
Graphical Abstract
Predictive risk-aware control for microgrids: Operation of a revenue-
generating energy management system

Tereza Ábelová, Marek Wadinger, Michal Kvasnica

Revenue
Control

15 
min

1 
min

5. Deployed on 7 µGrids with 
total power of +4 MW, achieving 
+3000 €/µGrid/month revenue.

Risky/Safe
CVaRα

1. CVaRα for flexible risk aversion 
Scenario-based Stochastic MPC, 

suggesting trajectory.

3. Demand-based resource 
scaling and OpEx minimization 

via hybrid cloud deployment.

2. Timely and strategic response 
to price and system variations via 
Deterministic MPC at given risk.

4. Modularity in microgrid assets 
and services to match goals of any 

energy market participant.

…

…

Stochastic MPC

Deterministic MPC 



Highlights
Predictive risk-aware control for microgrids: Operation of a revenue-
generating energy management system

Tereza Ábelová, Marek Wadinger, Michal Kvasnica

• Scenario-based predictive control with adjustable risk aversion for mi-
crogrids.

• Two-stage procedure combining stochastic and deterministic MPC for
efficiency.

• Scalable, modular software architecture for commercial microgrid de-
ployments.

• Validated in operation, achieving over 3000 e/month through revenue
stacking.
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Abstract

Economically sustainable operation of microgrid systems helps with transi-
tion of energy sector towards renewable energy sources. This paper presents
a comprehensive energy management framework for microgrids, integrating
advanced control methodologies with practical deployment considerations.
The proposed framework employs a layered control structure, with a focus
on the energy management layer that utilizes a scenario-based model predic-
tive control (MPC) approach to address uncertainties using a risk measure in
microgrid systems. A novel two-stage MPC method is introduced to enhance
computational efficiency, combining stochastic and deterministic MPC. The
software architecture is designed for scalability, consciously manages cloud-
based resources for computationally demanding tasks while maintaining local
control for real-time operations. The framework supports modular microgrid
composition, revenue stacking, and delivers profit generation by optimizing
multiple revenue streams, including energy arbitrage, peak-shaving, and im-
balance settlement. The framework is validated through a case study of a
commercial microgrid with photovoltaic power plant accompanied by a large-
scale battery energy storage, demonstrating significant economic benefits and
operational reliability. The results highlight the framework’s competence to
make microgrid operation profitable.
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1. Introduction

The energy management systems (EMS) are central to the operation of
microgrids, serving as the interface between process control and information
engineering. This paper focuses on two key aspects of EMS design: (1) the
development of control algorithms to optimize energy flows and meet opera-
tional objectives, and (2) the practical implementation of the EMS software
architecture to ensure reliable and scalable deployment. Model predictive
control (MPC) is the most suitable approach for addressing challenges like
cost optimization, renewable energy integration, and uncertainty manage-
ment while adhering to system constraints. At the same time, EMS de-
ployment requires addressing practical aspects regarding execution platform,
data handling, or real-time communication. By combining these perspec-
tives, the proposed framework connects theoretical advances in control with
the practical requirements of operational microgrids, ensuring adaptability
to dynamic environments and compatibility with market and grid needs.

Microgrids that integrate battery energy storage systems (BESS) and
renewable energy sources (RES) are vital for the transition of the energy
sector. As renewables expand and increase variability in power networks, ef-
fective microgrid control is essential for maintaining balance and supporting
broader grid stability. Economic aspects are also crucial, ensuring that mi-
crogrid operation is not only sustainable but financially viable for operators
and stakeholders. An important aspect of EMS offered as Microgrid Control
as a Service (MaaS) is to be a profit-generating service provider. Managing
multiple unique microgrids requires modularity and scalability, with benefits
shared between both the microgrid and the provider. In addition to oper-
ational costs, the control architecture and computational resources must be
considered so that the EMS remains profitable while keeping computing costs
in check.

1.1. Current state of research
The integration of renewable energy sources and battery storage systems

into microgrids has been extensively studied to enhance sustainability and
operational efficiency. Model predictive control has emerged as a prominent
strategy for managing energy flows within these systems, particularly under
the constrained environment, multiple control objectives, and uncertainties
inherent in RES outputs and load demands.
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Several studies have explored MPC-based approaches for microgrid en-
ergy management. Deterministic MPC methods, which do not explicitly
consider uncertainty, have been widely studied. For instance, in [1], an eco-
nomic MPC framework is proposed for optimizing energy exchange between
a residential microgrid and the main grid. The objective function consists of
minimizing electricity costs and battery usage costs. However, disturbances
in generation and load are only handled within the receding horizon frame-
work without explicitly modelling uncertainty. Moreover, the approach is
evaluated only in simulations with a long sampling period (1 hour), making
it impractical for real-time operation in microgrids with power fluctuations
occurring on a second-to-minute scale. Similar deterministic approach was
taken in [2], where problem combines two objectives: price arbitrage and
schedule deviations, while incorporating battery degradation model in en-
ergy management.

Robust optimization techniques aim to handle uncertainties conserva-
tively. In [3], a multi-stage robust optimization approach is proposed for
shared energy storage management across multiple microgrids. The method
ensures operational reliability while balancing cost efficiency. However, ro-
bustness can lead to overly conservative decisions, potentially reducing eco-
nomic benefits. Unlike conventional robust optimization, risk-averse formu-
lations such as [4] employ Conditional Value at Risk (CVaR) to provide an
adjustable level of conservatism. This approach minimizes exposure to ex-
treme financial losses rather than purely optimizing for the worst case, allow-
ing for a more balanced trade-off between risk and profitability. Nonetheless,
its implementation updates control decisions only every 30 minutes.

Stochastic MPC methods explicitly incorporate forecast uncertainty into
decision-making through scenario-based optimization. In [5], a stochastic
MPC approach is proposed for grid-connected microgrids with electric vehi-
cles (EVs) with uncertainty in number of EVs and their state of charge. The
study approximates the stochastic features by using a multi-scenario sam-
pling approach. However, like many existing frameworks, this study employs
a 15-minute control update, which is insufficient for microgrids providing en-
ergy services such as imbalance settlement. Instead of uncertainty in power
generation/consumption, work in [5] considers uncertainty in battery state
and timing of electric vehicles (EV) within microgrid and proposes a two-layer
multi-scenario MPC, where the upper layer optimizes the overall economics
and cost reduction, the lower layer focuses on power allocation for individual
EVs. Computational and economic efficiency is demonstrated only in simu-
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lations. A two-layered control hierarchy is also adopted in [6], with a slower
high-level layer computing optimal reference for a faster low-level layer ad-
dressing uncertainty in load and PV power. The proposed scenario-based
MPC verified in a lab-scale nanogrid outperforms both a chance-constrained
MPC and a rule-based EMS.

Several studies integrate multi-objective and multi-layer control frame-
works. In [7], a multi-objective stochastic optimization model is presented
for microgrids with energy storage and diesel generators, transforming the
problem into a single-objective optimization using a weighted sum approach,
but also working with 1-hour average powers. A two-layer stochastic multi
agent framework is proposed in [8], where a high-level control unit manages
nominal forecasts of photovoltaic production and load consumption while a
low-level stochastic MPC operating with higher frequency refines optimal
decisions based on real-time disturbances. Similarly, in [9], stochastic MPC
with CVaR is employed to optimize battery storage participation in elec-
tricity markets while balancing profitability, financial risks, and degradation
costs.

A more market-oriented perspective is considered in [10, 11], where a risk-
averse aggregator utilizes CVaR-based optimization formulated as a mixed-
integer linear program (MILP) to provide multiple services, including reserve
markets and imbalance settlements. However, the study focuses on storage-
only systems, without considering renewables or uncertainty in power gener-
ation. In [12], a standalone storage is optimized for price arbitrage under un-
certainty using both robust and chance-constrained decision-making. While
this approach enhances market adaptability, it does not integrate microgrid
operation as a whole, limiting its applicability in practical settings.

The objective of the microgrid control problem is most commonly for-
mulated as a cost reduction, which includes minimizing energy procure-
ment costs from the grid complemented with battery degradation ex-
penses [12, 3, 1]. Other key objectives include reducing peak demands and
flattening the load profile [13, 14], minimizing the grid bidirectional exchange
regardless of the price [15], or minimizing imbalance deviations. However,
when addressing the imbalance, many studies overlook the fact that not all
energy deviations incur penalties. Few approaches actively take advantage of
the imbalance pricing by strategically positioning the system out of balance,
as seen in [16, 9, 10]. In addition to economic considerations, some works
incorporate environmental impact by integrating pollutant treatment cost
models into the optimization framework [7, 17].
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Despite these advancements, existing approaches often face limitations in
modularity, scalability, and practical implementation under real-world con-
ditions. Results are demonstrated in simulations only or with experiments
in a laboratory [6], thus not facing problems with deployment and long-term
operation. Many frameworks are designed for a particular application with
a single revenue stream and with a pre-defined microgrid composition of se-
lected assets, lacking generality and versatility. The business perspective
of such solutions is also an attribute we find important to consider. Addi-
tionally, the computational complexity of some stochastic and robust MPC
methods can impede their real-time execution, especially in systems with
limited processing capabilities.

Extensive exploration has been conducted on deep learning techniques,
where the objective is not to surpass MPC but to imitate its behavior through
learning to overcome the computational burden, demonstrated with a single
revenue stream in [15, 18]. Recent work employs deep learning for forecast-
ing and a MILP model for real multiple revenue stream cases in [19], though
the hourly control updates limit applicability for current 15 minute intra-
day trading and microgrids requiring real-time control to meet the strategic
objectives.

Energy management systems provide the framework for deploying ad-
vanced control strategies like MPC in real-time microgrid control. While
control methodologies, economic optimization, and cloud-based infrastruc-
ture have been widely studied independently, their integration presents sig-
nificant challenges. The practical aspect of large-scale EMS deployment, cre-
ating cost-efficient architectures that provide long-term value across various
microgrids, remains an open challenge.

Conventional local deployment approaches require dedicated control units
for each microgrid, enabling real-time control with minimal latency. Never-
theless, this approach introduces tradeoff between advanced control capabil-
ities and significant upfront hardware investments [20]. While local deploy-
ment ensures operational autonomy in islanded mode, the economic burden
of distributed hardware limits its viability for large-scale microgrid networks,
which are subject to energy market fluctuations.

