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A B S T R A C T

Expanding renewable energy sources is essential for a sustainable energy supply but challenges grid stability, as 
the volatility of solar and wind causes periods of over- and undersupply. Private households are central to this 
transition, combining dynamic consumption with decentralised generation.

This paper presents a multi-agent microgrid simulation built on the Mesa framework, focusing on the het
erogeneous objectives and technological capabilities of residential participants. Households are modelled as 
autonomous agents with individual strategies, while a dedicated “grid agent” represents the distribution system 
operator and regulates the microgrid in a grid-supportive manner. The emission factor serves as the key indicator 
for grid-friendly behaviour.

Results show that in summer, unmanaged PV feed-in from heterogeneous households causes substantial grid 
stress and balancing effort for the distribution system operator. Dynamic electricity prices can incentivise grid- 
friendly dispatch, but their effectiveness depends on the correlation between price signals and renewable 
availability and cannot guarantee grid-supportive behaviour alone. The grid agent reliably improves the grid- 
supportive coefficient, yet its operating strategy, for instance additional peak-reduction objectives, can inter
fere with price-based incentives. Effective demand-side management therefore requires careful analysis of 
stakeholder interactions.

Building on this insight, the paper provides a basic framework for the design, implementation, and assessment 
of both integrated and individual energy management strategies within a microgrid environment. By simulating 
the dynamic interactions among system participants and strategies, it enables comprehensive evaluation of their 
collective impact on the grid, supporting the development of robust solutions for future electricity networks.

1. Introduction

The increasing integration of renewable energy sources (RES) into 
the power grid presents significant challenges for grid stability. Unlike 
traditional power generation, which is predictable and centrally 
controlled, RES such as solar and wind power fluctuate depending on 
weather conditions. At the same time, the rising use of electrification in 
various sectors and other high-consumption technologies further in
tensifies the need for reliable grid availability [1]. This is particularly 
evident for distribution grids in the residential sector, where decen
tralised energy generation and consumption involves many heteroge
neous participants. Fischer et al. [2] state that the uncertain behaviour 
of residents in conjunction with the current development of emerging 
technologies leads to a significant change in future load profiles of 

households. This requires a detailed modelling of individual residential 
grid participants, taking into account the uncertainty of demands, 
technological components and individual behaviour to derive aggre
gated load profiles for residential areas to evaluate their impact on the 
electricity grid. Reimuth et al. [3] analyse the impact of varying pene
tration of decentralised photovoltaic (PV) system in residential areas on 
the energy balance. It was found that increasing self-sufficiency rates, by 
utilising e.g. battery storage systems (BSS), can have a positive impact 
on the overall grid. However, high penetrations of decentralised RES can 
also lead to excessive surplus energy, especially in the summertime with 
high solar irradiance, causing high stress in the electricity grid. This 
results in an increased load balancing demand as also analysed in [4].

Considering the development of decentralised RES in residential 
areas in conjunction with the high uncertainty and variability of indi
vidual household configuration and behaviour, regulation strategies 
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become significantly more complex due to a growing number of actors.
To address these challenges, smart microgrids offer a promising 

approach by locally balancing energy generation and consumption [5]. 
These decentralised energy networks integrate RES, energy storage, and 
advanced control systems to enhance grid resilience and efficiency. By 
operating either independently or connected to the supply grid, smart 
microgrids optimise energy distribution, reduce load or supply peaks, 
and improve overall stability within the local neighbourhood grid and in 
the higher-level distribution grid [6].

Microgrids and energy management systems (EMS) in smart grid 
applications have been extensively studied in the literature [7], however 
further research is required especially in the efficient integration of RES 
and the development of control strategies for a stable and resilient 
operation [8]. Most studies focus on reducing energy costs within the 
microgrid, employing various techniques such as multi-objective opti
misation or multi-agent simulations [9]. In general, two main ap
proaches can be distinguished: either the microgrid is treated as a single 
system with a centralised EMS, or as a network of multiple independent 
participants working towards specific objectives. An example of a cen
tralised EMS is the real-time system developed by Elsied et al. [10], 
which aims to minimise energy costs by considering the operational 
expenses of RES and enabling energy trading with the external grid 
while utilising energy storage systems (ESS). A related concept, where 
households share a common ESS to optimise energy usage, is explored 
by Hosseini et al. [11]. Another approach is presented by Arcos- 

Aviles et al. [12], who propose a fuzzy logic-based EMS for grid- 
connected residential microgrids with centralised RES and ESS. 
Beyond system operation, research also addresses the optimal sizing of 
RES and ESS within microgrids. Atia et al. [13] analyse sizing strategies 
to achieve minimal energy costs, ensuring an efficient balance between 
generation and storage capacity. Meanwhile, Nasr et al. [14] take a 
different perspective by developing a predictive optimisation based 
EMS, with a primary focus on system stability. Their approach aims to 
reduce peak loads and promote a more balanced grid power usage.

A fundamental challenge in these approaches is that the microgrid is 
often treated as a single, unified actor. However, in the residential 
sector, multiple participants with divergent interests coexist, and their 
behaviour often deviates from the idealised assumptions in the cen
tralised EMS models. Additionally, a single EMS may not necessarily 
have access to all resources within the grid, which can limit its effec
tiveness in optimising energy distribution and consumption.

To tackle these challenges, multi-agent systems (MAS) have emerged 
as a promising approach for analysing the behaviour of individual grid 
participants within a microgrid. Anvari-Moghaddam et al. [15] devel
oped a collaborative multi-agent-based EMS, where individual houses, a 
central ESS, and distributed RES act as independent agents, ensuring 
stable and cost-optimised microgrid operation. Similarly, Radhakrish
nan et al. [16] defined different agent types, such as load, supply, and 
storage agents, which work together to maintain power balance and grid 
stability. Another approach by Jun et al. [17] introduced a three-layer 

Nomenclature

Latin letters
APV Area of the PV modules
C Total costs
DOD Depth of discharge
E Energy
e Total emissions
fcost Value of the cost function
GSC Grid support coefficient
K Electricity price
LCOE Levelised cost of electricity
nP Number of prosumer agents
P Power
Q̇ Heating power
SOC State of charge
T Temperature, Prediction horizon
t Time
U Thermal loss factor
vW Wind speed

Greek letters
α Ramping penalty factor
∊ Emissions factor
γ Temperature coefficient
η Efficiency coefficient

Sub- and Superscripts
bat Battery
C Consumption
conv Convection
costs Cost
d Demand
elec Electricity
G Grid
heat Heat
i i-th (prosumer) agent

mod Module
O&M Operation and maintenance
P Prosumer
PV Photovoltaics
S Supply
STC Standard test conditions
w Wind

Abbreviations
AI Artificial intelligence
BSS Battery storage system
COP Coefficient of performance
CO2 Carbon dioxide
CO2e Carbon dioxide equivalents
DOD Depth of discharge
DSM Demand side management
DSO Distribution system operator
EMS Energy management system
ESS Energy storage system
GSC Grid support coefficient
HP Heat pump
LCOE Levelised cost of electricity
LV Low voltage
MAS Multi-agent system
OB Optimisation-based
OBPro Optimisation-based prosumption (scenario)
MV Medium voltage
O&M Operation and maintenance
PV Photovoltaics
RB Rule-based
RBPro Rule-based prosumption (scenario)
RES Renewable energy sources
SOC State of charge
UnCon Unmanaged consumption (scenario)
UnPro Unmanaged prosumption (scenario)
RMSD Root mean squared deviation
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communication model to coordinate interactions between agents. Kha
n et al. [18] explored different control strategies, including swarm 
optimisation, to optimise microgrid operations. While MASs provide a 
suitable framework for simulating individual grid participants in the 
residential sector, most existing studies assume a fully cooperative 
interplay between agents without conflicting objectives.

Karavas et al. [19] proposed a decentralised EMS based on game 
theory, analysing the impact of cooperative versus competitive agent 
behaviour within an internal energy market. Similarly, Cui et al. [20]
developed an energy management strategy where retailers and pro
sumers trade energy within the microgrid to minimise energy costs. The 
work of El-Afifi et al. [21] utilises a game theory design to develop a new 
electricity pricing scheme to set incentives for load shifting. Akter et al.
[22] introduced a hierarchical EMS tailored to residential microgrids, 
where houses contribute to both energy supply and storage. Their 
approach implements an internal energy market to reduce overall costs 
and minimise reliance on external grid supply.

