60 ◦C and 80 ◦C, upgrading heat from 55 ◦C to the 80 ◦C required
by the DHN for end-user heat supply. For clarity of the figure, the
condenser is not represented in Fig. 3. The system is also connected to
the shared methane seasonal storage facility, allowing energy exchange
by injecting or withdrawing gas. The plant characteristics are presented
in Table 1.

MES 2: the architecture of MES 2 is identical to that of MES 1 (refer
to Fig. 3), with plant sizes and end-user demand scaled by a factor of
1.5. This scaling enables control strategy benefits to be validated for
larger energy systems.

MES 3: the architecture of MES 3, which is different from the other
two, is depicted in Fig. 4. This system is connected to both the electrical
and gas networks, enabling energy exchange by buying or selling it,
similarly to the other two systems. However, instead of a wind farm,
MES 3 features a photovoltaic plant for renewable energy generation.
In addition, unlike the other systems, it does not consider heat recovery
from the PtG plant and internal storage for methane is omitted in
MES 3. Instead, it incorporates a Thermal Energy Storage (TES) system
designed for storing thermal energy in the form of hot water.
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By incorporating systems of varying sizes and architectures, the
strategy is tested under different conditions, highlighting the general
applicability of the developed approach. Detailed specifications for
each system are provided in Table 1.

3.2. Implementation

The developed control architecture was tested by applying it in a
MiL configuration. A digital-twin of the case study was developed in
the MATLAB®/Simulink® environment, utilizing an in-house library
of energy system components (for further details, see [15,30]). The
models used to build the digital-twin platform are not linear and
take into account different system operating modes (i.e. on, off and
stand-by).

The MiL application is schematically represented in Fig. 5. Every
day, the long-term module (i) receives the State of Charge (SoC) of all
the storage units in the system as initialization variables, (ii) performs
stochastic optimization over one year, and (iii) communicates to the
short-term modules the calculated amount of energy to exchange with
the seasonal storage facility each day. The short-term modules are
executed every hour, and (i) they receive the SoC of the storage units in
the systems as initialization variables (except for the seasonal storage),
(ii) use the MILP algorithm for optimization, and (iii) return the optimal
set-points for the first time-step to the digital-twin. These set-points
encompass the operating mode and the load of the conversion units,
the amount of gas to exchange with the gas network, and the amount
of gas to exchange with the seasonal storage.

The long-term supervisory module was configured with a prediction
horizon of one year and a daily time-step. Every day, 500 scenarios are
generated for renewable energy production, as well as the electrical and
thermal needs of the end-users. Subsequently, they are reduced to 30
scenarios with the aforementioned simultaneous backward reduction
method. The optimization objective is the minimization of total CO2
emissions, which comprise all emissions associated with the electricity
and gas bought from the networks. In this way, the renewable energy
utilization is maximized, and the energy security of the systems is
increased. The objective function is expressed as the sum of the energy
purchased from the networks multiplied by the related emission factors,
and is formulated as follows:

min 𝑓objLT
, (11)

with

𝑓objLT
=

𝑁t
∑

𝑁scen
∑

𝑃𝑟(𝑠)
(

𝑃el,bo,s(𝑡)𝑒CO2,el + 𝑃g,bo,s(𝑡)𝑒CO2,g

)

𝛥𝑡 , (12)

𝑡=1 𝑠=1
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Fig. 4. Diagram of MES 3. (HS = Hydrogen Storage, PEM = Proton Exchange Membrane Electrolyzer, TES = Thermal Energy Storage).
Table 1
Characteristics of the components of the three systems analyzed.
Technology Parameter Unit MES 1 MES 2 MES 3

Wind Farm Nominal power (kW) 8000 12 000 –
Photovoltaics Nominal power (kW) – – 8000
Electrolyzer Nominal inlet power (kW) 3750 5625 3750

Nominal operating temperature (◦C) 55 55 55
Nominal operating pressure (bar) 35 35 35

Methanator Nominal inlet power (kW) 2479 3718 2479
Nominal operating temperature (◦C) 290 290 290
Nominal operating pressure (bar) 2.5 2.5 2.5