Hierarchical architectures are widely adopted due to their ability to sep-
arate long-term planning from real-time operational control [21]. The pro-
posed EMS comprises a two-level hierarchical control structure, with local
controllers at microgrid level, and a supervisory control at the main-grid
level [22]. A two-layer MPC approach has been proposed for hydroelectric
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power management [23], demonstrating how predictive control strategies can
be implemented in real-time microgrid control. Similarly, Wu et al. [24]
present a hierarchical online EMS using fuzzy logic-based controllers for res-
idential microgrids with hybrid hydrogen-electricity storage systems, where
decision-making is decoupled by different operating frequencies to handle
both seasonal and daily energy allocation.

Hybrid architectures combine predictive optimization with reliability.
Rule-based logic with reinforcement learning is used in multi-stack and multi-
energy configurations [25]. Neural network-based EMS framework have also
emerged for real-time scheduling and control across multiple timescales, effec-
tively managing operational complexity in integrated systems [26]. Recent
co-optimization frameworks demonstrate how sizing, scheduling, and EMS
logic can be aligned across physical and virtual layers, improving maintain-
ability and economic performance in heterogeneous deployments [27]. De-
spite these advancements, existing EMS frameworks rarely address deploy-
ment overheads, cost-efficiency, or the architectural scalability required for
revenue-generating microgrid networks.

While centralized architectures offer superior optimization capabilities,
distributed and decentralized approaches have also been proposed to enhance
scalability. A decentralized market-based approach is presented in [28], where
real-time optimization dynamically adjusts microgrid operations based on
evolving forecasts. However, this approach assumes that frequent forecast
updates are sufficient to address uncertainty, overlooking scenarios where
poor forecast quality could lead to significant economic losses regardless of
update frequency. An energy management combining day-ahead planning
for individual microgrids and cooperative optimization across the microgrid
cluster is proposed in [29].

The shift toward cloud-based architectures has further influenced EMS
implementations. Cloud computing enables scalable optimization and asset
flexibility while minimizing capital expenditures (CapEx) for microgrid op-
erators [30]. The synchronization and horizontal scalability to the number of
assets and operators is achieved by clustering brokers and specifying commu-
nication streams reflecting the desired level of isolation and redundancy [31].
Furthermore, modular EMS architectures enhance adaptability across dif-
ferent microgrid configurations. The work in [32] demonstrates the benefits
of a modular software framework, allowing efficient replication across differ-
ent building energy systems, while also ensuring robustness against modeling
errors.
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1.2. Contributions
Despite extensive prior work, a clear gap remains: there is no end-to-end,

deployable EMS framework that simultaneously (i) integrates risk-aware,
revenue-stacking MPC suitable for heterogeneous microgrids, (ii) guaran-
tees sub-minute receding-horizon updates using non-proprietary solvers, (iii)
scales across diverse asset compositions via modular abstractions, and (iv)
explicitly optimizes operational expenditures through dynamic cloud re-
source allocation with quantified cost models. Existing studies typically
cover only subsets of these needs—e.g., control algorithms without deploy-
ment economics, scalable cloud stacks without real-time MPC guarantees, or
simulation-only validations without multi-site operational evidence.

A particularly important shortcoming of prior MPC-based EMS ap-
proaches is that they almost exclusively generate day-ahead schedules with
coarse temporal granularity. These schedules assume constant power deliv-
ery over long intervals, which ignores the fact that generation and demand
fluctuate almost instantaneously. As a result, existing methods may appear
optimal in aggregated energy terms but lack validation how it would perform
in dynamic operating environment.

To close this gap, we propose a hybrid EMS architecture that couples
a two-stage, CVaR-based MPC with a cloud-edge deployment that dynami-
cally allocates compute to workload intensity (FaaS for frequent low-latency
dMPC, CaaS for infrequent higher-duration sMPC). This design achieves
sub-minute control with computational feasibility at commercial scale while
minimizing OpEx. The framework has been deployed across several indus-
trial microgrids, demonstrating reliable real-time operation, scalable multi-
site provisioning, and measurable profitability for operators and providers.

The key contributions are namely as follows:

1. Profit-generating control scheme for microgrid energy man-
agement incorporates the model of the broader energy ecosystem,
encompassing power networks, energy markets, balance markets, and
energy suppliers, to identify and exploit economic opportunities with
modular revenue stacking. Uniquely, our control strategy actively gen-
erates profit by exploiting multiple revenue streams including imbalance
settlement opportunities that are often overlooked in existing literature.

2. Modular framework for versatile microgrid compositions: ex-
tends to various functionalities such as price arbitrage, peak-shaving,
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and imbalance settlement. Unlike existing work, our framework sup-
ports easy configuration of functionalities and assets, which can be
added or removed without altering the overall structure, allowing the
EMS to be adapted to different setups ensuring flexibility and scalabil-
ity.

3. Novel risk-aware MPC methodology for uncertainty manage-
ment: addresses inherent uncertainties in renewable generation, load
demands, and market conditions, while enhancing the computational
efficiency compared to robust MPC. Real-time decision-making re-
mains feasible within the complex microgrid environments while main-
taining minute-level response.

4. Software architecture with cost consideration: resolves financial
challenges of implementing EMS as a service in real-world microgrids.
We address communication between control layers and real-time data
handling, while considering the scalability and operational costs of EMS
provisioning across multiple microgrids, ensuring its economic viability
as a MaaS.

5. Deployment and validation in commercial and industrial facil-
ities: demonstrate effectiveness of our solution in managing multiple
mid- to large-scale energy assets, with results showing significant eco-
nomic benefits arising from the developed energy management system,
proving practical viability of this contribution.

2. Microgrid energy management system

2.1. Outline
In this paper, we define a microgrid as a behind-the-meter energy sys-

tem—a local, small-scale network of electricity sources and loads that main-
tains connection to the main power grid. Microgrids can incorporate various
power generation sources, including renewable energy systems (such as pho-
tovoltaic panels and wind turbines), conventional generators, energy storage
systems, and both controllable and non-controllable loads. Their primary
function is to manage energy production, consumption, and storage in a
manner that ensures reliable and efficient operation while minimizing costs.

The operation of microgrids is predominantly driven by economic
considerations—microgrids interact with energy and balance markets, en-
ergy suppliers and grid operators. This environment enables revenue stack-
ing from various sources. These streams include price arbitrage (using more
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energy when it is inexpensive and less when it is costly), peak shaving (re-
ducing peak loads to lower demand charges), renewable energy utilization
and self-consumption (maximizing on-site renewable energy use), and im-
balance settlement (minimizing deviations from schedules or capitalizing on
imbalance pricing).

Effective management of energy assets within the microgrid is the respon-
sibility of the operator, who must optimize operations to fulfil all required
functionalities. This involves decision-making across multiple timescales.
For instance, participation in energy markets requires planning several days
in advance, whereas the rapid dynamics of power electronics require real-
time control. A similar layered approach to decision-making aligns with the
methodologies discussed in [33].

2.2. Control hierarchy
The comprehensive energy management system is structured into four

decision-making layers, all summarized in Table 1. Each layer is responsible
for specific tasks, operates at different timescales, and considers different
scopes. Output from one layer serves as the input to the next. The control
hierarchy with data flows is illustrated in Figure 1.

2.2.1. Business layer
The uppermost layer, the business layer, operates on a timescale of

months to years. This layer determines the goals (e.g., saving costs or reduc-
ing carbon emissions) and functionalities (e.g., price arbitrage or maximizing
self-consumption) the microgrid should pursue, considering external condi-
tions, contractual agreements with energy providers, and the composition of
the microgrid. Business layer can make strategic decisions about the micro-
grid structure (e.g. BESS nominal capacity and maximum power output,
Enom and P bat). Decisions made at this level are subject to approval by a
business entity such as a customer, operator, or stakeholder. The outputs of
this layer define the objectives for the next—the energy management layer.

2.2.2. Energy management layer
The energy management layer focuses on real-time decisions regarding

the energy quantities allocated to each group of assets. This layer operates
with a predictive horizon of hours to days, considering energy quantities with
intermediate granularity. The model predictive control is preferable strategy
due to its ability to optimize a schedule over time while respecting operational
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Table 1: Control hierarchy in the microgrid energy management system, output from one
layer serves as the input to the next. Main scope of this paper is the energy management
layer.

Business layer Energy man-
agement layer

Power man-
agement layer

Device con-
trol layer

Role Define goals
and functionali-
ties

Optimize en-
ergy flows

Distribute
power setpoints,
SoC balancing,
fallback mode

Execute power
commands

Inputs Microgrid pa-
rameters, con-
tractual agree-
ments

Forecasts, ob-
jectives, real-
time measure-
ments

Energy sched-
ule, real-time
measurements

Power setpoints
from upper lay-
ers

Outputs Objectives for
energy manage-
ment

Optimal en-
ergy schedule
for each asset
group

Power setpoints
for individual
devices

Voltage and
current regula-
tion

Controller Informed expert
decision

Model predic-
tive controller

Rule-based con-
troller

PID controller

Timescale Days to years Minutes to
hours

Seconds Milliseconds

constraints to ensure safe operations. MPC can directly integrate models and
parameters of various microgrid assets, making it a robust choice for this
decision layer. The proposed MPC-based methodology, detailed further in
Section 2.4, serves as the foundation for this layer. It aims to allocate energy
quantities with a granularity of minutes, typically aligning with 15-minute
billing settlement periods. Decisions are computed in real-time with frequent
updates, ranging from seconds to a few minutes, depending on computational
resources.

This layer processes inputs such as the business layer’s objectives, param-
eters of microgrid components, current measured states, and forecasted states
over the prediction horizon. Its output is an energy schedule for the upcoming
hours, consisting of an array of optimal power setpoints (e.g. power demand
for all BESS units, Pbat). From this array, the first setpoint is forwarded to
the secondary control layer for execution.
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2.2.3. Power management layer
The role of secondary control layer, or power management level, is to

validate and distribute the setpoints received from the energy management
layer. It is necessary for this layer to operate with a faster rate than the en-
ergy management layer, typically in the range of seconds. Tasks at this layer
are often handled with the rule-based controllers. Operating on a timescale
of seconds, this layer addresses fast microgrid dynamics and ensures that
operational limits are maintained.