In this context, flexible electricity pricing can serve as an effective 
mechanism to influence agent behaviour in a way to achieve decreased 
peak loads [23]. However, approaches exclusively relying on flexible 
pricing are not sufficient to guarantee grid stable operation as shown by 
Yan et al. [24] and Roozbehani et al. [25]. Therefore, additional effort 
with a dedicated focus on grid-supportive behaviour and system stability 
is required, a responsibility that falls within the remit of the Distribution 
System Operator (DSO). According to the considered literature, this 
aspect remains insufficiently addressed. Table 1 provides an overview of 
the reviewed studies and their core concepts, illustrating that existing 
approaches either rely on centralised EMS under the assumption of 
cooperative behaviour among all grid participants, thereby neglecting 
individual interests and decisions, or focus on the interplay of individual 
households optimising their own objectives.

Since flexible pricing schemes alone cannot ensure grid-stable 
operation, active involvement of the DSO through dedicated control 
mechanisms becomes indispensable. To adequately reflect the resulting 
complexity and the diversity of interacting stakeholders, dedicated 
frameworks are required that capture the interplay between grid par
ticipants and grid operators within a unified modelling environment. 
Such frameworks form a crucial prerequisite for transferring theoretical 
concepts into practice, as they enable the systematic evaluation of reg
ulatory strategies under realistic conditions and provide a basis for 
assessing their feasibility prior to real-world deployment.

The developed MAS establishes an innovative framework for future 
development and assessment of regulatory strategies that combine two 
prominent approaches to achieve grid supportive behaviour within 
microgrids and towards the external electricity grid: (1) dynamic elec
tricity pricing to incentivise resident prosumer households, as demon
strated in Arunkumar et al. [9], Cui et al. [20] or Stute et al. [23]; and 
(2) centralised control units focussing on grid stability, as analysed in 
Radhakrishnan et al. [16] and Jun et al. [17]. Further, it allows the 

evaluation of different distributions of EMS and flexibility options across 
different households and their impact on the microgrid.

This approach builds the foundation to assess various regulatory 
strategies, considering both the grid stability concerns of distribution 
system operators, in terms of load shifting and demand response of the 
microgrid, and the cost-minimisation objectives of individual house
holds. In the model, individual households are represented as pro
sumers, each optimising energy costs with their own components, such 
as PV or BSS. Additionally, a central agent, representing the DSO, is 
incorporated focussing on load shifting and energy balancing. Central
ised agents are designed to mitigate destabilising decisions made by the 
prosumers to achieve a stable operation within the microgrid. In this 
paper, it is assumed that the microgrid is connected to a broader elec
tricity grid, which allows the grid agent to additionally provide load 
balancing capabilities to the external grid.

This paper constitutes an initial step towards a comprehensive 
framework by empirically exploring a foundational concept for ana
lysing the interplay of multiple stakeholders within a microgrid, each 
pursuing heterogeneous interests and decision strategies. It investigates 
how these strategic interactions affect the microgrid’s overall energy 
balance and the microgrid’s propensity to operate in a grid-supportive 
manner with respect to the external electricity system. Thus, the study 
establishes both the methodological basis and an application-oriented 
implementation that can be systematically extended in subsequent 
work into a more generalised framework and a robust test environment 
for the comparative evaluation of diverse demand-side management 
approaches.

2. Methodology

In this section the topology of the considered smart grid and its 
participants is explained. The general layout of the system is shown in 
Fig. 1.

Table 1 
Literature overview.

Reference MAS Individual EMS CentralEMS CompetitiveBehaviour Optimisation goals:
Energy cost Grid friendliness

Elsied et al. [10] ​ ​ x ​ x x
Hosseini et al. [11] ​ ​ x ​ x x
Arcos-Aviles et al. [12] ​ ​ x ​ ​ x
Atia et al. [13] ​ ​ x ​ ​ x
Nasr et al. [14] ​ ​ x ​ x ​
Moghaddam et al. [15] x ​ x ​ x ​
Radhakrishnan et al. [16] x x ​ ​ ​ x
Jun et al. [17] x ​ x ​ x x
Karavas et al. [19] x x ​ x x ​
Cui et al. [20] x x ​ x x ​
El-Afifi et al. [21] x x ​ x x x
Akter et al. [22] x x ​ x x x
This study x x x x x x

Fig. 1. General layout of the smart grid including prosumers and central
ised MES.
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The smart grid consists of a defined number of prosumer agents 
representing individual households, which are connected to the elec
tricity grid. At the medium-/low-voltage (MV/LV) substation, an EMS is 
implemented in the form of a grid agent. This grid agent is equipped 
with a large-scale ESS, providing balancing capacity both within the grid 
and for external grid stabilisation measures.

2.1. Prosumer agent

In the residential smart grid under consideration, individual house
holds are modelled as prosumer agents. Each household has both elec
tricity demand Pd, elec and heat demand Pd,heat that must always be met. 
Electricity can be supplied either from the supply grid or through the 
household’s individual PV system. To meet the heat demand, it is 
assumed that the considered households within the microgrid are 
equipped with an air-source heat pump (HP), resulting in an extra 
electricity demand PHP(Pd,heat). The modelling of the PV power output as 
well as the efficiency of the used HPs relies on environmental circum
stances such as solar irradiation or outside air temperature. Addition
ally, a portion of the households is equipped with an ESS, which is used 
in conjunction with cost-optimisation to minimise overall energy costs. 
The modelling of each component is presented in the following.

Load profiles: Describing the demand in the residential sector is 
challenging due to the heterogeneous structures of households and the 
individual preferences and needs of occupants. Thus, analysing indi
vidual EMS and their impacts on the broader electricity grid requires the 
individual modelling of each household’s demand profile. In this study, 
electricity loads are generated using the “LoadProfileGenerator” [26]. 
The “LoadProfileGenerator” allows for an action-based creation of in
dividual electricity profiles for residential households [27]. Therefore, 
individual profiles with individual characteristics for each prosumer 
agent can be derived. This is important, as stylised standard load profiles 
across multiple agents will lead to the exact same behaviour across 
different agents and does not reflect the heterogeneity in individual 
actions and habits.

For space heating demand, randomised standard load profiles [28]
are applied, assuming an average space heating demand of 13,400kWh 
per year and household, which reflects an average annual demand for a 
German residential building [29]. Hence, for this work, prosumer agents 
are assumed to only utilise BSS as an (electrical) flexibility option, 
thermal flexibility, such as heat storage or strategic operation of the HP, 
is not considered in this work. Consequently, the thermal domain is only 
considered on a marginal level, and the modelling of the heat demands is 
simplified, including the omission of domestic hot water and relying on 
thermal standard load profiles.

Both profiles are sampled at a Δt = 15min resolution. Fig. 2 presents 

the resulting daily electricity and heating demand for the individual 
households throughout different seasons of the year. The solid line de
picts the mean demand across all profiles, while the coloured areas 
indicate the minimum and maximum values observed at each time step 
throughout the sample. It can be observed that there is particularly high 
variance in electricity demand, resulting in distinct load profiles. This 
enables the modelling approach to reflect the diversity of individual 
behaviours and the heterogeneity of households.

Heat Pump: HPs are highly efficient systems for heating and cooling 
buildings. They upgrade low-temperature heat, e.g. outside ambient air, 
to higher temperatures using electrical driven compression. This makes 
them a sustainable alternative to conventional heating systems which 
convert other energy carriers into heat like natural gas boilers. For heat 
pumps, the heating power Q̇ is linked to the electrical power con
sumption PHP via the coefficient of performance (COP). 

Q̇ = COP(ΔT)⋅PHP (1) 

The COP depends on the temperature difference ΔT between the inside 
Tinside and outside ambient temperature Tambient, as well as the system 
efficiency ratio of the HP ηHP, which describes technical losses of the 
system components. The COP can then be expressed as [30]

COP(ΔT) = ηHP⋅
Tinside

Tinside − Tambient(t)
. (2) 

The inside temperature of the individual houses is assumed to be con
stant at Tinside = 20◦C [31] while the outside temperature relies on given 
weather data based on the open-meteo database [32]. If the outside 
temperature exceeds 20◦C the required electricity demand is set to PHP =

0kW. The efficiency ratio is set to ηHP = 60% [33].
PV plant: Individual PV systems will play a crucial role in the future 

transition to a more sustainable energy system. For households, they 
also offer an effective way to lower electricity costs. The power output 
generated by the PV system is influenced by several factors, including 
local solar irradiation I(t), the surface area of the installed panels APV, 
the efficiency of the modules ηPV, as well as the module temperature 
Tmodule(t), that decreases the cell efficiency. The power output can be 
calculated according to [34] as 

PPV = ηPV⋅APV⋅I(t)⋅(1 − γPV(Tmodule(t) − TSTC ) ), (3) 

with the efficiency of the modules ηPV = 18% [35], the temperature 
coefficient γPV = 0.4%/K. For this study an installed peak power of 
PPV,peak = 9kW is assumed, as it reflects an average size for private PV 
systems in Germany, which corresponds to a surface area of APV = 44m2 

[36]. The module temperature, which influences the efficiency of the PV 
system, can be described as 

Fig. 2. Electricity (top) and heating (bottom) demand of individual householdsin different seasons.
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Tmodule = Tambient +
I(t)

Uconv + Uw⋅vw(t)
, (4) 

where Uconv = 20W/(mK) represents the thermal loss factor for natural 
convection,

UW = 1.2Ws/K the thermal loss factor due to forced convection and 
the wind speed vW(t) [37]. The variable TSTC = 25◦C describes the 
reference cell temperature under standard test conditions, which are 
used to specify and compare the rated performance of PV modules [38].