Boiler Nominal inlet power (kW) 4000 6000 4000
Nominal efficiency (%) 92.4 92.4 92.4

Heat Pump Nominal inlet power (kW) 380 570 –
H2 storage Volume (m3) 100 150 100

Maximum pressure (bar) 35 35 35
Minimum pressure (bar) 2.5 2.5 2.5

Methane storage Volume (m3) 100 150 –
Maximum pressure (bar) 7.5 7.5 –
Minimum pressure (bar) 3.5 3.5 –

Thermal energy
storage

Maximum capacity (kWh) – – 12 000
where 𝑁scen is the number of scenarios, 𝑃𝑟(𝑠) the probability of scenario
𝑠, 𝑃el,bo,s(𝑡) and 𝑃g,bo,s(𝑡) the average amount of electricity and natural
gas purchased form the networks, in kW. The emissions related to
the electrical grid are calculated using the Italian carbon intensity of
electricity generation in 2022, equal to 𝑒CO2,el = 373 gCO2∕kWh [31],
while a coefficient of 𝑒CO2,g = 200.8 gCO2∕kWh is assumed for the gas
network [32].

The short-term modules are configured with a prediction horizon of
two days and an hourly time-step. The objective function is formulated
to maximize the total operating margin of the systems, involving the
maximization of revenues minus costs. Indeed, the objective of the
optimization is to minimize the total economic cost of the system.
The cost function also includes the minimization of the 𝜖 variables
introduced for softening the long-term constraints. The cost function
is expressed by the following equation:

max 𝑓objST
, (13)

with

𝑓objST
=

𝑁t
∑

𝑡=1

(

𝑐el,so(𝑡)𝑃el,so(𝑡) + 𝑐g,so(𝑡)𝑃g,so(𝑡) − 𝑐el,bo(𝑡)𝑃el,bo(𝑡) +

− 𝑐g,bo(𝑡)𝑃g,bo(𝑡)
)

𝛥𝑡 −
(

𝜖in + 𝜖in + 𝜖out + 𝜖out

)

,

(14)
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1 2 1 2
where 𝑃el,so(𝑡) and 𝑃g,so(𝑡) are the average amount of electricity and
gas sold to the networks, respectively, and 𝑐el,so(𝑡), 𝑐g,so(𝑡) the revenues
related to them, while 𝑃el,bo(𝑡) and 𝑃g,bo(𝑡) are the amount of electricity
and gas bought from the networks, with 𝑐el,bo(𝑡) and 𝑐g,bo(𝑡) being their
costs.

To assess the novel control architecture, simulations were conducted
for two distinct periods of the year characterized by different weather
conditions: five days in May and five days in November. It is important
to note that for the sake of computational burden, a detailed nonlinear
dynamic Simulink® digital-twin [15] has been used only for MES 1.
Instead, MES 2 and MES 3 are assumed to work as predicted by detailed
MILP models, executed on an hourly basis to ensure a comprehensive
representation of the behavior of the systems, and a noise was intro-
duced to the results, to simulate a real application. This introduces an
element of unpredictability, making the model more representative of
a real-world application. As a result, only the outcomes related to MES
1 will be presented.

To compute renewable generation over the year, data from PVGIS
[33] was utilized for photovoltaic production, and the Wind Atlas web-
site [34] was used for wind power generation, considering as a location
for the study a city in Northern Italy. The deterministic forecasts of the
disturbances provided to the long-term supervisory module for MES
1 throughout the year are presented in Fig. 6, where the first and
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Fig. 5. Diagram of the Model-in-the-Loop application of the control architecture. (SoC = State of Charge, SP = set-point).
Fig. 6. Forecast of yearly disturbances for MES 1.
last calculation of the long-term MPC for the 5-day simulation are
highlighted. This figure illustrates the average daily energy require-
ments and renewable production, generated by integrating the hourly
disturbances over the day. Starting from the deterministic forecast,
scenarios utilized in the stochastic approach were generated, using the
aforementioned methods [24].