Additionally, this secondary layer handles the disaggregation of power
setpoints for asset groups into commands for individual units. For example,
it may distribute power among NB BESS units (P i

bat ∀i ∈ {1, . . . , NB}) or PV
arrays with multiple inverters if present. This approach maintains scalability
while keeping the computational complexity at the energy management layer
constant. The secondary layer also manages the state of charge (SoC) balance
among storage units through appropriate power allocation.

Because the EMS relies on a cloud-based architecture, this layer runs on-
site and serves as a fail-safe in case of network outages or loss of connectivity.
In such events, the system automatically switches to a rule-based fallback
mode that continues to enforce safe operation of the microgrid, albeit without
the optimality provided by the higher-level MPC. This mechanism ensures
that supply-demand balance and protection limits are maintained even under
communication failures. The specific design of the reactive control logic is
implementation-dependent and therefore not detailed here.

2.2.4. Device control layer
At the device level, individual power commands are executed by primary

controllers. These controllers, embedded in the devices, regulate the output
voltage and current of power electronic converters, typically using PID con-
trol. Operating with millisecond-level resolution, this layer ensures precise
adherence to the power references provided by the upper layers.

2.3. Microgrid model
Microgrid components are categorized into four asset groups, which are

connected to single microgrid AC bus, the scheme is illustrated in Figure 2:

• Energy sources: These units generate power, in this paper the focus
is on renewable energy sources such as photovoltaic systems and wind
turbines. Their output power, denoted as PRES, is fully dependent
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Business
layer

Energy management
layer

Power management
layer

Device control
layer

Microgrid
as a whole

Groups of assets

Individual assets within a group

Individual devices within an asset

Objective: J, static parameters, e.g.: Enom, Pbat

Real-time group setpoints, e.g.: Pbat

Real-time individual setpoints, e.g.: Pibat ∀i

Figure 1: Control hierarchy in the microgrid management system, which operates across
four nested scopes.
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Pdch – Pch

–Pload + Padj

PRES – Pcurt

Pimp – Pexp

microgrid
AC bus

Figure 2: Scheme of a microgrid with four distinct asset groups.

on external conditions. The power injected into the microgrid can be
managed, expressed as PRES−Pcurt, where Pcurt represents the curtailing
action under our control.

• Loads: The energy-consuming units, in microgrids we recognize con-
trollable and non-controllable load, together denoted Pload. Control-
lable load can be adjusted within given limits by the action command
Padj. Non-controllable load is assumed to be inflexible and must be
fully supplied.

• Storages: These units can act as power consumers when charging
(Pch) or power suppliers when discharging (Pdch). In addition to power
variable, they are also described by the internal state of the energy level
E.

• Utility grid: This is the connection between the microgrid and the
main power network. Grid import (Pimp) represents power taken by
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the microgrid, while grid export (Pexp) represents power feed-ins to the
main grid.

Each asset group may contain multiple units. For the purposes of the model
predictive controller in the energy management layer, these units are aggre-
gated and treated as a single entity.

All components are connected to the microgrid’s AC bus. DC-based units,
such as PV arrays and battery storages, interface with the AC bus through
inverter devices responsible for power conversion. These inverters enable the
energy management system to directly manipulate their output power.

2.3.1. Power balance
The microgrid operates under the principle of energy conservation, which

requires a balance between production and consumption to be maintained at
every time step k. This is expressed by the power balance equation, which
binds all power flows within the microgrid and the exchange with the main
grid:

Pimp(k)+Pdch(k) + PRES(k) + Padj(k) =

Pexp(k) + Pch(k) + Pload(k) + Pcurt(k). (1)

Power generation terms are on the left-hand side, power consumption on
the right-hand side. The actual power production from renewable sources is
expressed as PRES(k) − Pcurt(k), while the actual load is Pload(k) − Padj(k).
Term Padj is negative when it is intended to increase the consumption. Note
that the energy that was intended to be used but was not is interchangeable
with the energy produced, so it stands on the left-hand side of the equation.

2.3.2. Energy storage system
Energy storage systems offer the highest flexibility within a microgrid,

as they can operate across the full range from energy supply to withdrawal,
constrained only by their maximum power capabilities. The state of charge,
representing the storage’s energy level, imposes additional constraints on
the decision variables and dynamically links consecutive time intervals. The
discrete battery model describing the evolution of the SoC under charging
and discharging operations is expressed as:

E(k + 1) = E(k) + ∆T
(
ηchPch(k)−

1

ηdch
Pdch(k)

)
, (2)
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where the energy level E is bound:

β Eavail ≤ E(k) ≤ β Eavail . (3)

The battery model is characterized by the following parameters: maximum
charging and discharging power limits P ch, P dch, charging and discharging
efficiencies ηch, ηdch < 1, minimum and maximum allowable SoC levels β, β ∈
[0, 1], nominal energy capacity Enom, and state of health S ∈ [0, 1]. State
of health (SoH) is a measure of the battery available capacity relative to its
nominal value, which degrades over time due to aging and cycling effects.
The relation between the nominal, available energy, and SoH is given by
Eavail(k) = S(k) · Enom. Because the change in S is a slow process, during
the prediction horizon the measure is treated as a constant.

The decision variables Pch and Pdch are interdependent, as simultaneous
charging and discharging must be avoided. This condition is enforced using a
complementary constraint Pch(k) · Pdch(k) = 0, which can be modeled using
additional binary variables, δch, δdch ∈ {0, 1}, resulting in a mixed-integer
linear program:

0 ≤ Pch(k) ≤ δch(k)P ch, (4a)

0 ≤ Pdch(k) ≤ δdch(k)P dch, (4b)
δch(k) + δdch(k) ≤ 1. (4c)

In the simple linear programming (LP) formulation, the complementary con-
dition is removed:

0 ≤ Pch(k) ≤ P ch, (5a)

0 ≤ Pdch(k) ≤ P dch. (5b)

Our methodology employs both MILP and LP formulations, as discussed
in Section 2.4. The often seen assumption that simultaneous charging and
discharging will not occur is either not true or valid only under certain con-
ditions [34]. We aim to provide a methodology that utilizes the simplicity of
the relaxed formulation while decisive actions are computed using the exact
battery model.

2.3.3. Controllable load/source
The microgrid may include assets that offer some, but not full, flexibility

in power management by allowing controlled adjustments to their output or
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consumption. These assets include renewable energy sources and controllable
loads, which can be regulated to achieve operational objectives.

The power output of renewable energy sources PRES represents the maxi-
mum available power. Due to operational or grid constraints, a portion of this
power can be curtailed, expressed as the reduction variable Pcurt. Then the
actual power in the microgrid is PRES(k)−Pcurt(k). The following constraints
ensure the feasibility of Pcurt:

0 ≤ Pcurt(k) ≤ PRES(k). (6)

Here, Pcurt cannot exceed the power PRES, as it represents a portion of the
available renewable generation that can be curtailed.

Similarly, with controllable load, which refers to flexible consumption
units whose demand can be reduced or increased when necessary, the variable
is Pload and the adjustment in controllable load is managed through the
variable Padj. Then the realized load demand is the difference Pload(k) −
Padj(k). The constraints for Padj are given by:

P adj(k) ≤Padj(k) ≤ P adj(k), (7a)
Padj(k) ≤ Pload(k), (7b)

where limits P adj, P adj keeps the controlled variable aligned with the micro-
grid capabilities, while second constraint ensures that the reduction does not
exceed the load.

2.3.4. Utility grid
Between the microgrid and the main utility grid is bidirectional power

flow referred to as import and export. The power exchange is determined as
part of the optimization process in the energy management system, balanc-
ing the microgrid’s internal generation, consumption, and storage to achieve
cost efficiency and operational reliability. The imported power Pimp is the
quantity that the microgrid pays for (unless the prices are negative), while
the exported power Pexp represents the power supplied to the grid, associated
with remuneration (or expense in case of negative prices).

To ensure compliance with grid connection limits and operational con-
straints, the power exchange with the utility grid is subject to the following
bounds:

0 ≤ Pimp(k) ≤ P imp + ϵimp(k), (8a)

0 ≤ Pexp(k) ≤ P exp + ϵexp(k), (8b)
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where P imp and P exp are the maximum import and export limits, respec-
tively, imposed by the utility grid operator. The limits are softened with
non-negative slacks ϵimp, ϵexp to convey that limits are not hard, but the vi-
olation is associated with the penalty qimp and qexp for import and export,
respectively.

Microgrids which have responsibility for thier imbalance are required to
submit their planned energy schedule to the grid operator a day in advance.
They are then responsible for any deviations between the scheduled and
actual energy withdrawal or injection.

The imbalance settlement—usually considered as an obligation for energy
consumers/producers—also offers the opportunities. Imbalance management
typically aims to minimize deviations from the scheduled energy profile to
avoid penalties, but with a predictive framework it is possible to take the
advantage of the imbalance pricing mechanism. The mechanism depends on
the interaction between the system imbalance (total imbalance in the bal-
ancing area of the utility grid) and the responsible party, here the microgrid.
For example, when the utility grid in the balancing area is in surplus, the
responsible parties must pay for increasing the surplus but are compensated
for being in the shortage. Conversely, when the system is in the shortage,
contributions toward surplus are incentivized. The sign and magnitude of
the imbalance prices determine the flow of costs or incentives, enabling con-
trol strategies to optimize microgrid operations for economic benefit while
maintaining the system balance.

The scheduled profile is denoted as PDA, representing the day-ahead dia-
gram, known for every time step k. The deviations from the schedule result
in either a power shortage or surplus, defined as follows:

Pshort(k) = max
(
0, Pimp(k)− Pexp(k)− PDA(k)

)
, (9a)

Plong(k) = max
(
0, PDA(k)− Pimp(k) + Pexp(k)

)
. (9b)

The variable Pshort quantifies the shortage in energy delivery relative to the
schedule, while Plong represents the surplus energy delivered beyond the
scheduled amount. Both terms are non-negative by definition. Relations
defined in (9) are included in the optimization problem in the following lin-
ear form:

Pshort(k)− Plong(k) = Pimp(k)− Pexp(k)− PDA(k), (10)

where only PDA is known, while the other terms are decision variables.
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2.3.5. Costs and revenues
The microgrid revenue model is multifaceted, encompassing both the costs

and opportunities associated with external power systems, such as balance
markets, grid operators, and energy suppliers, as well as the internal costs
related to asset operations. The objective is to maximize the total profit
defined as a difference between the revenues and costs.