Battery storage system: BSS are essential for enhancing the efficiency 
and reliability of PV systems in residential applications. By storing 
excess solar energy generated during peak sunlight hours, these systems 
enable households to optimise self-consumption, reduce dependence on 
the electrical grid, and mitigate fluctuations in energy supply. In this 
study BSS in individual households is used to achieve minimal electricity 
costs or increase self-sufficiency of private households. Kairies et al.
[39] analysed the development of PV storage systems in Germany and 
identified typical BSS capacities between 4 kWh and 11 kWh. However, 
due to the development of market prices and technological improvement 
of BSS [23], typical BSS capacities will most likely increase in the future, 
so that battery sizes of up to 15 kWh are considered [40]. The corre
sponding maximum charge/discharge power is derived assuming a 
typical C-rate of 0.5 for private BSS [40]. For this study a set of different 
storage capacities EP,bat,cap are randomly spread across the households. 
The different BSS are displayed in Table 2.

For each case a maximum depth of discharge (DOD) of DOD = 95% 
[41] is assumed, which results in a reduced effective capacity of 

EP,bat,max = DOD⋅EP,bat,cap (5) 

Further, system efficiencies for charging and discharging are considered 
as of ηcharge = 91% and ηdischarge = 92% [41]. Due to the short simulation 
horizon, battery degradation and self-discharge are neglected in this 
study, as their impact on the state of health becomes relevant only over 
substantially longer time scales [42].

Besides the individual components themselves, such as PV systems or 
BSS, appropriate control of these elements is essential to ensure their 
effective utilisation and to realise potential benefits. The literature 
presents a wide range of EMS, including optimisation and predictive 
optimisation based approaches [43–45], rule-based strategies [46,47], 
as well as methods based on AI and reinforcement learning [48–50]. In 
this study, two types of EMS are implemented for use within the pro
sumer agents. These approaches are introduced in the following 
sections.

Rule-based EMS: The first EMS is a simple rule-based approach, 
representing households with a focus on self-consumption and self- 
sufficiency, by utilising surplus energy from the PV system to cover 
the electricity demand. The general structure of the rule-based EMS is 
shown in Fig. 3.

In each timestep t the PV output is compared to the current electricity 
demand. Surplus energy will be used to.

charge the battery, if the SOC is smaller than 100%. Otherwise, it will 
be sold to the external grid if the battery is fully charged. In case the PV 
output is not sufficient to meet the electricity demand first the BSS is 
discharged before energy is drawn from the grid. Due to its simplicity 
and low computational [51] and informational requirements, such as 
interoperability with external participants and data connections [52], 
the rule-based EMS provides an easily accessible option for many 

households. Therefore, it can be assumed that, due to high user accep
tance, simple EMS will likely be adopted in the future if the penetration 
of individual PV systems and ESS increases in the residential sector [51].

Predictive optimisation-based EMS: A major concern of residents in 
individual households is to reduce energy costs. Therefore, households 
with PV and an ESS can be equipped with a second EMS using model 
predictive optimisation to find an optimal charging/discharging strat
egy over a given time horizon T = 24h for achieving minimal energy 
costs. The objective function can be expressed as shown below: 

minf cost =
∑

t̃∈T

(
Pgrid,buy

(
t̃
)
− Pgrid,sell

(
t̃
) )

⋅K
(
t̃
)

(6) 

Pgrid,buy (̃t) and Pgrid,sell
(
t̃
)

describe a constant power in each optimisation 
time step t̃ over a sample interval of Δ̃t = 15min. The electricity price 
K(t) results from historical data of the day-ahead electricity prices for 
Germany, referenced to an equivalent power consumption for the sam
ple interval [53].

As a constraint, the electricity demand for the household must be 
fulfilled for each time step: 

PPV
(
t̃
)
+Pgrid,buy

(
t̃
)
+Pbat,discharge

(
t̃
)

= Pd (̃t)+Pbat,charge
(
t̃
)
+Pgrid,sell

(
t̃
)
, ∀̃t ∈ T (7) 

Where Pd
(
t̃
)
= Pd,elec

(
t̃
)
+PHP

(
t̃
)

represents the total electricity demand 
including the HP power to cover the heat demand.

To ensure a correct charging/discharging of the BSS, additional 
constraints are required to describe the battery dynamics: 

E bat
(
t̃
)
= E bat

(
t̃ − 1

)
+

(

ηcharge⋅Pbat,charge
(
t̃
)
−

Pbat,discharge
(
t̃
)

ηdischarge

)

⋅Δt̃, ∀̃t ∈ T

(8) 

0 ≤ Ebat
(
t̃
)
≤ EP,bat,max (9) 

0 ≤ Pbat,charge (̃t) ≤ Pbat, max (10) 

0 ≤ Pbat, discharge
(
t̃
)
≤ Pbat, max (11) 

The corresponding parameters thereby reflect the battery characteristics 
of the assigned BSS for each specific household, which are described 
above, with ηcharge = 91% and ηdischarge = 92%, and the corresponding 
capacities and charge/discharge power from Table 2.

After finding an optimal strategy, the first step of this strategy is then 
implemented. In the next time step t + 1, the optimisation horizon is 

Table 2 
Capacities of BSS in residential households.

EP,bat,cap in kWh PP,bat,max in kW

4 2
8 4
11 5.5
15 7.5

Fig. 3. Decision tree of the rule-based EMS.
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shifted forward, and the optimisation problem is solved again. This 
iterative process continues in a rolling manner, ensuring that the strat
egy is continuously updated based on the latest information.

2.2. Grid agent

Beside the target of cost optimisation for individual households, 
distribution system operators need to ensure a safe and stable grid 
operation. To this end, load shifting plays a significant role [54]. For this 
simulation, a grid agent at the MV/LV-substation is introduced, utilising 
a larger scale ESS to achieve a grid-friendly behaviour of the microgrid 
to the outer electricity grid.

A crucial aspect of maintaining grid stability with the increasing 
integration of RES is adjusting demand to periods of high renewable 
electricity generation. Studies indicate that the share of renewables in 
the current electricity grid correlates with the associated CO2e emis
sions [55]. By shifting the electricity demand into times of low CO2e 
emissions in the electricity mix, a reduction of the residual load can be 
achieved and therefore aligns demand and RES availability. Therefore, 
the emission factor of the electricity mix can serve as an indicator for 
identifying favourable times to draw power from the grid or to provide 
electricity, thereby promoting the efficient utilisation of RES.

To achieve this behaviour, the grid agent uses its ESS capabilities to 
minimise the total CO2e emissions caused by energy obtained from the 
public grid.