While the long-term module only requires daily average values, a
more detailed forecast is employed for the short-term module. The
forecasts provided to this module during the two simulated periods are
shown in Fig. 7. In this Figure, the prediction horizons of the short-term
module for the first and last time-step of the 5-day simulation are also
shown. It is worth noting the substantial changes in disturbances be-
tween the two seasons. In May, renewable energy consistently exceeds
the energy demand, while in November, it is often in deficit, and there
are higher thermal requirements.
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Finally, in Fig. 8, the costs of purchasing and selling electricity and
gas for the two simulated periods are presented.

4. Results

The simulations were executed for the two distinct periods of the
year, namely May and November, and the results obtained were an-
alyzed. First, Fig. 9 illustrates the electricity balance, where positive
values correspond to generation (RES and purchased electricity), and
negative values indicate consumption (user needs, electricity for run-
ning the PtG units, including the PEM electrolyzer, the heat pump
and the methane compressor, and electricity sold). The figure portrays
electricity management within the system during the two simulated
periods. In May, the system has a consistent surplus of renewable
electricity, therefore there is never the need to purchase electricity
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Fig. 7. Forecast of disturbances given to the controller in the two simulated periods for MES 1.
Fig. 8. Energy costs over the two simulated periods.
from the network, and a large amount of electricity is used for run-
ning the PtG plant. Moreover, during this period, the system sells the
excess generated electricity. In November, instead, there is a deficit
in renewable electricity, and the system needs to purchase electricity
to meet user needs. Moreover, during this period, there is minimal
selling of electricity to the grid. Fig. 10 illustrates the operation of
the electrolyzer and the management of the hydrogen storage in the
two periods. During May, due to the abundant availability of renew-
able energy, the electrolyzer operates continuously, and the hydrogen
storage is utilized to balance daily energy fluctuations. Conversely, in
November, the electrolyzer is activated only during periods of surplus
electricity. However, on the first day, the MPC decides to keep it
switched off and sell the excess electricity. This decision is driven
by additional start-up costs associated with the time required for the
system to heat up the electrolyzer stacks. Since the optimization aims
to minimize economic costs, it was advantageous for the system to keep
the electrolyzer inactive on this day. Indeed, the costs of purchasing
and selling electricity and gas vary during the five simulated days, as
displayed in Fig. 8. Depending on these costs, the production of gas
using the PtG system may be more or less economically convenient.
Additionally, as depicted in Fig. 11, during November, the system
utilizes the seasonal storage to withdraw methane, compensating for
the deficit in renewable generation compared to demands. This allows
the system to cover thermal needs during the day without requiring
9

additional hydrogen generation.
In Fig. 11, it can be seen that in November the seasonal storage is
solely utilized for withdrawing methane, while in May it is employed
exclusively to inject the surplus methane generated. While simulating
only five days for each season might not seem to be representative
of the entire yearly management of the seasonal storage facility, it is
essential to note that the long-term module operates with a yearly pre-
diction horizon, forcing the amount of energy stored at the beginning
of the prediction horizon to be equal to the amount of energy stored at
the end of the prediction horizon, as expressed in Eq. (2). This implies
that the energy exchanges with the storage facility are consistent with
what occurs during the remainder of the year. It is not unrealistic that a
substantial amount of energy stored in the previous months of the year
becomes available in November. Additionally, the long-term module
can adapt the management based on the availability of methane in the
storage facility, as it receives as input the amount of energy stored in
the seasonal storage facility each day.

Fig. 12 illustrates how thermal demand is met during the two
seasons. In May, all thermal needs are met using only the generated
renewable gas and the heat recovered from the PtG process. This results
in a complete decarbonization of the heating sector. In contrast, in
November, a portion of the needs (50% of the total demand) is met
by purchasing natural gas from the network. Only 2% is fulfilled using
the heat pump that recovers waste heat from the PtG process, and 11%
is covered by using renewable methane produced by the methanator.