Each action and power flow within the microgrid is associated with a
corresponding cost. For power exchange with the utility grid, the costs are
cimp, cexp, cshort, and clong for energy import, export, shortage, and surplus,
respectively. Variable costs over time enable the controller to perform price
arbitrage, where low market prices signal that grid has a surplus of energy,
motivating increased energy draw at cheaper rates. Peak-shaving functional-
ity and maintaining grid exchange within the limits is achieved by penalizing
the violations ϵimp and ϵexp.

Storage charging and discharging actions are evaluated with parameters
cch and cdch, accounting for capacity degradation due to cycling. Similarly,
actions of curtailing renewable energy and adjusting controllable load are
evaluated with costs ccurt and cadj. Adjusting cost coefficients allows prioriti-
zation of maximizing self-consumption of renewable energy over grid power.

The total profits to be maximized are a linear function of cost coefficients
and power flows. This approach allows revenue stacking, with the controller
dynamically prioritizing functionalities based on changing conditions.

2.4. Model predictive controller
The widely used model predictive controller serves as the core of the

energy management layer for decision-making in this study. In highly volatile
environment where forecasts are uncertain, conventional deterministic MPC
(dMPC) is not sufficient. A robust MPC, when there is a large uncertainty,
is too conservative. Stochastic MPC (sMPC) appears as the best middle
course, but it is computationally time-consuming, especially when using non-
commercial solvers. These existing approaches fail to achieve the desired
tradeoff between risk-awareness and computational speed.

To efficiently address uncertainties while meeting the requirement for fast
control, a risk-aware methodology with two-stage optimization process was
developed to reduce the computation time. This methodology was built upon
our previous work, firstly proposed in [35], where computational times were
compared to purely stochastic MPC. In this paper, it has been extended with
a more general model that includes controllable load, imbalance settlement
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and day-ahead diagram, and updated with parallelization of processes to
reduce the computation burden even more.

In general scenario-based stochastic MPC, control actions are determined
by solving a single optimization problem that incorporates multiple uncer-
tainty realizations. However, when applied to non-linear models, the com-
putational effort scales poorly with the number of scenarios, making it im-
practical for real-time applications. To address this scalability challenge,
our method employs a two-stage approach: first, a scenario-based stochastic
MPC is solved using a relaxed linear model, which significantly reduces com-
putation time while still capturing the essential stochastic properties. From
this solution, the scenario corresponding to the desired risk level is identified.
In the second stage, a deterministic MPC problem is solved to determine the
binding actions using the full non-linear model with the identified single sce-
nario, thereby achieving faster computations while capturing the uncertainty.
The second stage is therefore an approximation of stochastic MPC, but com-
puted in shorter time. The scheme in Figure 3 compares the time scales of
the discussed approaches, highlighting the efficiency gains of our method.

time

a) pure stochastic 
   MPC 

b) MPC with two 
   stages in series

c) MPC with two 
    stages in parallel

validity of α-scenario

validity of actions

sMPC with full model

sMPC with relaxed model dMPC with full model

Figure 3: Compared approaches, blocks represent the computation time, red star denotes
timestamp of measurement and green circle denotes applying of optimal control actions.
This paper employs the approach c), where the time between measurement and applied
control, as well as the update frequency is the shortest.

The ultimate problem to be solved is defined as maximization of expected
profit in the worst set of scenarios, subjected to the non-linear model of the
microgrid. In the next section, both models are derived: the non-linear
deterministic MPC and the relaxed stochastic MPC. The full two-stage pro-
cedure then combines both approaches to get an approximated solution, but
in limited time.
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2.4.1. Deterministic MPC formulation
The section starts with defining the variables necessary for MPC notation

and builds up towards scenario optimization. Description of the general
microgrid instance that allows modularity includes the following arrays:

• State (E): the energy level of the storage.

• Controls (u): power flow of controllable assets and power exchange
with the main power grid.

• Uncertainties (w): parameters where only the estimation is
available—expected power production and consumption.

• Parameters (p): parameters perfectly known, e.g. day-ahead dia-
gram, limits, efficiencies.

• Costs (c): cost coefficients, e.g. grid import costs, battery usage costs.

• Slacks (e): constraint relaxation variables, e.g. for softening the bat-
tery state limits, grid limits.

• Weights (q): penalty coefficients for slack variables.

The controller focuses on maximizing the total profit J of microgrid oper-
ation over the prediction horizon, split into N steps. The objective function
encompasses all operating costs, revenues, and penalties, where each control
action (battery usage, power modification of controllable assets, energy flow
to/from grid) is associated with its cost and the sign (positive for revenues,
negative for costs), forming a linear function

J =
N−1∑
k=0

(
∆T c(k)⊤u(k)− q(k)⊤e(k)

)
, (11)
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which is to be maximized in the MPC formualtion:

max
E,u,e

N−1∑
k=0

(
∆T c(k)⊤u(k)− q(k)⊤e(k)

)
(12a)

s.t. E(k + 1) = E(k) + ∆T
(
ηchPch(k)−

1

ηdch
Pdch(k)

)
, (12b)

β Eavail ≤ E(k) ≤ β Eavail , (12c)
E(0) = et, w(0) = wt , (12d)
δch(k) + δdch(k) ≤ 1 , (12e)
δch(k), δdch(k) ∈ {0, 1}, (12f)
u(k) ∈ U , (12g)
e(k) ∈ R≥0. (12h)

The MPC framework aims to maximize the total profit (12a) while ensuring
adherence to battery dynamics (12b), state constraints (12c), and initial
states (12d). Exact battery model with the complementary rule is enforced
with binary condition (12e). Other bounds on control actions including the
limits and power balance equation are here noted as constraint set U .

The optimization runs in a receding-horizon manner. At each time step,
the entire sequence of optimal control actions u⋆(k) for all k ∈ {0, . . . , N−1}
is computed, from which the control actions in u⋆(0) are applied. During
∆T (0), the process is repeated with updated measurements et, wt and new
forecasts, ensuring continuous adaptation to changing conditions.

2.4.2. Stochastic MPC formulation
To account for the uncertainties inherent in microgrid operations, such

as fluctuating renewable generation and varying load demands, we adopt
a stochastic approach. This framework relies on generating multiple sce-
narios to represent potential realizations of uncertain variables, indexed by
s ∈ S = {1, . . . , NS}. These scenarios allow the optimization to consider a
range of outcomes, leading to decisions that are robust yet adaptive to uncer-
tainty. The optimized variables E(s, k), u(s, k), and e(s, k) may vary across
scenarios, whereas parameters such as p(s, k), costs c(s, k), and weights
q(s, k) remain the same for all scenarios.

Forecasts and scenario generation for uncertain parameters w(s, k) are
required, but not restricted to any specific method. In this work, scenar-
ios are generated from forecasted confidence intervals of uncertain parame-
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ters (e.g., PV generation, load demand). The bounds wlb(k) and wub(k) at
each time step k are obtained from a probabilistic forecasting model trained
to produce confidence intervals at a specified percentile level, adopting the
ensemble-based approach proposed by [36]. Each scenario w(s, k) is then
constructed as a convex combination of these bounds, with an additional
Gaussian perturbation to capture short-term variability:

w(s, k) = λwub(k) + (1− λ)wlb(k) + ν(k), (13)

where λ ∼ N (µ, σ2
λ) is a random weight centered at µ = 0.5 and scaled

such that a fraction of scenarios fall outside the forecast interval, and
ν(k) ∼ N (0, σ2

ν(k)) is a zero-mean noise term estimated from historical data.
Scenario generation is independent of the forecasting model itself, which only
provides the point prediction and associated confidence bounds.

At the first step, non-anticipatory constraints enforce consistency across
scenarios:

u(i, 0) = u(j, 0) ∀i, j ∈ S, i ̸= j. (14)

A purely robust approach that assumes the worst case leads to conserva-
tive decisions. To avoid this, we incorporate the Conditional Value at Risk
(CVaR), which quantifies the expected profit in the worst-case tail of the
distribution and provides a tunable level of risk aversion via the parameter
α ∈ [0, 1]. In our setting, CVaRα is the expected profit over the worst α
fraction of scenario outcomes, allowing a balance between risk tolerance and
performance. The parameters NS (number of scenarios) and α (risk aversion)
thus offer flexibility: larger NS improves the representation of uncertainty at
higher computational cost, while smaller α values yield more conservative
decisions. For implementation, we adapted the convex linear programming
formulation of CVaR originally proposed in [37]. The complete derivation
and the optimization model are provided in Appendix A.

The resulting stochastic MPC formulation maximizes risk-adjusted profit
represented by CVaR measure while satisfying system dynamics and relaxed
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constraints

max
E,u,e,y,z

CVaRα

(
y, z

)
(15a)

s.t. E(s, k + 1) = E(s, k) + ∆T
(
ηchPch(s, k)−

1

ηdch
Pdch(s, k)

)
, (15b)

β Eavail ≤ E(s, k) ≤ β Eavail , (15c)
E(s, 0) = et, w(s, 0) = wt, (15d)
u(s, k) ∈ U , (15e)
e(s, k) ∈ R≥0 , (15f)
z(s) ≥ y − J(s) , (15g)
z(s) ≥ 0 . (15h)

All constraints except bounds on control actions are implemented as soft to
ensure the feasibility of the problem. This framework not only accounts for
uncertainties but also provides a mechanism to tune the system’s operation
based on risk preferences and available computational resources. It ensures
a balance between robustness and performance, tailored to the specific re-
quirements of microgrid applications.

2.4.3. MPC procedure
Conventional stochastic MPC approaches without model change or sce-

nario reduction are computationally demanding for large-scale problems. The
microgrid environment that requires to respond and update power setpoints
within a minute does not allow the use of the conventional stochastic MPC
without any modifications.

The proposed MPC procedure combines deterministic and stochastic for-
mulations to balance computational efficiency and robustness, addressing
the challenges of solving multi-scenario optimization problems in real-time
energy systems. Firstly proposed solution with two stages—stochastic and
deterministic MPC—executed sequentially introduced a delay in generat-
ing the control actions. To address this limitation, the improved procedure
parallelizes these stages, significantly reducing computational resources and
further shortening the delays.