As shown in Fig. 4 the total CO2e emissions (t) caused by the 
microgrid can be expressed as the total power from the grid PG(t) and the 
emission factor ∊(t): 

e(t) = ∊(t)⋅PG(t) = ∊(t)⋅
(
PG,bat(t,∊(t) )+PP(t)

)
(12) 

PG,bat(t, ∊(t) ) represents the charging/discharging power of the BSS in 
the grid agent, while 

PP(t) =
∑

i
PP,i(t) (13) 

describes the total power consumed from all prosumers.
The optimal charging strategy for the grid agent is derived by solving 

an optimisation problem for each time step t over a given time horizon T 
by minimising the following objective function: 

minf emissions =
∑

t̃∈T
∊
(
t̃
)
⋅PG (̃t) =

∑

t̃∈T
∊
(
t̃
)
⋅
(
PG,bat

(
t̃,∊
(
t̃
) )

+PP
(
t̃
) )

(14) 

In addition to the task of load shifting, which aims to reduce CO2e 
emissions e(t), highly volatile interactions with the broader electricity 
grid, characterised by steep power gradients, can induce frequency de
viations, particularly when the grid is unable to respond sufficiently fast 
to rapid changes in power demand [56]. Therefore, high peaks in the net 
load profile can have a negative impact on grid stability. To consider 
this, the objective function of the grid agent is extended by an additional 
term penalising high gradients in the resulting grid interaction PG(t). 
Therefore, the objective function results to 

minfgrid =
∑

t̃∈T
∊
(
t̃
)
⋅PG (̃t)+α

(
PG
(
t̃
)
− PG

(
t̃ − 1

) )2
. (15) 

The parameter α serves as a design parameter that allows balancing the 
two competing objectives of minimising emissions and reducing intense 
ramping. The appropriate choice of α depends on the specific structure 
and

characteristics of the external grid and can therefore not be specified 
in a generalised manner within the scope of this study. For this reason, α 
= 0 is assumed by default, placing the focus on load shifting. Never
theless, a dedicated analysis is conducted to evaluate the influence of α 
on the resulting net load profile.

The optimisation is constrained by the same battery dynamic rules as 
presented in the optimisation problem for the cost optimisation for the 
prosumer. As for the prosumer agent, this optimisation follows the same 
rolling procedure as described earlier, with the horizon being shifted 
forward at each time step and the problem being re-optimised itera
tively. The battery capacity for the grid agent is assumed to be 
EG,bat,max = 1MWh and a maximum charging/discharging power of 
PG,bat,max = 300kW. The size of the battery is oriented at Elkazaz et al.
[57], which considered a similar size of a microgrid (approximately 100 
households) for a centralised optimisation of energy costs and peak 
shaving applications. However, different battery sizes, ranging from 300 
kWh to 4 MWh will be considered in form of a sensitivity analysis to 
evaluate the impact of BSS sizing on the overall results.

2.3. Assessment of grid-supportive load flexibility

To assess grid friendly behaviour for different combinations of pro
sumer and grid agents, key performance indicators are required to 
quantify the impact of various scenarios. These indicators should cap
ture how different microgrid configurations influence overall emissions 
and, consequently, the grid-friendly and grid supportive behaviour of 
the system in relation to the external power grid.

The Grid Support Coefficient (GSC) proposed by Klein et al. [58] is 
used as an indicator to quantify grid-friendly behaviour of a consumer 
by weighting a time-resolved electricity consumption P(t) with a time- 
resolved reference quantity G(t), reflecting the current grid state, and 
compare it to the average of the referencing quantity over the consid
ered evaluation interval. 

GSC =

∫
P(t)⋅G(t)∂t
∫

P(t)∂t⋅G(t)
(16) 

As the CO2e emissions in the electricity grid correlate well with the 
availability of RES, the emission factor of the electricity mix reflects the 
residual load, representing the share of electricity demand that cannot 
be covered by renewable energy sources and must therefore be met by 
conventional, fossil-fuel-based power plants. Using the emission factor 
as the reference quantity the expression can be reformulated as 

GSC =

∫
PG(t)⋅∊(t)∂t
∫

PG(t)∂t⋅∊(t)
. (17) 

If the microgrid consumes power mainly in times of low carbon emis
sions, this will cause the GSC to be smaller than one. This implies that 
the electricity consumption is aligned to RE availability. Conversely, 
values greater than one suggest high consumption during periods of 
elevated CO2e emissions, leading to an increased residual load.

The applicability of the GSC to advanced energy management con
cepts has been demonstrated by Rahlf et al. [59], who employed the 
metric to evaluate bidirectional charging strategies in industrial DC 
grids.

While this metric provides a simple method for evaluating grid- 
friendliness, it is limited in scope, as it pertains solely to electrical 
loads but not to supply. To address this issue, separate GSC values for Fig. 4. Grid agent for emission reduction.
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consumption and supply are derived.
For the consumption case the GSC is now labelled as 

GSCC =

∫
PG(t)⋅∊(t)∂t
∫

PG(t)∂t⋅∊(t)
,∀PG(t) ≥ 0kW, (18) 

and can be interpreted as shown above.
However, for the supply case the formulation of the GSC needs to be 

separated and adjusted due to the following two reasons.
First, supplying to the grid results in a negative value for the power 

consumption PG(t), but due to the fraction the sign will cancel out. 
Therefore, the direction of the energy flow is lost during the evaluation.

Second, when supplying electricity to the grid, times of a high 
emission factor are desired, hence supplying from RES will reduce the 
residual load. In contrast supplying to the grid in times of (already) low 
emission factors may introduce additional stress in the grid, due to an 
overproduction from RES and is therefore not favourable. Therefore, 
grid friendly behaviour for the supply case is reflected by a GSC larger 
than one, because we want large RES supply in times of high emission 
factors. On the other hand, a GSC smaller one would indicate, that the 
electricity supply occurs mainly in times of a high share of RES in the 
electricity mix and therefore might cause stress in the grid due to 
overproduction.

Comparing the supply and the consumption case, it can be seen, that 
the interpretation of the GSC value is opposite, while simultaneously 
losing the information of the direction of the energy flow. To compen
sate for this the GSC for the supply case is inverted as shown in equation 
(19). 

GSCS =

(∫
PG(t)⋅∊(t)∂t
∫

PG(t)∂t⋅∊(t)

)− 1

, ∀PG(t) < 0kW (19) 

To keep the direction of the power flow and obtain a total GSC for a 
given period Ttotal, the load profile is dissected into individual sections 
n ∈ N of consumption or supply. The total GSC can then be expressed as: 

GSC =
∑N

n

Ts

Ttotal
⋅
{

GSCC, n : consumption state
GSCS, n : supply state ,∀n ∈ N (20) 

2.4. Economic assessment

In addition to technical considerations, the economic perspective 
plays a crucial role in the investment and efficient operation of RES and 
ESS. Particularly for cost-oriented prosumers, the decision to deploy 
individual PV systems or ESS is largely determined by their economic 
viability and overall cost-effectiveness. Therefore, the energy costs of 
both the prosumers and the grid agent are evaluated.

The agent’s energy costs can be calculated as the sum of the electric 
energy costs and additional costs for operation and maintenance (O&M) 
for the utilised technology: 

Ci(t) = Ei(t)⋅K(t)+CO&M,P (21) 

Ci(t) describes the overall costs in timestep t, while K(t) refers to the 
electricity price. Ei(t) represents the total electric energy consumed, 
which results from the mean power consumption Pi(t) multiplied by the 
sample interval Δt = 15min. For prosumer agents the costs for operation 
and maintenance CO&M,P can be expressed as 

CO&M,P(t) = LCOE⋅PPV(t) (22) 

where LCOE describes the levelized costs of electricity, representing the 
mean production costs of electricity for the prosumer, depending on 
their individual technology used. For PV and additional individual BSS 
the levelized costs of electricity are assumed to be

LCOE = 16ct/kWh[60]. The costs for individual PV without indi
vidual BSS are set to 

LCOE = 10 ct/kWh 

For the grid agent the investment and operation costs for the large-scale 
BSS are taken into account by a CAPEX of 600€/kWh and OPEX equal to 
2% of CAPEX per year [60].

Considering a battery lifetime of TG, bat = 20a [57] the O&M- costs 
for the BSS result in 

CO&M,G = CAPEX⋅EG,bat,max⋅
(

1
TG,bat

+2
%
a

)

= 1.20
€

Δt
(23) 

The total costs per timestep can then be expressed as: 

CG(t) = PG(t)⋅K(t)+CO&M,G (24) 

3. Case study

As a case study, a microgrid consisting of nP = 100 households is 
analysed under various assumptions regarding the degree of household 
demand flexibility and seasonal variations in electricity and heating 
needs. Four distinct scenarios are examined, each evaluated over three 
representative weeks throughout the year.

For the weather information relevant to energy conversion (PV, HP), 
such as solar irradiance and temperature, historical data for the location 
of Paderborn was used [32]. The electricity price K(t) results from the 
day-ahead-price from 2023 [61]. Further, an artificial offset of 25ct/
kWh is applied to the market price to incorporate aspects such as taxes, 
marketing expenses, or distribution fees, so that the resulting average 
annual electricity price for private households reflects a realistic level. 
For the grid agent the emission factor ∊(t) of the German electricity mix 
from 2023 is used [61].