Notably, 37% of the needs are addressed by utilizing gas withdrawn
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Fig. 9. Electricity balance in the two simulated periods for MES 1. (HP = Heat Pump, PEM = Proton Exchange Membrane Electrolyzer, compr = compressor).
Fig. 10. Electrolyzer and hydrogen storage management during the two simulated periods for MES 1.
Fig. 11. Amount of methane generated and exchanged with the seasonal storage facility during the two simulated periods for MES 1.
from the seasonal storage facility. Even in this season, half of thermal
needs are met using renewable energy, which is made possible by
employing the seasonal storage facility. Indeed, renewable generation
alone is not sufficient to fulfill the thermal and electrical loads during
this season, and the use of seasonal storage allows the utilization of
stored energy from periods of higher renewable production.

The amount of gas exchanged with the seasonal storage facility
by the three systems during the two simulated periods is displayed
in Fig. 13. In May, all three systems utilize the seasonal storage to
10
inject methane, while in November, they withdraw gas to meet the
high thermal demand in this season. In both seasons, a daily maximum
amount of energy exchanged with the storage facility was set equal to
48 000 kWh, to account for the transmission infrastructure capacity.

A complete fulfillment of the long-term constraints set by the long-
term supervisory module was achieved across all three systems, con-
firming the effective performance of the control architecture. This
accomplishment is depicted in Fig. 14 for MES 1, where the cumulative
amount of gas exchanged with the seasonal storage (injected in May
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Fig. 12. Pie chart with thermal demand fulfillment in the two simulated periods for MES 1.
Fig. 13. Power exchanges with the seasonal storage facility during the two simulated periods for MES 1.
and withdrawn in November) is displayed, together with the long-term
constraints (in gray) that need to be met each day. This means that
all 𝜖 terms are equal to zero for each simulated day. This is enabled
by the fact that the long-term constraints are given to the short-term
modules on a daily basis, as depicted in Fig. 2: this means that the short-
term controllers have a cumulative constraint to fulfill over each day.
Every hour, the short-term modules receive as inputs the actual amount
of gas exchanged with the seasonal storage during the past time-steps,
which is used to constrain the remaining part of the day using the actual
behavior of the system as initial state.

Table 2 presents some cumulative numerical results over the five
simulated days. Notably, the operating margin is positive in May,
as expected, when a significant amount of renewable electricity is
exported. In contrast, it is negative in November, reflecting the need to
purchase part of electricity and natural gas to meet internal demands.
In addition, the CO2 emissions, associated with energy imports from
the networks, are higher in November. A key outcome is the amount of
renewable energy utilized by the system in the two periods, which is
not injected into the electricity grid. In May, 71% of RES production
is used, while in November nearly all of it is used, reaching 96%.
Furthermore, the amount of gas exchanged with the seasonal storage
facility is displayed, and the fulfillment of the long-term constraints is
highlighted, which are achieved by 100% in both seasons.

While evaluating the control strategy, it is also important to con-
sider the time needed for the algorithms to perform the optimization,
11
Table 2
Values of relevant indicators obtained in the two simulated periods with the seasonal
storage facility for MES 1.

Value May November

Operating margin 12 948 EUR −24 109 EUR
CO2 emissions 2 286 kgCO2

49 019 kgCO2

RES usage 71% 96%
Gas to seasonal storage 189 954 kWh –
Gas from seasonal storage – 92 958 kWh
Long-term constraints fulfillment 100% 100%

to analyze the applicability of the method. For the short-term module,
the optimization procedure takes a few seconds, while it takes more or
less one minute for the long-term optimization. These time intervals are
suitable for a real-time application, demonstrating that the method is
also a tool for real-world applications.

Finally, by performing the same simulations for MES 1, without the
inclusion of the seasonal storage, the results summarized in Table 3 are
obtained. In May, the operating margin is higher than in the case with
the seasonal storage facility (+ 24 169 EUR), since a larger amount
of energy is sold to the networks, instead of being used for storing it,
while the CO2 emissions are slightly lower. Indeed, without the long-
term constraints on the seasonal storage, the system can use a larger
amount of energy internally. In contrast, the opposite situation happens
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Fig. 14. Fulfillment of long-term constraints by MES 1.
Table 3
Values of relevant indicators obtained with and without the inclusion of the seasonal
storage facility for MES 1.