The principle of the two stage MPC is to reduce all scenarios to a single α-
scenario sα whose profit J(sα) is equal to CVaRα value. This enables solving
the MPC as a deterministic problem with advantages of stochastic MPC,
but computational time of a single scenario optimization. The stochastic
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MPC serves as a pre-processing step to identify the scenario that corresponds
to the desired risk level, which is then used in the deterministic MPC to
compute the optimal control actions. A first step is performed at a lower
frequency (e.g., every 15 minutes) as forecast updates typically do not occur
with higher resolution. Once the α-scenario is determined, it remains valid
for the entire interval, allowing deterministic MPC to be solved in parallel
and more frequently (e.g., every minute). The full procedure consists of the
following steps, which are executed in different time scales, as depicted in
Figure 4:

1. Scenario generation: Generate NS scenarios for uncertain parame-
ters (e.g., PV generation, load demand) using forecasted confidence in-
tervals. These intervals—characterized by lower and upper bounds and
confidence level—are obtained from a time-series forecasting model.

2. Stochastic MPC (infrequent): Solve the stochastic MPC problem
in form Eq. (15) using a relaxed linear model and all scenarios to de-
termine the profit distribution across possible realizations. This model
omits non-linear constraints to minimize computational time and is
executed at a lower frequency.

3. Identify the α-scenario: For each uncertain parameter w, compute
the α-scenario w(sα) as the expected value of the worst α% scenarios.
This is mathematically expressed as:

w(sα) =

∑
s∈Sα

π(s)w(s)∑
s∈Sα

π(s)
, (16)

where Sα = {s ∈ S | J(s) ≤ VaRα} is the set of scenarios with profits
J(s) below the Value at Risk (VaRα), and π(s) is the probability of
scenario s. This ensures that the identified scenario reflects the desired
risk level.

4. Deterministic MPC (frequent): Solve the deterministic MPC prob-
lem in form Eq. (12) using the full non-linear model and the single iden-
tified α-scenario sα. This step is performed more frequently, taking ad-
vantage of the computational efficiency of single-scenario optimization
while maintaining the nonlinearities in the model.

5. Apply control actions: Implement the first control action from the
optimal sequence returned by detrministic MPC for the current time
step.
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6. Receding horizon: Update state measurements and forecasts, then
repeat the procedure at the appropriate interval: stochastic MPC (pro-
cedure steps 1.–3.) infrequently and deterministic MPC frequently.

Scenario 
Generation

Stochastic
MPC

Identify
α-Scenario

Deterministic 
MPC

Low-Level
Controller

15 min

1 min

1 sec

u ⋆
(0)

w(sα ,k)

α-scenario

control
actions

Figure 4: Major steps of the procedure in different time scales, forming hierarchical struc-
ture. Output from deterministic MPC are action commands valid for a certain time (e.g.
1 minute), serving as the setpoints for low-level controllers.

This hybrid and parallelized approach offers significant advantages. By
decoupling and running stochastic and deterministic MPC stages in parallel,
the procedure achieves reduced computational overhead and shorter delays
between computation and implementation.

The proposed MPC framework needs a corresponding software architec-
ture that effectively handles data flow, storage, communication, and con-
nection with other layers of hierarchical structure. This includes managing
real-time measurements and commands, storing process data such as the
identified α-scenario, and coordinating the invocation of both stochastic and
deterministic MPC.

2.5. From control algorithm to scalable service platform
The MPC procedure described above addresses the fundamental technical

challenge of balancing computational efficiency with robustness under uncer-
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tainty for a single microgrid. However, to create a commercially viable Mi-
crogrid Control as a Service, an additional dimension of complexity emerges:
how to efficiently provide this control capability to multiple microgrids with
diverse configurations simultaneously without substantial infrastructure in-
vestments.

Our contribution addresses this industrial scaling challenge through a
novel architectural framework, enabling EMS providers to deliver sophisti-
cated control capabilities for numerous microgrids, by systematically address-
ing both computational and economic dimensions of service provision.

The inherent computational characteristics of the proposed two-stage
MPC procedure create opportunity for resource optimization. The sMPC
component operates at 15-minute intervals with computation times ap-
proaching one minute, requiring substantial but intermittent computational
resources. Conversely, the dMPC executes at one-minute intervals but
completes within seconds, demanding consistent low-latency responsiveness.
These distinct operational profiles directly inform our architectural design,
enabling precise matching of computational resources to task requirements.

Our framework converts these computational patterns into economic ad-
vantage through three key design considerations:

• Differentiated resource allocation: We match computational
resources to task requirements, eliminating the traditional over-
provisioning approach where infrastructure must accommodate peak
loads but remains idle during normal operation.

• Dynamic scaling mechanisms: We automatically adjust resource
allocation in response to changing workloads across multiple micro-
grids.

• Multi-tenancy capabilities: We maintain strict data isolation while
efficiently sharing infrastructure across customers, further improving
economic efficiency.

This architectural design transforms the temporal patterns of sMPC and
dMPC execution cycles into significant operational cost reductions. By elim-
inating idle resource time and optimizing computational efficiency, the plat-
form achieves the economic viability necessary for commercial scale deploy-
ment. Furthermore, as the customer base expands, the architecture efficiently
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supports multi-site deployment through intelligent partitioning of function-
ality between cloud-based and local components.

The following subsections detail our approach to mapping MPC compu-
tational tasks to appropriate infrastructure, creating a commercially viable
service platform that delivers control capabilities at scale while maintaining
the guarantees of the underlying MPC algorithm.

2.6. Software architecture
Building on the identified requirements, our architecture implements a

hybrid approach, leveraging scalable cloud resources for centralized tasks
while maintaining local control mechanisms for real-time operations.

The MaaS framework addresses use cases where customers participate
in energy arbitrage and imbalance settlement by offering surplus or flexible
microgrid capacity. These situations require low-latency real-time control, re-
liable communication, and strategic decision-making that accounts for energy
market conditions, balance markets, and utility grid operator requirements.
A key design principle is the separation of control layers based on their data
dependency:

• Real-time data: The power management and control layers operate
on real-time process data to maintain operational limits and respond
to fast microgrid dynamics. These layers are deployed locally to ensure
minimal latency, providing safe and reliable microgrid operation even
under third-party faults or malicious network attacks.

• Time-series data: The business and energy management layers pro-
cess historical and forecasted time-series data to optimize profitability
and support predictive decision-making. Operating on a timescale of
minutes to hours, these layers are well-suited for cloud deployment,
where slightly higher latencies can be tolerated.

This separation combines the advantages of low-latency local control with
the automatic scalability of cloud infrastructure, creating a framework ca-
pable of efficiently handling both rapid responses and long-term strategic
planning.

To enhance memory efficiency and distribute computational load, the
architecture follows a hierarchical decision-making structure from Subsec-
tion 2.2 influenced by operational timescales. At the highest level, the busi-
ness management layer defines annual and monthly objectives, such as profit
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maximization or carbon footprint reduction. These objectives are translated
into daily to hourly energy schedules by the central energy management layer,
which recomputes optimal setpoints every minute. These setpoints are then
sent to the secondary control layer, which delivers commands to primary
controllers responsible for power allocation at the asset level. At this stage,
fast and precise execution within seconds to milliseconds is critical.

The hierarchical structure of the software architecture is designed to sup-
port scalability and promote efficient resource allocation across the infrastruc-
ture. This approach aims to reduce both upfront capital expenditures and
operational expenditures, with the exact magnitude of these benefits depend-
ing on specific deployment conditions and operational parameters. The ar-
chitecture’s design principles facilitate large-scale deployments through more
efficient resource utilization, which leads to a reduced carbon footprint for
microgrid operations.

The two-dimensional distribution of control tasks, accross time-scale and
resources, enables the design of a reliable and resilient architecture by com-
bining cloud-based resources with local control hardware. By leveraging this
hybrid approach, the proposed system balances centralized efficiency with
localized resilience, ensuring seamless scalability across microgrids of varying
complexity.

The infrastructure architecture is illustrated in Figure 5 and further de-
tailed in the following subsections.

2.7. Cloud infrastructure
The cloud infrastructure layer ensures the availability of computational

and storage resources for optimization tasks, directly influencing scalability
and cost efficiency. By leveraging cloud computing, the proposed architecture
achieves scalability that is effectively unbounded in terms of the number and
size of operated microgrids. Cloud resources eliminate the need for CapEx
on high-performance local hardware, while also providing OpEx flexibility for
variable workloads. In contrast, local deployments require over-provisioning
to handle peak loads, leading to resource inefficiency. Additional benefits
of cloud-based infrastructure include high availability, uptime guarantees,
resilience, and security, which are essential for safety-critical applications.

Typically cloud providers, including Alibaba, AWS, Azure, Google, IBM,
Oracle, and Tencent, offer a range of computing services. While these are
broadly categorized as cloud compute services, varying degrees of flexibility
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Figure 5: Individual customers operate their microgrids with varying number of assets
using local control units, while the MaaS provider offers cloud-based computation to reduce
CapEx and optimize OpEx based on the customers business goals.

and control have led to the emergence of three categories of solutions: Func-
tion as a Service (FaaS), Container as a Service (CaaS), and Infrastructure
as a Service (IaaS). Each option presents trade-offs in terms of OpEx, and
operational complexity. A comparison of key features and billing models
of these services is provided in Table 2, illustrating the trade-offs between
pricing, flexibility, and complexity.

One of the primary cost advantages of cloud-based services is the pay-as-
you-go billing model, which eliminates CapEx and idle-time costs by ensuring
that resources are billed only when in use. The selection of an appropriate
cloud service depends largely on task duration, frequency, and intensity, as
well as the required levels of availability and scalability.

For instance, FaaS, despite its high per-unit price, offers the lowest cost
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Table 2: Comparison of cloud compute solutions.

Feature FaaS CaaS IaaS

Provisioning Serverless Serverless Managed
Payment Model As-you-go As-you-go Per-instance
Billing Period Millisecond Second Hour

Billing Unit GB-s + re-
quests

(vCPU +
GB)-h instance-h

Pay for Idle Time × × ✓

Price per Unit High Medium Low
Price per Request Low Medium High

Task Duration Short Medium Long
Flexible Scaling ✓ ✓ ×
Reservation Time Millisecond Minute Hour
Startup Time Milliseconds Seconds Minutes

Flexible Setup Environment Container Virtual Ma-
chine

Maintenance None Low Medium

for short and frequent tasks, with OpEx computed as:

CFaaS =
R∑

r=1

(
cr +

T∑
t=1

(mcm(r))
)
, (17)

where R is the number of requests, cr is the request cost, T is the execution
time, m is the allocated memory, and cm(r) is the memory cost.