Prosumer types: To simulate different levels of household flexibility 
options, four distinct types of prosumer agents are defined. The first type 
is a basic consumer with no access to PV or BSS. However, it is equipped 
with a heat pump, so that its heating needs are met through electricity 
usage. This type of grid participant is labelled as an “unmanaged con
sumer”. The second type of household features a rooftop PV system as 
described previously but lacks a BSS. Consequently, any discrepancy 
between PV output and electricity demand will be instantaneously met 
by either drawing from or feeding into the grid, as there is no capacity 
for shifting loads. In the following, this type of prosumer will be referred 
to as an “unmanaged prosumer.” In contrast to these unmanaged 
households, the third and fourth type of prosumer feature a BSS and an 
EMS to strategically utilise their BSS capacity. Thereby, the EMS can 
either be the aforementioned rule-based strategy (RB-prosumer) or 
utilise the predictive optimisation-based approach (OB-prosumer) as 
described above, either focussing on a high self-sufficiency or minimal 
energy costs.

Scenarios: To investigate the impact of varying levels of intelligence, 
objectives and energy flexibility options of the prosumer agents on the 
overall energy demand four scenarios are analysed. For each scenario, 
different distributions of prosumer types are examined. The shares of the 
individual prosumer types are shown in Table 3.

The first scenario (UnCon) represents a traditional grid layout with 
individual households acting as consumers and a small proportion of 
individual PV systems, where most households lack substantial auto
mation options. In the second scenario (UnPro), a higher share of 

Table 3 
Shares of prosumer types in different scenarios.

Unmanaged 
consumer

Unmanaged 
prosumer

RB- 
prosumer

OB- 
prosumer

UnCon 70% 20% 10% 0%
UnPro 20% 70% 10% 0%
RBPro 10% 10% 70% 10%
OBPro 5% 5% 20% 70%
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unmanaged prosumers is assumed, illustrating the effects of uncon
trolled decentralised electricity production within the microgrid. The 
third scenario (RBPro) features a larger proportion of managed, rule- 
based prosumer households. Here, there is a greater emphasis on self- 
consumption and the use of flexibility options, but without the need 
for advanced infrastructure or high implementation and data re
quirements. The fourth scenario (OBPro) focuses on minimising energy 
costs, utilising advanced EMS and strategies, even with higher imple
mentation effort.

To explore how the agents behave in various environmental sce
narios, three distinct weeks spread over the year are analysed as shown 
in Fig. 5.

The first week, set in summer, is characterised by high and consistent 
solar radiation during the days, as well as

distinct periodic patterns in both electricity prices and emissions. 
The second analysed week, taking place in March, represents an inter
mediate scenario with less regular patterns. Notably, the second half of 
this week experiences lower solar irradiance. In the third week, which 
falls in the winter season, there is almost no solar irradiance, meaning 
that most of the energy demand must be covered by consumption from 
the external grid.

For each scenario, the GSC is calculated to assess grid friendly 
behaviour of the microgrid against the broader electricity grid with and 
without the grid agent, showcasing the impact of centralised ESS on 
overall load management.

Additionally, the overall energy costs of each agent type are evalu
ated, to examine the profitability of each agent configuration under the 
assumption of dynamic electricity prices.

The results are presented in the following chapter. To further sub
stantiate the results, an additional simulation was conducted, using 
different weeks from the respective season. The results can be found in 
the appendix.

4. Results and evaluation

This chapter presents key simulation results and analyses the sys
tem's operational behaviour under varying prosumer configurations and 
seasonal conditions.

4.1. Agent behaviour

Initially, the energy exchange of the prosumer agents is examined, 
focusing on the impact of the different EMS and strategies in response to 
the system states.

Fig. 6 displays the overall electricity demand for different house
hold’s agent types for the summer season.

The unmanaged consumer has neither an individual PV system nor a 
BSS. Therefore, this agent is forced to cover its electricity demand 
Pdemand,i(t) by consuming from the external grid for a given price K(t)
over the time t. The resulting power consumption is labelled PPi (t). The 
unmanaged prosumer utilises an (unmanaged) PV system. The PV 
output power PPV(t) is given by the blue line. It can be seen, that espe
cially in the summer season, PPV(t) is much higher than the electricity 
demand Pdemand,i(t), resulting in a significant over production 
throughout the day. However, due to missing storage capabilities 
external electricity needs to be consumed during nighttime, when the 

Fig. 5. Solar irradiance, emission factor of the electricity mix and electricity price for three seasons.
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electricity price is generally higher compared to midday.
For the rule-based prosumer agent, utilising a BSS, the power ex

change with the electricity grid is similar to the unmanaged prosumer. 
This is because in the summertime, which is characterised by high solar 
irradiation, the battery remains fully charged throughout most of the 
day. This forces the agent to sell surplus electricity as soon as the SOC 
reaches 100%.

However, the electricity demand during the night and in the evening 
can be supplied by the battery, resulting in no electricity consumption 
from the grid throughout the week. In the morning, the battery is 

recharged, resulting in a delayed electricity supply to the grid compared 
to the unmanaged prosumer. Nevertheless, this behaviour is strongly 
dependent on the PV output. Especially in times of less solar irradiance 
over a longer period, this approach becomes more effective to reduce the 
overall grid interaction and reduce energy costs.

To illustrate the behaviour of the optimisation-based EMS, Fig. 7
presents the charging strategy of a randomly selected optimisation- 
based prosumer agent. The dashed lines indicate the charging strategy 
resulting from the agent’s cost optimisation over a one-day prediction 
horizon. As expected, it can be observed that the prosumer charges its 

Fig. 6. Electricity exchange of the unmanaged consumer, unmanaged prosumer and rule-based prosumer during the summer season.

Fig. 7. Charging strategy of the optimisation-based prosumer agent.
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battery when electricity prices are low and sells electricity back to the 
grid during periods of high electricity costs. This approach results in 
minimal electricity costs. However, it comes with the disadvantage of 
high peaks in the electricity exchange during favourable electricity 
prices and a more volatile and dynamic behaviour.

Fig. 8 depicts the charging strategy of the grid agent. In contrast to 
the prosumer agents, the grid agent determines its optimal strategy 
based on the emission factor ∊(t). The evolution of the battery's SOC 
demonstrates that the grid agent's actions are consistent with the 
objective of emission reduction. Notably, the aggregated power demand 
of the prosumer agents PP(t), resulting from individual cost-optimised 
strategies, exhibits a temporal profile that closely resembles the 
charging behaviour of the grid agent. This observation indicates a high 
correlation between the electricity price and the emission factor in the 
presented week, as both optimisation approaches lead to similar oper
ational patterns, particularly around midday.

4.2. Scenario evaluation

To illustrate the impact of the different scenarios on the overall de
mand profiles of the microgrid, Fig. 9 shows the effective power con
sumption from the grid.

In scenario UnCon, the microgrid primarily consists of consumer 
agents. As a result, the power exchanged with the grid is largely influ
enced by the grid agent, which generally charges the battery during 
midday and discharges it at night. The contribution of the consumer 
households to the overall demand profile is relatively small.

The scenario UnPro describes a microgrid predominantly including 
unmanaged prosumer agents, utilising PV plants. In this scenario a high 
surplus during midday can be obtained resulting in large negative values 
for PP,i(t). The grid agent works against this trend, compensating for the 
overproduction of the prosumer agents in times of already low 
emissions.

The third scenario RBPro showcases a higher focus on rule-based 
EMS. The difference between scenarios UnPro and RBPro is compara
tively small, as rule-based and unmanaged prosumers exhibit similar 
behaviour in summer (see Fig. 6).

The fourth scenario OBPro shows the most volatile demand profile, 
hence the large amount of cost-driven optimisation-based prosumer 
agents show a strong reaction to the electricity price. Depending on the 
correlation between the price and the carbon emissions in the electricity 
mix, the grid agent either works against or emphasises the behaviour of 
the prosumer agents. The effect is especially visible during midday, 
when the grid agent as well as the prosumer agents charge their 
batteries.

4.3. Impact of environmental conditions

Apart from the level of intelligence in the microgrid, environmental 
conditions significantly influence the demand profile. To assess the 
impact of seasonal variations and weather conditions, Fig. 10 illustrates 

the resulting demand profiles for a typical week in summer, spring, and 
winter for scenario OBPro.