Value With Without Difference

May

Operating margin 12 948 EUR 37 116 EUR + 24 169 EUR
CO2 emissions 2 286 kgCO2

369 kgCO2
−1 917 kgCO2

November

Operating margin −24 109 EUR −38 874 EUR −14 765 EUR
CO2 emissions 49 019 kgCO2

69 051 kgCO2
+ 20 032 kgCO2

in November: without the seasonal storage the operating margin is
lower (- 14 765 EUR), as the gas needed for fulfilling the heating needs
is mainly bought from the network. Indeed, 83% of the thermal needs
are satisfied with gas bought from the network, which is 33% more
compared to the case with the seasonal storage facility. This also leads
to higher CO2 emissions in this period of the year.

A final consideration regards the assumptions made within the
model: as aforementioned, the models used in the controller are linear.
For implementing such control strategy in a real-world case study, the
linear models should be adapted to the behavior of real components
through an identification procedure. Nonetheless, the validation of
the control strategy in a simulated environment showed that it works
successfully, if the algorithms are properly tailored to the case study
considered.

5. Conclusions

Ongoing energy transition is forcing the penetration of non dis-
patchable renewable energy sources, which require increased energy
system flexibility to allow their optimal integration. This flexibility can
be enabled, for instance, by including seasonal energy storage units
that help mitigate the seasonal imbalances between energy production
and demand. Nonetheless, the management of the system obtained
is challenging, as a proper control logic for this type of systems is
influenced by both daily and seasonal dynamics. To overcome these
issues, this work presents a novel hierarchical control architecture,
featuring two Model Predictive Control modules operating at multi-
time and multi-space scales. This architecture was designed within
the context of a case study involving three diverse energy systems,
each incorporating Power-to-Gas solutions for synthetic methane gen-
eration. It demonstrated notable effectiveness in managing a synthetic
methane seasonal storage facility shared among the three systems.
The simulations were conducted during distinct periods of the year,
12
specifically in May and November, and provided valuable insights into
the performance of the system.

The control strategy exhibited remarkable effectiveness in seasonal
storage management. In May, it facilitates the injection of renewable
gas into the storage, taking advantage of surplus renewable energy.
Additionally, by recovering waste heat from the PtG process and uti-
lizing generated renewable gas, a complete decarbonization of the
heating sector is achieved during the simulated period. Conversely, in
November, renewable electricity generation alone proves insufficient
to meet the energy demand of the system. The control architecture en-
ables strategic purchases of electricity and gas from external networks,
optimizing operational costs. Nevertheless, the seasonal storage facility
plays a key role during this period, significantly fulfilling thermal
demand by using gas withdrawn from storage, with only a small portion
met through purchased gas from the network.

The results underscore the effectiveness of the control architecture
in optimally utilizing seasonal storage, effectively managing renew-
able energy generation fluctuations, and ensuring a reliable supply
of renewable energy. The short-term modules effectively apply the
long-term constraints imposed by the supervisory module, achieving
complete fulfillment of such constraints. Moreover, the innovative con-
trol strategy, using a holistic view of the entire system, enables strategic
decision-making regarding energy sales and purchases, considering
market conditions.

In the proposed case study, the long-term supervisory module fo-
cuses solely on seasonal storage management as an annual constraint.
However, further yearly requirements could be integrated into the
long-term module, such as limitations on the maximum quantity of
renewable energy exchanged annually with the grid. The addition of
further constraints is straightforward in the developed algorithm and
could be needed for the incorporation of potential real-world system
requirements over the year.

This study highlights the significance of multi-temporal and multi-
spatial control strategies in energy systems for enhanced sustainability
and efficiency.

In this study, the simulation focused on two distinct periods of the
year, in two different seasons. However, to comprehensively assess
the effectiveness of the control strategy, future studies will aim to
extend the simulation duration to cover longer time periods, potentially
encompassing an entire year. Indeed, by investigating longer time
periods, the practical applicability of the control strategy in real-world
settings could be further evaluated.
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