In contrast, CaaS is better suited for longer, less frequent tasks due to its
higher startup time and one-minute minimum duration. Its OpEx is given
by:

CCaaS =
R∑

r=1

T∑
t=1

(vcv +mcm), (18)

where v is the number of vCPUs, cv is the vCPU cost, m is the allocated
memory, and cm is the memory cost.
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For long, resource-intensive tasks, IaaS instances are more suitable despite
their higher cost. The OpEx for IaaS is:

CIaaS =
T∑
t=1

(i(t, r)ci), (19)

where ci is the instance cost and the number of instances i is determined by
the task duration and the number of requests:

i =
r · t

Rconcti
, (20)

with Rconc = min
(
iv
v
, im
m

)
representing the number of concurrent requests

and ti the active instance time.
Figure 6 illustrates influence of request duration on monthly costs, as-

sociated with individual services, executing requests every minute over 30
days, which is equivalent to 43 200 requests, requiring 0.5 vCPU and 2048
MiB of memory. The figure highlights that each service has an optimal use
case. While FaaS is the most cost-effective for short tasks under 12 seconds,
IaaS becomes more efficient for tasks up to 60 seconds. For tasks longer than
60 seconds, CaaS provides finer scalability and potential to reduce OpEx.
This advantage arises because IaaS requires entire instances to be added or
replaced, with consideration on OS overhead consuming from 5% to 30% of
resources, whereas CaaS scales resources with greater precision, allowing cost
savings.

Examining sensitivity of the monthly costs to the request duration, Fig-
ure 7 shows that the cost of FaaS is most sensitive to the change in parameters
due to its high per-request price and lowest threshold on resource allocation.
While FaaS enables significant savings, if chosen for inappropriate tasks, it
can lead to significant cost overruns. Meanwhile, CaaS and IaaS are less
sensitive to changes in request duration, with CaaS offering the lowest price
for intensive tasks. IaaS has the lowest sensitivity, making it suitable for
reservation of resources for fluctuating workloads. All cost calculations are
based on AWS pricing data as of March 2025, using the cost models defined
in Equations (17), (18), and (19). These calculations reflect realistic hypo-
thetical workloads that would emerge from varying the number of scenarios
in MPC optimization, computation frequency, and the number of microgrids
under management—parameters directly relevant to our EMS deployment
described in the case study.
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Figure 6: Monthly OpEx for different request durations requiring 2048 MiB of memory
and 0.5 vCPU. FaaS has the lowest OpEx for short requests but grows rapidly. OpEx for
CaaS is constant until request durations of 60 seconds, then grows steadily. IaaS grows
every time additional instance is activated.

Based on our analysis of service characteristics, we have implemented our
MPC framework using a hybrid deployment strategy. In our previous im-
plementation, the MPC framework was deployed on reserved IaaS instances,
which introduced operational challenges including persistent idle-time costs,
over-provisioning, and complex manual scaling requirements [35]. Our cur-
rent architecture distributes MPC tasks across two serverless services based
on their computational profiles: sMPC tasks (running at 15-minute intervals
with execution times around one minute) are assigned to CaaS, leveraging its
capacity for longer-duration batch processing, while dMPC tasks (executing
every minute and completing within seconds) are deployed on FaaS, benefit-
ing from millisecond-level billing and eliminating idle charges. This mapping
of tasks to appropriate services optimizes both computational performance
and operational costs.

2.8. Local control units
Local control units form the secondary control layer, operating with

second-level response times. They maintain microgrid stability through rapid
state adjustments, even during communication failures with the central EMS.
This distributed control approach enhances system resilience and reliability.

Industrial-grade microcontrollers (PLCs or industrial PCs) handle these
control tasks with minimal hardware requirements. During communication
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Figure 7: Influence of parameter variations on monthly cost of different services based on
AWS pricing (March 2025). FaaS offers potential for saving if selected for proper case,
while CaaS has lowest cost for high workloads. Cost of IaaS is the most stable under
various workloads.

failures, local controllers can independently optimize power dispatch and
regulate loads using locally stored data. This architecture reduces central
system overhead while ensuring uninterrupted microgrid operation.

The primary control layer, operating at millisecond resolution, is imple-
mented directly in power electronic converters using PID control. Further
details of this layer are not covered within the paper. Together, these layers
ensure precise power reference tracking and system stability.

3. Case study

To prove the effectiveness of the proposed EMS framework complemented
with the architecture, we present a study from the actual operation realized
in cooperation with our business partner. Among multiple commercial and
industrial EMS applications, a suitable microgrid is selected for the case
study to demonstrate the results. A detailed description of the microgrid
system parameters, objectives, environment, control setup, and operational
outcomes is provided.

3.1. Microgrid description
The microgrid is located in the Netherlands and consists of a commercial

building that relies on the EMS to control entrusted energy assets and man-
age its energy supply efficiently. The microgrid system is equipped with a 220
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kWp rooftop photovoltaic system, a battery energy storage system with the
rated power and capacity 180 kW/558 kWh, electric vehicle chargers of size
200 kW that are considered as controllable load, and the building’s general
energy demand belonging to the non-controllable load.

The microgrid maintains a physical connection to the Dutch distribu-
tion grid, subject to predefined import and export power limits. Energy
transactions are structured through a third-party energy supplier, responsi-
ble for purchasing and selling electricity on the day-ahead market (DAM).
This supplier also provides the day-ahead consumption and generation sched-
ule, referred to as the day-ahead diagram (PDA). Any deviations from this
schedule are settled based on the real-time market imbalance prices.

3.2. Objectives
At the uppermost level, the customer defines the overarching objectives

of the EMS—prioritizing profit generation while ensuring a reliable microgrid
operation. These objectives are derived from the environment in which the
microgrid is set and the actual billing model, which accounts for dynamic
energy day-ahead market prices and additional fees that forms the spread
between buying and selling electricity price.

Among the cost-related factors under the EMS control, imbalance set-
tlement has the most significant financial impact. Deviations from the day-
ahead schedule result in either penalties or profits based on the real-time
market conditions. The EMS actively controls battery storage and other
power-flexible assets to strategically participate in imbalance management.

Additionally, the EMS aims to maximize the self-consumption of PV gen-
eration while dynamically curtailing excess production when market condi-
tions make grid exports unprofitable. EV charger power availability is also
controlled with respect to its operational demands. The EMS continuously
evaluates price signals, forecasts, and system states to determine optimal
times for curtailment and load adjustments, ensuring cost-effective and reli-
able operation. Imposed grid export and import limits determine the need
for the active peak-shaving functionality, as the limit exceeding is associated
with a financial penalty.

Besides the objectives, the business layer also decides about the risk aver-
sion that it is willing to handle, which is reflected in the α parameter of the
CVaR measure.
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3.3. Parametrization
The prediction horizon of the model predictive controller was set to be

24 hours because a daily pattern occurs in power profiles. The sampling
time ∆T was set to 15 minutes, which is the usual billing period, then N
= 96. From the microgrid composition, it results that we need to forecast
PV generation and load demand that form the uncertainty array w. The
probabilistic forecasts were obtained using a recurrent neural network (RNN)
with long short-term memory (LSTM) architecture. The model was trained
on 30 days of historical measurements to output point forecasts and 90%
confidence intervals at a 15-minute resolution. These intervals were then used
as inputs to the scenario generation procedure described in Section 2.4.2.
Energy price predictions of day-ahead market for the relevant horizon are
known with certainty, so they are part of the cost array c. Similarly are
treaten the imbalance prices, the values for the current time step are being
published by the grid operator TenneT, and for the rest the estimation is
assumed.

The control variables in u to be computed include the battery power
flow, PV power curtailment, controllable load of EV chargers, and power
exchange with the main grid. The battery power flow is constrained by its
rated power, given in the parameter array p. The controllable EV charging
load and PV power are bounded by actual demand. Power exchange with the
main grid is subject to fixed import and export limits set by the grid operator.
The battery energy level E is also a decision variable, but it is not directly
controlled as it depends on power decisions. Each action is associated with a
cost: battery operation account for degradation, PV curtailment represents
foregone earnings from potential subsidies, and reducing EV charging power
reflects the trade-off with user convenience due to extended charging times.

The particular instance of the microgrid is characterized by the following
variables in array form:

u = [Pch, Pdch, Pimp, Pexp, Pshort, Plong, Pcurt, Padj]
⊤, (21a)

w = [PRES, Pload]
⊤, (21b)

p = [Enom, β, β, ηch, ηdch, PDA, P ch, P dch, P imp, P exp]
⊤, (21c)

c = [−cch,−cdch,−cimp, cexp,−cshort, clong,−ccurt,−cadj]
⊤, (21d)

e = [ϵE, ϵE, ϵimp, ϵexp]
⊤, (21e)

q = [q
E
, qE, qimp, qexp]

⊤. (21f)
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Values of parameters which are fixed for all steps k are given in Table 3, a
fixed fee is stated for cimp and cexp, to which variable price from day-ahead
market is added.

Table 3: Microgrid parameters and their values.

Parameter description Symbol Value

Storage state of health (%) S 99.6
Nominal energy capacity (kWh) Enom 558.0
Available energy capacity (kWh) Eavail 555.8
Min. state of charge (%) β 10.0
Max. state of charge (%) β 95.0
Charging efficiency (%) ηch 95.0
Discharging efficiency (%) ηdch 95.0
Max. charging power (kW) P ch 180.0
Max. discharging power (kW) P dch 180.0
Max. import power (kW) P imp 45.0
Max. export power (kW) P exp 150.0
Cost of imported energy (e / MWh) cimp 100.0
Cost of exported energy (e / MWh) cexp 1.5
Cost of charging (e / MWh) cch 0.0
Cost of discharging (e / MWh) cdch 25.0
Cost of RES curtailment (e / MWh) ccurt 5.0
Cost of load adjustment (e / MWh) cadj 600.0
Penalty for lower SoC limit (e / MWh) q

E
1 × 106

Penalty for upper SoC limit (e / MWh) qE 1 × 106

Penalty for import power limit (e / kW) qimp 1 × 105

Penalty for export power limit (e / kW) qexp 1 × 105

The parameters that are time-varying are not shown here, but analysis
is provided for imbalance prices, as they have a significant impact on overall
control behavior. Figure 8 shows the distribution of imbalance settlement
prices over one month, September 2024. The lowest price for both, long
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and short, was −1000.0 e/MWh, while the highest was 1850.0 e/MWh, the
median price was 67.0 e/MWh for long and 79.2 e/MWh for short. When
both prices are positive, the microgrid is penalized for being in shortage
and remunerated otherwise, when both prices are negative, the microgrid is
penalized when being in energy surplus, and when prices differ in sign, the
microgrid is penalized for any imbalance. In any 15-minute period, both
prices are either equal or the long price is greater.
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Figure 8: Distribution of imbalance prices, positive prices occur more often, several sig-
nificant occurrences of high prices.