In the summer months, a strongly periodic pattern can be observed in 
the carbon emissions. Additionally, significant fluctuations in the elec
tricity price occur. This behaviour leads to a correspondingly volatile 
load profile, as both the grid agent and the prosumers react to these 
fluctuations. In contrast, during the spring week, a significantly less 
pronounced control behaviour of the prosumer agents can be observed. 
While the electricity price and emission factor still exhibit periodic 
fluctuations, these are less pronounced and generally persist at a higher 
level. The reduced reactivity of the prosumers can be attributed to the 
smaller changes in electricity prices, which make the use of the battery 
uneconomical due to charging and discharging losses. Only in the sec
ond half of the week the prosumers begin to charge their batteries in 
anticipation of a price peak at the end of the week. In the winter months, 
no periodic pattern can be observed in the emissions, indicating a low 
share of PV energy in the electricity mix. However, given that the 
emission factor is lower compared to spring, it can be assumed that a 
high share of wind energy is available. At the same time, the electricity 
price exhibits a less dynamic pattern. Due to the less dynamic and 
aperiodic emissions and cost profiles, reactions from the prosumers and 
the grid agent are infrequent, mainly reacting to very few extensive 
peaks in emissions and electricity price. This can also be seen in the 
absolute electricity exchange of the agents with the external grid, as 
shown in Fig. 11.

The overall interaction with the external grid varies intensely on the 
season. During the summer each prosumer agent’s energy balance is 
characterised by a high amount of surplus energy, that is supplied to the 
grid. This behaviour can cause high stress in the grid due to the extensive 
power to be transferred [62]. As observed for the grid agent, electricity 
exchange with the broader grid mainly comprises surplus electricity 
from prosumer agents, temporarily stored in the grid agents BSS for load 
shifting. In contrast, the winter period is mainly characterised by con
sumption, both for the grid agent and the prosumers. In this case, the 
grid agent primarily imports electricity from the broader electricity grid 
during periods of low emissions to supply the prosumer agents within 
the microgrid.

Beside the season, the prosumer type results in significant differences 
in the grid interaction. For the optimisation-based prosumer the highest 
amount of electricity is exchanged with the grid, due to the price sen
sitive charging and discharging. With an unmanaged prosumer, lower 
values can be obtained. The rule-based prosumer generally shows the 
lowest grid interaction. However, in summer, a significant surplus is 
supplied to the grid due to the high PV generation and limited BSS ca
pacity. Nevertheless, in the spring and winter season, the rule-based 
EMS allows for a reduced grid interaction compared to all other pro
sumer agents, due to its focus on self-sufficiency.

The overall electricity exchange can impact grid stability due to line 
capacities and overall overproduction and undersupply cases, especially 
in systems with a high share of RES. Therefore, not just the absolute 
exchange is important, but the time, when energy is consumed or 

Fig. 8. Charging strategy of the grid agent.
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supplied to achieve a grid friendly behaviour. To gain some insights into 
the overall grid friendliness of the microgrid against the broader elec
tricity grid, each simulation is analysed and evaluated using the GSC as 
introduced in Equation (20). Furthermore, the impact of the grid agent is 
assessed by calculating the metric both with and without the stabilising 
grid agent. The results are presented in Table 4, which shows two GSCs 
for each combination of scenario and season.

It can be observed that in all configurations, the integration of a 
centralised grid agent contributes to a more grid supportive operation of 
the microgrid. However, the extent of this impact varies depending on 
the scenario and season. In summer, when low emissions are largely 

driven by photovoltaic generation, the grid agent and the level of pro
sumer agent intelligence significantly influence overall grid support
iveness. In contrast, simulations without the grid agent exhibit 
behaviour that is strongly non-compliant with grid supportive behav
iour. In spring and winter, the effect of the grid agent is less pronounced, 
resulting in relatively similar performance across all four scenarios. This 
indicates that high solar irradiance in conjunction with a high pene
tration of decentralised PV systems result in a non-grid supportive 
behaviour, even with a grid agent striving to compensate for the surplus 
electricity. This is why the summer months are of particular interest for 
the evaluation.

Fig. 9. Demand profile and power consumption from microgrid in different scenarios for summer.
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When considering the UnCon scenario, adding the grid agent shows 
the biggest impact, reaching GSC = 0.831. One possible explanation is 
the relatively small grid interaction of consumer households compared 
to prosumer agents with substantial surplus electricity. As a result, the 
actions of the grid agent primarily contribute to load shifting with 
respect to the external electricity grid, rather than balancing energy 
flows within the microgrid itself or compensating for the surplus of the 

prosumer agents. However, when comparing scenarios in summer, 
optimisation-based prosumers (scenario OBPro) exhibit a lower GSC and 
more grid-supportive behaviour than unmanaged or rule-based pro
sumer agents. This shows that strategic price driven EMS can help to 
achieve grid supportive behaviour. To confirm and further substantiate 
the statements made, the same analysis was repeated using three alter
native weeks in each season. The resulting GSCs with and without a grid 

Fig. 10. Impact of environmental conditions on the behaviour of the grid and prosumer agents.

Fig. 11. Absolute electricity exchange of each agent type in different seasons.
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agent are shown in Table 5. Additional evaluations can be found in the 
appendix.

It can be seen, that for the alternative weeks generally lower GSC 
values in all scenarios and seasons can be obtained compared to Table 4. 
This can be explained by a lower solar irradiance as shown in B 1 in the 
appendix. Nevertheless, Table 4 and Table 5 show similarities. In both 
cases the grid agent has the highest impact in the summer season, while 
the differences become less significant in spring or winter. Further, the 
UnPro scenario again shows the most non-grid supportive behaviour, 
which underlines the importance of a controlled energy production. In 
this summer week, however, the RBPro scenario shows a lower GSC 
value than the UnCon or UnPro scenario, which indicates that the rule- 
based agents can achieve a better utilisation of their BSS compared to 
the initial case study. The OBPro scenario shows a grid supportive 
behaviour even without a grid agent. When considering the electricity 
price and the emissions in the electricity mix from B 1, it can be seen that 
in this week both price and emissions often have their minima and 
maxima at the same time. Therefore, cost driven prosumer agents assist 
the grid agent in achieving grid supportive behaviour while optimising 
their battery management for low electricity costs.

4.4. Economic evaluation

An economic evaluation was conducted to assess the profitability of 
different EMS and household configurations by analysing the energy 
costs of grid participants as shown in Table 6 for the described case 
study.

For each agent type the mean overall costs are calculated with and 
without additional O&M− costs. It shows that prosumer agents can gain 
significant profit in the summer, due to the surplus of their PV system. 
However, in spring and winter positive energy costs are obtained, due to 
the reduced solar irradiance. Nevertheless, the integration of individual 
PV systems still results in lower energy costs for individual households. 

The addition of an EMS and a BSS shows some slight improvements on 
the overall costs compared to unmanaged prosumers. However, the 
impact is rather low, especially if additional O&M− costs are considered. 
Even though managed prosumers using an optimisation-based EMS 
adjust their charging patterns to increase profit, in the summer un
managed prosumers reach even higher profits due to lower Levelised 
cost of electricity (LCOE). However, this effect is primarily seen in the 
summer months. In spring, the results between optimisation-based and 
unmanaged prosumers only differ slightly, while in winter the managed 
prosumer benefits from its strategic charging compared to the unman
aged prosumer. This shows that, in situations with a lower PV output, a 
more strategic approach to charging and discharging the battery can 
lead to lower total costs, even if the LCOE are higher. For rule-based 
agents, self-sufficiency also leads to lower energy costs; however, the 
impact is less pronounced than for optimisation-based agents. Moreover, 
the additional O&M costs for PV and BSS result in only minor advan
tages compared to unmanaged prosumer agents.

The grid agent shows a different behaviour. While in the summer 
month the operation of the grid agent causes high costs, the costs are 
highly reduced in the spring and winter week. When not considering 
O&M costs even profit can be obtained, indicating, that electricity price 
and emission factor show a high correlation in these specific weeks, 
aligning economic concerns and grid friendly behaviour. This matches 
the observations from Table 5, where even without a grid agent GSC 
values smaller one can be obtained.

4.5. Sizing and operation of the grid agent

The introduction of a dedicated grid agent reduces the GSC value in 
all examined cases and thereby promotes more grid-friendly behaviour 
at the microgrid level. The sizing of the grid agent's BSS plays a decisive 
role in this context: larger BSS capacities are expected to further improve 
the aggregated net load profile, but at the expense of increased invest
ment as well as O&M costs. To evaluate this trade-off, a sensitivity 
analysis has been conducted, examining the influence of varying grid 
agent battery capacities on both the GSC and the overall costs for the 
grid agent. The OBPro scenario in the summer week was selected as the 
baseline for this evaluation, as it captures the interplay of diverging 
interests of the prosumers and the grid agent. Based on this scenario 
different battery sizes for the grid agent were considered ranging from 
EG,bat,max = 300kWh to EG,bat,max = 4MWh. The results are shown in 
Fig. 12.

the resulting trade-off between grid support and load profile 
smoothness (right).

It can be observed that increasing the grid agent's battery capacity 
leads to more pronounced peaks in the microgrid's net load profile PG(t), 
since a larger storage capacity enables the grid agent to shift greater 
amounts of energy into periods of high RES-availability. This behaviour 
is also reflected in the resulting GSC: higher battery capacities yield a 
lower GSC and thus a more grid-friendly operation of the microgrid 
towards the broader electricity grid. At the same time, however, larger 
battery capacities result in higher total costs for the grid agent, driven 
both by increased O&M costs and by the additional energy traded on the 

Table 4 
Grid Support Coefficient for load shifting assessment in different scenarios.

Summer (1 week) Spring (1 week) Winter (1 week)
incl.grid 
agent

nogrid 
agent

incl.grid 
agent

nogrid 
agent

incl.grid 
agent

nogrid 
agent

UnCon 0.831 1.405 0.91 1.02 0.912 1.03
UnPro 1.145 1.411 0.92 1.03 0.9 1.013
RBPro 1.103 1.428 0.89 1.0 0.9 1.015
OBPro 1.03 1.34 0.9 1.01 0.86 0.96

Table 5 
GSC for alternative weeks in summer, spring and winter.

Summer (1 week) Spring (1 week) Winter (1 week)
incl.grid 
agent

nogrid 
agent

incl.grid 
agent

nogrid 
agent

incl.grid 
agent

nogrid 
agent

UnCon 0.711 1.222 0.846 1.058 0.972 0.994
UnPro 0.803 1.306 0.894 1.130 0.972 0.994
RBPro 0.749 1.185 0.863 1.120 0.971 0.994
OBPro 0.758 0.932 0.881 1.035 0.970 0.992

Table 6 
Total energy costs for different agent types and scenarios. The table shows the mean values over all agent of each type.

Summer (1 week) Spring (1 week) Winter (1 week)
incl.O&M noO&M incl.O&M noO&M incl.O&M noO&M

OB-prosumer − 62.55 € − 111.74 € 33.93 € 24.58 € 39.12 € 37.84 €
RB-prosumer − 56.50 € − 105.57 € 34.98 € 25.71 € 41.66 € 40.44 €
unmanaged prosumer − 77.46 € − 108.18 € 36.57 € 30.78 € 44.12 € 43.37 €
unmanaged consumer 22.82 € 22.82 € 57.5 € 57.5 € 45.9 € 45.9 €
Grid Agent 791 € 215.69 € 384 € − 109 € 193 € − 300 €
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market. From these results, it follows that larger battery capacities are 
generally preferable regarding grid-friendly behaviour. However, the 
pronounced peaks occurring at high capacities can pose a challenge for 
the external grid, as such load spikes complicate grid balancing and may 
impair overall system stability [56]. To avoid high ramping, the objec
tive function of the grid agent can penalise high gradients in the net load 
profile, dependent on the design parameter α as described in equation 
(15). The impact of different α on the microgrids load for a battery size of 
1 MWh is displayed in Fig. 13.

The left plot illustrates the microgrid's net-load profile for varying 
ramping penalty weights α in the grid agent’s objective function. As α 
increases, the volatility of the interaction with the upstream electricity 
grid decreases noticeably, and pronounced peaks in both load and feed- 
in are smoothed out. While this qualitative behaviour is directly visible 
in the time series, a quantitative assessment of the overall profile 

volatility requires an aggregated metric. For this purpose, the root mean 
squared deviation (RMSD) of the net-load ramp 

σΔPG =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
T
∑T

t=0
(PG(t) − PG(t − 1) )2

√
√
√
√ (25) 

is evaluated, capturing the typical magnitude of fluctuations between 
consecutive time steps.

The right plot in Fig. 13 displays the impact of different α-values on 
σΔPG and the GSC. It can be observed, that the GSC increases substan
tially with rising α. This behaviour can be explained by the strong cor
relation between electricity prices and emissions around midday, which 
incentivises the prosumer agents to charge their batteries during this 
period. However, the grid consumption of the prosumer agents is 

Fig. 12. Influence of the grid agent's battery storage capacity on the microgrid's net load profile (left) and on the resulting GSC and total costs of the grid 
agent (right)..

Fig. 13. Effect of the ramping penalty weight α on the microgrid net-load profile (left) and.

Fig. 14. Impact of varying BSS sizes and ramp penalties on the GSC (left) and the RMSD (right).
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constrained by the ramping penalty, so that their batteries are pre
dominantly charged from the grid agent's battery storage rather than 
directly from the grid. Consequently, the grid-supportive effect of a high 
correlation between electricity price and emission factor is partially 
counteracted, resulting in a deterioration of the GSC. This effect is 
further substantiated by Fig. 14, in which different combinations of α 
and battery capacity are evaluated jointly.

Both parameters have a pronounced impact on the load-shifting ca
pabilities of the microgrid. While a large battery capacity in conjunction 
with a low α generally facilitates effective load shifting, this configura
tion simultaneously gives rise to comparatively high values of σΔPG . The 
opposite parameter combination, a higher α paired with a smaller bat
tery capacity, improves σΔPG but at the expense of reduced shifting 
flexibility. The sizing and operation of stabilising units therefore 
necessitate a careful balance between these competing objectives, 
particularly because the dispatch decisions of the individual prosumer 
agents directly shape the operating regime of the grid agent. This finding 
emphasises that the interplay between the heterogeneous grid partici
pants and their respective objectives can only be addressed adequately 
through a detailed analysis of the underlying dependencies, which 
constitutes a prerequisite for deriving practically applicable strategies 
for microgrid operation.

5. Discussion and future research

The presented study investigates diverging interests between indi
vidual households and distribution system operators in microgrids by 
simulating the interaction between price-driven households and a cen
tral grid agent responsible for achieving grid supportive behaviour 
under the assumption of different EMS and flexibility options of indi
vidual prosumer agents. However, various assumptions were made, that 
heavily influence the overall results and need to be discussed in the 
following.

In this study, historical day-ahead market data were used to describe 
the electricity price profile for the households; however, these data were 
found to only partially promote grid-friendly behaviour among indi
vidual prosumer agents as needs to be seen as a placeholder for dynamic 
pricing concepts, that incentivise grid friendly behaviour. Especially the 
second simulation (cf. Table 5) indicate, that dynamic pricing mecha
nism can support grid supportive behaviour of cost driven prosumer 
agents. Therefore, future research will focus the establishment of 
microgrid-internal electricity markets and the evaluation of price driven 
concepts for grid stable operation. Beyond the isolated consideration of 
pricing mechanisms, future research should investigate the strategic 
interaction between the control strategy of the centralised grid agent 
and the effects of dynamic pricing schemes. A coordinated design, in 
which market signals and the dispatch strategy of the grid agent operate 
in a complementary manner, can compensate for the inherently unpre
dictable behaviour of residential participants, as also demonstrated by 
Yan et al. [24], and thereby enhance the resilience and grid stability of 
the microgrid in a more systematic way than either mechanism could 
achieve in isolation. Combining these approaches may allow a reduction 
of the required capacity, thereby lowering costs for distribution system 
operators. However, the results reveal a substantial discrepancy be
tween the different seasons, indicating that a more detailed temporal 
analysis is required to holistically assess the overall impact of the grid 
agent on the electricity grid and profitability of the different technolo
gies used by individual households under varying environmental and 
economic conditions. Especially in the case of grid operators, whose 
main task is to maintain grid stability, an economic assessment must 
take into account the entire system as well as alternative stabilisation 
measures that may be required in order to make a statement about 
profitability and suitability of the grid agent.

In this study the GSC is used to evaluate load shifting capabilities and 
to assess grid supportive behaviour. The definition of the metric as 
provided by Klein et al. [58] was further extended to be applicable not 

just to electric loads, but to allow the assessment of both, electricity 
consumption and supply. However, load shifting only reflects one aspect 
of technical system stability. By varying the optimisation strategy of the 
grid agent, the trade-off between peak load reduction and load shifting 
was evaluated. However, important technical factors such as frequency 
regulation, line capacities and voltage stability are not yet included in 
this framework and would need to be incorporated for a more 
comprehensive assessment of grid stability. Therefore, in future work, 
this concept will be further developed including the integration of dis
tribution grid topologies and more advanced technical simulation based 
on the pandapower framework [63]. Additionally, the emission factor 
employed in this study represents the national German electricity mix, 
so that the influence of a single microgrid on this aggregated signal is 
negligible. However, the national emission factor provides only limited 
information on the local emission factor and, consequently, on the grid- 
friendliness of the resulting operation with respect to the local distri
bution network. Moreover, as the concept is scaled up to multiple 
microgrids, their collective operation would increasingly affect the local 
emission factor, further weakening the validity of treating the external 
grid as independent.