3.4. Risk aversion
The level of risk aversion depends on operator preferences and can be

tuned through the parameter α. To quantify its impact and provide practical
guidance for its selection, we conducted a backtest simulation with historical
measurements and forecasts. Control actions were applied in a closed-loop
simulation and total profits were calculated for one day. To account for
uncertainty, the Monte Carlo method generated 100 realizations of stochastic
parameters, with results evaluated across a range of α values (0–100% in 25%
increments).

High values of α correspond to more aggressive, risk-seeking control: the
EMS assumes nominal forecast realizations, allowing greater use of battery
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capacity for revenue-generating actions but exposing the system to higher
potential losses. Conversely, low values of α yield conservative decisions: the
EMS prepares for adverse scenarios, reducing risk but also limiting profit op-
portunities. For instance, in a microgrid with tight grid limits, a conservative
controller may keep extra energy in storage to cover unexpected peaks, even
at the cost of charging during high prices.

The results are summarized in Table 4, which shows profit distributions
across percentiles. At α = 0%, the controller is most robust and performs
best under adverse realizations, while at α = 100%, it achieves higher profits
under normal conditions but suffers much larger losses in unfavorable cases.
The median case illustrates typical performance, while the worst case shows
the unavoidable low-profit outliers that arise under unfavorable market or
weather conditions.

Table 4: Total profit/loss per day from closed-loop simulation, 100 runs for each α level.
In bold is marked the best choice of α parameter for each percentile. Parameter α being
0% represents the most robust controller, while α = 100% the conventional.

α (%) 0 25 50 75 100

Best case (e) 45 45 47 54 55
25% quartile (e) 22 23 24 30 6
Median (e) 8 10 11 14 −37
75% quartile (e) −1 2 3 −40 −89
Worst case (e) −163 −171 −204 −336 −337

The influence of α on scenario selection is further illustrated in Figure 9,
which shows forecast intervals, generated scenarios, and the selected trajec-
tory under different α values. For higher α, the selected scenario is closer
to the median, while lower α shifts toward the worst-case realization. This
behavior varies dynamically with market conditions, limits, and renewable
production.

In practical terms, operators can choose α based on the maximum loss
they are willing to tolerate, as indicated by the percentile outcomes in Ta-
ble 4. For example, at α = 25% the worst-case loss is limited to -171e,
while median and quartile returns remain positive, which represents a bal-
anced compromise between robustness and profitability.
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Figure 9: Selected α-scenario of consumption demand Pcons as the expected value of the
worst α% scenario realizations for different α levels. Scenarios are generated from known
90% forecasted confidence interval, 20 of them are visualized.

3.5. Operation performance
The EMS has been deployed in commercial operation for more than three

months (starting in September 2024), of which an example day (8th of Octo-
ber 2024) is showcased in Figure 10. The day was chosen as representative
of typical operation, with fluctuations in PV generation and load demand.
The EMS effectively managed the microgrid, optimizing battery usage, PV
curtailment, and EV charging to maximize profit while adhering to opera-
tional constraints. Figure 10 compares the realized grid exchange under EMS
control with a baseline case without EMS. Since real-world experiments with
alternative control strategies were not feasible, the “without EMS” case was
estimated by removing all EMS control actions and recalculating the power
flows using the power balance equation under the same demand and gener-
ation profiles. Economic results for the baseline were then computed from
these recalculated power profiles using the same price signals, ensuring a
consistent counterfactual for assessing the cost efficiency of the EMS.
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The power profiles in Figure 10 are 15-minute averages. It can be seen, in
several intervals the power demand was higher than combined self-production
and grid import limit. Thanks to the storage power supply, the limits were
not exceeded and demand could be satisfied. The revenue/cost decomposi-
tion to multiple revenue streams in hourly intervals is visualized in Figure 11.
Difference between revenues and costs is the profit (or loss if value is nega-
tive).
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Figure 10: Example day of microgrid operation, figure compares power grid exchange with
(realized) and without (estimated) applied EMS control. Dotted line represents the import
limit.

Figure 12 visualize one month of microgrid operation using a heatmap rep-
resentation, allowing temporal patterns to be observed at a glance. The mi-
crogrid effectively manages its energy resources, maximizing self-consumption
of PV generation, while using grid exchanges to benefit from imbalance price
opportunities. The third panel presents the battery power flow: charging
occurs during midday PV surplus and low-price intervals, while discharging
aligns with demand peaks and high-price periods.
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Figure 11: Revenue/cost decomposition of operating the microgrid with and without EMS
control actions. Total profit/loss (revenues minus costs) for example day was 3.0 e, com-
pared to −12.1 e without predictive control, which made microgrid operation profitable.
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how battery actions are simultaneously aligned with all, the local power variations and
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The EMS utilizes flexibility of assets, predominantly the flexibility of bat-
tery storage, to maximize operating profit. Operating profit add up energy
volumes bought and sold on the day-ahead market, imbalance settlement
costs, battery degradation costs, and peak-shaving costs, all stated sepa-
rately in Table 5. Negative cost value for day-ahead market indicates more
energy needed to be imported rather than exported, due to PV system be-
ing sized smaller than microgrid energy demands. The most significant cost
component directly influenced by the EMS control actions is the imbalance
settlement. The optimal control of microgrid assets turned imbalance cost
of −600.4 e into revenue of 2 471.1 e over the month period. Peak-shaving
costs are associated with the energy (in amount of 444.3 kWh during the
examined period), which without the optimal control would not be supplied,
or grid import limit would be exceeded. The EMS actions reduced the peak-
shaving costs to zero, as the battery was used to supply the excess demand.
Visualization of the cost components for example day in Figure 11.

Table 5: Comparison of operating revenues/costs over the month period with and without
EMS actions. Positive values denote revenues, negative values denote costs.

Revenue/cost type Without EMS With EMS

Imbalance (e) −600 2471
Day-ahead market (e) −326 −405
Battery usage (e) 0 −210
Peak-shaving (e) −267 0

Total profit (e) −1193 1856

The EMS yield is evaluated as the difference between the profit with
and without EMS. For benchmarking purposes, the total yield is related
to the unit of battery-rated power. Results are summarized in Table 6,
with the achieved annual revenue of 159 e/kW exceeding investors’ expec-
tations (according to the study in [38], an annual revenue of 145 e/kW
ensures a 10% Internal Rate of Return). Benchmarking against existing op-
erational strategies is difficult, as the results are highly dependent on market
conditions. A similar framework developed in [9] demonstrated its effec-
tiveness in the modeled Belgian balancing market, achieving revenue of 5.3
e/kW/month and 21.8 e/kW/month for a month with low (33 e/MWh) and
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high (216 e/MWh) average imbalance prices, respectively. For comparison,
we achieved 17 e/kW/month for the month with an average imbalance price
of 67–79 e/MWh.

Table 6: Yield of operating the battery storage over the
month and year period.

1 Month 1 Year*

Total yield (e) 3049 28 700
Yield per kW (e/kW) 17 159
* Value extrapolated from 3 months of operation.

The transferability of the achieved revenues to other microgids is not
straightforward. The provided results are valid for a 0.33 C-rate (3-hour
discharge) storage and given composition, but long-term operation of other
microgrids within the same markets supports similar revenues.

To illustrate the versatility and scalability of developed solution, Table 7
provides an overview of heterogeneous microgrids where the EMS was de-
ployed. Developed EMS wrapped into Microgrid Control as a Service sup-
ports various microgrid configurations and applications to be easily adopted
and scaled.

3.6. Computational benchmarking of MPC formulations
To evaluate the computational efficiency of the proposed two-stage MPC,

we benchmarked it against alternatives. The main classes of formulations
are:

• Deterministic MPC, equivalent to stochastic MPC with NS=1 full
model scenario.

• Full stochastic MPC, this refers to conventional stochastic MPC,
where the nonlinear full model is solved simultaneously across NS sce-
narios. This provides the most rigorous risk-aware solution but is com-
putationally prohibitive beyond very small NS.

• Relaxed stochastic MPC, where nonlinearities are simplified to ob-
tain approximate solutions across multiple scenarios. This approach
reduces runtimes but sacrifices model fidelity.
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Table 7: Overview of microgrids, their composition, and functionalities to showcase sup-
port for wide range of uses. Presented microgrid is in the first row.

Facility Composition Functionality

Commercial
building

PV (220 kWp),
BESS (558 kWh),
EV chargers (200 kW)

Imbalance
optimization,
Peak-shaving

Commercial
building

PV (150 kWp),
BESS (150 kWh),
EV chargers (132 kW)

Price arbitrage,
Peak-shaving

Industrial park PV (600 kWp),
BESS (2×150 kWh),
Heat pumps

Imbalance
optimization,
Peak-shaving

Industrial park PV (280 kWp),
BESS (150 kWh),
Heat pumps

Imbalance
optimization

Industrial park PV (350 kWp),
BESS (150 kWh)

Price arbitrage,
Self-sustainability

Industrial park PV (500 kWp),
BESS (2×150 kWh)

Price arbitrage,
Peak-shaving

Mountain resort PV (800 MW),
BESS (558 kWh)

Peak-shaving,
Self-sustainability

• Proposed two-stage MPC, which first applies relaxed stochastic
MPC to identify the α-scenario and then solves deterministic MPC
with the full nonlinear model. This procedure preserves model fidelity
while scaling to larger NS.

The robust MPC (worst-case) can be obtained within this framework by
setting α = 0%, which does not materially affect computational effort and is
therefore not listed separately.

Benchmarking was performed on the microgrid defined in Section 3.3, us-
ing a MacBook M2 (8-core CPU, 24 GB RAM) and GLPK solver. Average
and maximum runtimes over 50 runs are reported in Table 8. As expected,
the runtime of full stochastic MPC grows rapidly with NS, reaching solver
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timeouts beyond very few scenarios. The relaxed formulation remains feasi-
ble at larger NS, though with increasing runtime. The proposed two-stage
method inherits the runtime of the relaxed formulation for for identifying
the α-scenario, while the deterministic stage has fixed runtime independent
of NS, equal to that of NS=1.

Table 8: Computation time vs. number of scenarios NS . Results averaged over 50 runs on
the same hardware/solver. † denotes timeout after 60 minutes. Note: NS=1 corresponds
to deterministic MPC.

NS Full sMPC Relaxed sMPC

Max/Avg (s) Max/Avg (s)

1 3.0 / 2.3 2.3 / 2.0
5 365.8 / 292.0 4.7 / 4.4
10 1813.8 / 1684.4 11.1 / 9.7
25 †/ † 52.0 / 48.7
50 †/ † 193.4 / 182.7

The two-stage MPC combines relaxed sMPC (Stage 1) with deterministic
MPC (Stage 2) executed in parallel, so the overall runtime is is not the simple
sum of both stages, but close to deterministic MPC while the robustness
of scenario-based formulations is retained. Higher values of NS improves
resolution of uncertainty representation, but with diminishing returns beyond
a certain point. A rigorous procedure for selecting the optimal number of
scenarios is outside the scope of this study and may be left for future work.

3.7. Cost analysis of cloud deployment for the MaaS provider
This analysis evaluates the computational OpEx incurred by an EMS

provider when operating the proposed EMS using a hybrid cloud deployment
of FaaS and CaaS. The simulation of the MaaS provisioning to microgrid
located in Netherlands is used to illustrate how execution frequency, com-
putational requirements, and cloud service billing models affect the overall
OpEx for the provider.

3.7.1. Computational performance
The provider needs to allocate execution of two MPC tasks—sMPC and

dMPC—–as detailed in Subsection 2.4.3 and illustrated in Figure 4. To
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illustrate the economic viability of the proposed cloud deployment strat-
egy, we conducted 100 benchmark simulations using the actual configuration
parameters from our case study installation. Table 9 summarizes the key
performance metrics from these benchmarks.

Table 9: Performance summary of sMPC (30 scenarios) and dMPC workloads. Execution
frequency is the time between two consecutive executions of the task, while execution time
is the time needed to compute the solution.

Metric sMPC dMPC

Max execution time (s) 98 3.0
Avg execution time (s) 83 2.4
Execution frequency (s) 900 60
Max memory used (MB) 736 180
Avg memory used (MB) 702 175

The computational performance metrics were achieved using GLPK, an
open-source solver released under the GNU General Public License, which is
integrated into our EMS framework. This choice of non-commercial solver
is critical for maintaining sustainable operational costs, as proprietary alter-
natives would introduce prohibitive licensing expenses. While open-source
solvers typically demand more computational time, our hybrid cloud deploy-
ment strategy specifically accounts for this limitation by ensuring that the
dMPC execution time remains within the one-minute threshold, making the
trade-off between computational efficiency and cost-effectiveness work to our
advantage.

3.7.2. Cost breakdown
Using the equations presented in Subsection 2.7, we calculated the oper-

ational costs based on actual request frequencies, execution times, and mem-
ory requirements derived from our benchmark simulations. The monthly
OpEx analysis considers 30 days of continuous operation for the installations
in our case study. The dMPC task executes every minute (43 200 monthly
executions), while the sMPC runs at 15-minute intervals (2880 monthly ex-
ecutions). Table 10 presents a comparative analysis of the total monthly
OpEx for both control tasks across different cloud service models.
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Table 10: Monthly OpEx for EMS control tasks.

service dMPC sMPC dMPC/req. sMPC/req.

FaaS (e) 0.38 3.38 0.000 01 0.0012
CaaS (e) 10.49 1.14 0.000 24 0.0004
IaaS (e) 3.02 8.35 0.000 07 0.0029

The results indicate that deploying dMPC on FaaS is the most cost-
efficient approach, as it benefits from millisecond-level billing, making it ideal
for short-duration tasks. Meanwhile, sMPC is best suited for CaaS, where
costs scale linearly with memory usage and execution time, subject to a min-
imum billing period of one minute. While the cost difference between CaaS
and FaaS may appear marginal in this specific case study, this is primar-
ily due to the relatively low memory requirements of this single-microgrid
illustratory implementation. At larger scales, where higher memory require-
ments are inevitable, the cost advantage of CaaS would become even more
pronounced, as seen for request durations of 60 second in Figure 6. The
hybrid deployment strategy eliminates idle-time costs and enables dynamic
resource scaling, avoiding the higher expenses associated with IaaS or dedi-
cated local infrastructure. Importantly, the additional OpEx introduced by
the EMS operation remains three orders of magnitude lower than the revenue
it generates (see Table 5), confirming the economic viability of the proposed
architecture for the MaaS provider.

To further demonstrate why deployed of sMPC on CaaS is scaling-proof,
we conducted sensitivity analysis in Figure 13, depicting the cost sensitivity
to scaling to the number of scenarios in the optimization problem. The results
show that for low number of scenarios, FaaS deployment is more viable.
Nevertheless, increasing number of scenarios as part of the risk mitigation
strategy, enhances customer profitability. Above 25 scenarios, the OpEx
for sMPC on CaaS remains the lowest, even as the number of scenarios
increases. In contrast, FaaS costs rise exponentially with the number of
scenarios, making it less cost-effective for large-scale deployments.

This analysis confirms that a hybrid FaaS-CaaS deployment offers a cost-
efficient EMS architecture while ensuring computational reliability. The dy-
namic allocation of tasks minimizes cost overhead, making the approach
highly scalable for large-scale microgrid deployments with diverse assets.
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Figure 13: Sensitivity analysis of sMPC OpEx to the increasing number of scenarios,
showing the lowest sensitivity for CaaS. Solid line represents cost of average workload
while dotted shows maximum workload case.

Additionally, while commercial solvers are more computationally efficient
than open-source alternatives, they introduce significant OpEx costs—often
amounting to tens of thousands of euros annually. By using an open-source
solver within a cloud-based architecture, the EMS provider achieves cost-
effective scaling. These savings can be passed on to customers through lower
service fees or more favorable profit sharing agreements, improving the busi-
ness viability of the solution.

3.8. Profitability of EMS providers
It is important to distinguish between the financial outcomes of the mi-

crogrid operator and the EMS provider. In typical agreements, the EMS
provider receives a percentage of the microgrid cost savings or additional rev-
enue, commonly ranging between 10% and 20%. This revenue must cover the
EMS provider’s OpEx for cloud and infrastructure services. Figure 14 illus-
trates the revenue-sharing mechanism, emphasizing how profitability scales
with the number of aggregated microgrids.

As detailed in Section 3.7.2, operational costs remain low relative to the
revenue generated for microgrid operators. However, the profitability of the
EMS provider depends on cost-efficient scaling. Under a profit-sharing model,
minimizing OpEx is essential to sustain margins while managing a growing
portfolio of microgrids.

To quantify the impact of OpEx on EMS provider profitability, we com-
pare our hybrid approach with a scenario where the EMS is fully deployed via
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Figure 14: Profit-sharing mechanism between the microgrid operator and the EMS
provider. The microgrid receives an energy bill from the supplier and retains a por-
tion of the savings, while the EMS provider’s earnings depend on the number of managed
microgrids, control performance, and operational costs.

IaaS. Based on the profit distribution in Table 5, the EMS provider generates
185.60 e/month per microgrid, of which 6% (11.37 e) is allocated to IaaS
cloud provisioning. By adopting the proposed hybrid approach, OpEx drops
tenfold to 1.52 e (0.8% of revenue), dramatically improving cost efficiency.

4. Conclusions

This paper presented a comprehensive energy management framework
for microgrids, integrating advanced control methodologies with practical
deployment considerations. The proposed EMS framework is designed with
a layered control structure, where each operates on different timescales. The
energy management layer is discussed in detail, as it plays a crucial role
in optimizing power flows considering multiple revenue streams. This layer
employs a scenario-based model predictive control approach to address the
inherent uncertainties in microgrid systems. The MPC framework incorpo-
rates adjustable risk aversion, allowing the system to balance between safer
conservative and riskier profit-seeking control strategies based on the user’s
preferences. To enhance computational efficiency, a novel approximation
method is introduced. The method suggests using stochastic MPC for gen-
erating parameters for a faster deterministic MPC. This approach ensures
that the control actions are both robust to uncertainty and computationally
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feasible, enabling real-time decision-making and adaptability to dynamic en-
vironments.

Beside elaborated model predictive control, the proposed framework in-
corporates a software architecture designed for practical implementation,
forming a fully deployable EMS solution that can be offered as a service for
microgrid operators. The EMS has been successfully deployed and operated
in multiple microgrid facilities with different compositions and operational
requirements, showcasing its versatility and scalability. In the examined case
study, the EMS took advantage of energy market opportunities and generated
profit exceeding 3000e/month, which translates to a normalized yield of stor-
age rated power to 159 e/kW/year. These results underscore the economic
viability of the proposed EMS, reinforcing its potential to make microgrid
operations not only environmentally sustainable but also financially attrac-
tive. In conclusion, the proposed EMS framework and software architecture
provide a resilient and scalable solution for microgrid energy management,
ensuring profitability and operational reliability in diverse applications.
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Appendix A. Derivation of CVaR formulation

Let J(s) denote the total cost associated with scenario s ∈ S. The Value-
at-Risk (VaR) at confidence level α ∈ (0, 1) is defined as

VaRα ≜ min{y ∈ R : P(J(s) ≤ y) ≥ α}. (A.1)

While VaR captures the worst loss not exceeded with probability α, it is non-
convex. The Conditional Value-at-Risk instead reflects the expected cost in
the worst (1− α)-tail:

CVaRα ≜ E [J(s) | J(s) ≥ VaRα] . (A.2)
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A convex reformulation is available through linear programming [37]:

min
y,z

y +
1

1− α

∑
s∈S

π(s)z(s) (A.3a)

s.t. z(s) ≥ J(s)− y , ∀s ∈ S, (A.3b)
z(s) ≥ 0 , ∀s ∈ S, (A.3c)

where y approximates VaR, z(s) are auxiliary variables, and π(s) are scenario
probabilities with

∑
s π(s) = 1. In this work, we assume equal scenario

probabilities π(s) = 1/NS.
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