Moreover, prosumer agents need to be modelled with greater detail 
by incorporating more realistic demand profiles, based on different 
building types and demographic characteristics to appropriately reflect 
the heterogeneity and uncertainty in resident’s electricity and heating 
demands. As this work relies on synthetic load profiles, real-world de
mands will deviate due to occupant-specific behaviour and stochastic 
fluctuations not captured by synthetic data. The findings should there
fore be read as a relative comparison between scenarios rather than as 
absolute predictions.

This also applies to the agent’s energy assets. The modelling of PV 
systems can be extended to include varying system sizes and orienta
tions, resulting in individualised PV profiles for each household. 
Furthermore, degradation effects and battery ageing, as described, for 
example, by Wamalwa et al. [64], should be incorporated into the BSS 
model. Since this study evaluates only three representative weeks, the 
impact of battery degradation is assumed to be negligible. However, for 
longer simulation periods, these effects become significant due to their 
influence on the reduced flexibility of both prosumers and grid agent. In 
addition to the energy assets themselves, a broader range of EMS must 
be considered to enable more realistic and diverse simulations of resi
dential areas. The choice of different EMS strategies substantially affects 
the overall load profiles of prosumer households and should therefore be 
systematically analysed in future investigations. In this study, heat de
mands were modelled in a simplified manner, as only electrical flexi
bility options (BSS) were available. Once thermal flexibilities and more 
advanced EMS are integrated, heat demands will need to be modelled in 
greater detail, particularly with regard to their heterogeneity across 
households. Furthermore, the assumption that heat pumps will be used 
to meet the heat demand of households and the resulting impact on the 
electric load profile may be mitigated by alternative heating concepts 
such as district heating, which also provide a promising approach for a 
sustainable heat supply in residential areas, as demonstrated by Div
kovic et al. [65]. Another critical aspect is the integration of electric 
vehicles, which are anticipated to significantly shape household elec
tricity consumption patterns in the future and simultaneously offer 
greater flexibility to the prosumer agents by utilising smart charging 
strategies.

An important aspect in the evaluation and analysis of different DSM 
concepts is the reliability of the derived findings. Since decisions of the 
prosumer agents are mainly influenced by the highly uncertain behav
iour of residents, the underlying electrical and thermal load profiles 
reflect only one possible behaviour of a prosumer agent. However, in 
reality, the resulting load profile will vary and impact the results as 
stated by Fischer et al. [2]. Therefore, sensitivity analyses (e.g. Monte 
Carlo methods) need to be carried out to robustly substantiate the results 
by accounting for uncertainties in load profiles, weather conditions, 
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disruptive events or external influences from the broader electricity 
grid. Further, the results need to be validated against real-world data of 
existing microgrids in future research to confirm that the proposed 
modelling approach yields trustworthy representations of individual 
grid participants' behaviour and the resulting system-level implications.

6. Conclusion

The proposed MAS provides a framework for evaluating demand- 
side flexibility in a microgrid by simulating the interactions between 
heterogeneous participants, namely economically motivated prosumer 
households and a grid agent tasked with coordinating load shifting at the 
system level. Its primary purpose is to establish a foundational basis for 
the joint evaluation of different DSM approaches, such as dynamic 
electricity pricing in combination with centralised, grid-stabilising as
sets, while accounting for the perspectives of residents and distribution 
system operators.

The investigations reveal that the heterogeneity of the individual 
households, together with varying distributions of energy assets such as 
PV systems and BSS, substantially influences the energy exchange be
tween the microgrid and the external grid. This effect is most pro
nounced in summer, when the unmanaged feed-in of decentralised PV 
systems causes a non-grid-supportive behaviour of the microgrid. For 
cost-driven prosumer agents, a strong correlation between electricity 
prices and emission factors can mitigate this effect by incentivising grid- 
friendly dispatch at the household level. The benefit, however, varies 
considerably across seasons and depends on the individual EMS 
configuration, which limits the reliability of price-based mechanisms as 
a stand-alone instrument.

The introduction of a dedicated grid agent addresses this limitation 
by actively balancing the aggregated load profile of the microgrid. In 
most cases, its presence results in a grid-supportive behaviour with a 
GSC below one. During summer periods with high PV penetration, 
however, the surplus electricity exceeds the compensation capability of 
the grid agent (cf. Table 4). Increasing the battery capacity of the grid 
agent generally enhances its load-shifting capabilities yet entails addi
tional investment and operational costs for the DSO. The concrete 
operating strategy is equally relevant: incorporating additional objec
tives such as peak reduction reduces the influence of the grid agent on 
the GSC and was further found to counteract the positive effect of 
incentivising grid-friendly behaviour at the household level, as the grid 
agent limits the energy exchange with the external grid. Consequently, 
for the development of suitable operating strategies for microgrids, these 
interdependencies must be thoroughly analysed and accounted for. If 
these interactions are appropriately considered, however, a combined 
deployment of both approaches appears promising: dynamic pricing 

steers the dispatch decisions of the prosumer agents towards grid- 
friendly operation, while the grid agent compensates for residual im
balances that cannot be resolved through price signals alone. This allows 
reducing the energy costs of individual households, while simulta
neously reducing the technical effort for DSOs to balance and stabilise 
the electricity grid.

The present work establishes the methodological basis for system
atically investigating these interdependencies and provides a foundation 
for future studies on the coordinated design of market mechanisms and 
centralised grid-stabilising assets, ultimately supporting the develop
ment of resilient and efficient microgrid management concepts.
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Appendix A 

The simulation parameters and assumptions are listed in the following table:

Parameter Value Source/Assumption

Pd,elec Timeseries [26,27]
Average annual heating demandof a German household 13,400kWh [29]
Pd,heat Timeseries [28]
ηHP 60% [33]
Tinside 20◦ [31]
Tambient Timeseries [32]
ηPV 18% [35]
γPV 0.4%/K [34]
Uconv 20W/mK [37]
Uw 1.2Ws/K [37]
TSTC 25◦ C [38]
APV 44m2 [36]

(continued on next page)
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(continued )

Parameter Value Source/Assumption

EP,bat,cap [4,8, 11, 15]kWh [39,40]
C-Rate 0.5 [40]
DOD 95% [41]
ηcharge 91% [41]
ηdischarge 92% [41]
EG,Bat 1MWh [57]
PG,bat,max 300kW [57]
LCOE [10, 16]ct/kWh [60]
CAPEX 600€/kWh [60]
OPEX 2%ofCAPEX/a [60]
Tlifetime 20 years [57]
I(t) Timeseries [32]
K(t) Timeseries [53]
∊(t) Timeseries [53]

Appendix B 

The following figures show the second simulation with different weeks, that was carried out to verify the results from the initial case study 
described in the paper. The nomenclature and labelling of the scenarios were kept:

Fig. B1. Alternative weeks. Electricity price, emission factor irradiance and ambient temperature for each week.

K. Henne et al.                                                                                                                                                                                                                                  Energy Conversion and Management: X 31 (2026) 102030 

17 



Fig. B2. Alternative weeks. Electricity exchange of the unmanaged consumer, unmanaged prosumer and rule-based prosumer during the summer season.
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Fig. B3. Alternative weeks. Demand profile and power consumption from microgrid in different scenarios
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Fig. B4. Alternative weeks. Impact of environmental conditions on the behaviour of the grid and prosumer agents

Fig. B5. Alternative weeks. Absolute electricity exchange of each agent type in different seasons.

Table B6 
Total energy costs for different agent types and scenarios. The table shows the mean values over all agents of each type.

Summer (1 week) Spring (1 week) Winter (1 week)
incl.O&M noO&M incl.O&M noO&M incl.O&M noO&M

OB-prosumer − 21.95 € − 47.31 € 14.66 € − 3.90 € 86.84 € 86.06 €
RB-prosumer − 11.80 € − 36.73 € 12.30 € − 0.81 € 86.35 € 85.66 €
unmanaged prosumer –23.22 € − 39.01 € 8.67 € − 0.89 € 91.78 € 91.35 €
unmanaged consumer 21.45 € 21.45 € 41.95 € 41.95 € 92.4 € 92.4 €
Grid Agent − 2.28 € − 495 € 787 € 211 € 377 € − 198 €
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Data availability

Data will be made available on request.
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