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Introduction
To match demand and supply in electrical energy grids multiple ways can be used. 
Adjusting the supply-side can be complicated (depending on the type of power plant) or 
strongly limited, as renewable energy sources can be reduced in power output but not 
increased. However, reducing the output of renewable energy power plants means, that 
renewable energy supply remains unused in order to not overload the power grid. There-
fore, it gets more relevant how to adapt the demand to match the supply best. One way 
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Abstract
With the increasing share of distributed renewable energy sources the need arises 
to store excess energy and/or to shift demands to match the given supply. To 
coordinate multiple suppliers and demands in a local energy-system different control 
approaches can be used. This publication introduces a framework called MASSIVE 
that aims to coordinate multiple participants in a district energy-system. The energy-
system is controlled in a distributed way by using a multiagent approach that is 
scheduled by a market-mechanism. This market-mechanism allows to coordinate 
many individual agents with only few restrictions by using pricing mechanisms. This 
offers an incentive for the agents to adapt their power consumption to best match 
the forecasted power supply. However, the agents are free to follow this incentive 
or ignore it depending on the value of the incentive. The individual agents are 
flexible in the internal approach to forecast power supply or demand, allowing easy 
development of agents using individual algorithms. The coordination takes place 
using a market-mechanism that is similar to the day-ahead market. It, however, is run 
multiple times a day to form a rolling horizon, making it less sensitive to forecasting 
errors. The market approach furthermore exhibits a nearly linear scalability with 
regard to the duration of the market clearing. On the used computer, the creation 
and solving of the linear optimization-problem is performed in less than one minute 
for approximately 1500 participating agents. Therefore, this approach is capable of 
real-time use and can be used in real-world applications.
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to do so is to add storages. Another way is, to adapt the demand of the existing consum-
ers so that they can shift their electrical demand over time, called Demand Side Manage-
ment (DSM). An example of those shifted demands is the usage of heat-pumps, that can 
heat up houses or hot water storages during times of cheap (and excess) electricity and 
reduce their consumption in times of little renewable power supply.

In order for this shift to work, communication between the consumer and the produc-
ers is needed. Additionally, the consumer should also communicate with other consum-
ers to prevent situations, where multiple consumers shift in the same way, also leading 
to an overshooting of the system. Furthermore, a better matching of supply and demand 
can be done in local micro-grids, the less the overall distribution grid is stressed.

This publication presents a modular, open-source framework, that can be used to 
coordinate local micro-grids for districts, campuses, and the combination of multiple 
energy systems in general. It uses time-discretization and repeatedly performs power 
dispatch, forming a rolling horizon. In this power dispatch, not only the next time-step 
is taken into account but the whole upcoming horizon (in the examples the next 24 h). 
By including the whole horizon in the market mechanism, the benefit of load shifting 
can be directly estimated. As the action in one time-steps influences all later time-steps, 
the time-steps in the horizon cannot be solved independently, but are coupled with each 
other. This inclusion of many coupled time-steps (the whole horizon) in a market-mech-
anism for the application in agent-based scheduling of micro-grids has not been pub-
lished before, to the knowledge of the authors.

Due to its modularity, the presented framework can help analyze the influence of indi-
vidual components, as they can easily be replaced by different implementations.

The paper is structured as follows: First, some background to used terminology and 
some commonly used approaches is given. Chapters 3 (Main aims of MASSIVE and dif-
ferences to existing approaches) and 4 (Structure of MASSIVE) present the main goals 
and the structure of the newly developed distributed control (“MASSIVE”). Chapter 5 
(Scalability for district systems) indicates how the overall system scales followed by 
chapter  6 (Additional modes of operation) that introduces more modes of operation. 
Chapter 7 (Conclusion and outlook) concludes this publication and gives ideas for fur-
ther development.

Theoretical background
To highlight the new aspects of MASSIVE, first some terminology is specified. This 
includes used timescales, as well as differences between centralized, decentralized and 
distributed control approaches.

Differentiation between control, scheduling & planning

When discussing how to run a plant (or system in general) multiple terms occur. In 
order to avoid misunderstandings, the terms “control”, “scheduling” and “planning” 
shall be defined and explained in this section. The definition of these terms is adapted 
from [1–3]. One of the main differences is the time horizon of each of those decision-
making processes. A rough estimate of the length of horizons is given in Figure 1.

To avoid confusion, the term of “optimization” will not be used to refer to some deci-
sion-making process, but only to the approach of solving mathematical problems.
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The approach presented here deals with a resolution of a few minutes (currently time-
steps with a duration of 15 minutes are chosen) and a horizon of one day. This horizon 
also may be extended if necessary. With these durations, the approaches presented in 
this work can be classified into the field of supervisory control up to scheduling (when 
avoiding the term “optimization” as mentioned above). For the rest of the publication, 
the term scheduling will be used.

Centralized, decentralized and distributed approaches

Control systems can be categorized into centralized, decentralized and distributed sys-
tems according to [4]. A visualization based on [5] is shown in Figure 2.

In a centralized control, there is only one single instance doing the control, and other 
parts are only providing data and taking care of implementing decided actions. Whereas 
in a decentralized control, there are many instances, that each control their part subsys-
tem, but do not communicate to coordinate themselves with each other. In a distributed 
approach, the individual instances, each control a subsystem, but communicate with 
each other [4].

For MASSIVE a distributed control approach is chosen as it combines aspects, that are 
relevant for agent-based control. Each local controller knows more about the state of the 
whole system than it would do in a decentralized control. This leads to better decisions 

Fig. 2  Comparison of control schemes Unit represents a local consumer or producer and LC a Local Controller. In 
a distributed control scheme, the local controllers can either be connected to all other LCs or only to some oth-
ers. The “physical connection” links units together by physical processes as e.g. heat transfer or because they are 
coupled to the same power-grid, i.e. they influence each other. It does not imply any communication. Communi-
cation is depicted as dotted lines in the upper part of the figure. Based on [5]

 

Fig. 1  Hierarchy of planning, scheduling and control and used time-steps and horizons for each of them. Adapted 
from [2]
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and therefore getting closer to the overall optimum. Another advantage is the increased 
resilience to communication disturbances compared to a centralized control. This is 
especially true for systems without single points of failure.

Distributed multiagent systems

Among other ways, distributed control can be implemented as multiagent control. In a 
multiagent approach, the single entities (autonomous elements of the energy system) are 
seen as agents (cf. [6]). Agents can have the ability to control their subsystem and react 
to unforeseen changes in their subsystem in a more advanced way than a simple consen-
sus-based controller. Further information on such multiagent approaches can be found 
e.g. in  [7, 8]. The individual agents can have their own (and different) control mecha-
nism. This can be a rule-based approach, but also an analytical or optimization-based 
approach. In this publication, agents with rule-based control, as well as with model pre-
dictive control are used. More information of the combination of model predictive con-
trol and distributed control can be found in [9].

Each agent adapts its behavior depending on the state of the system. Since the state of 
the system is dependent on the behavior of each agent, each agent adapts its behavior 
indirectly depending on the decision of the other agents. Therefore, the order in which 
the agents chose a decision may be of relevance. Hence, the coordination of the agents 
can also be differentiated depending on when the local controllers are updated. In gen-
eral, there are three possibilities on when to update the single agents: One after the other 
(serial), all in parallel, or something in between. A general comparison on different com-
munication schemes can be found in [10, 11].

Main aims of MASSIVE and differences to existing approaches
The framework introduced here is called MASSIVE, short for “MultiAgent Scheduling 
Solution in a Virtual Environment”. The development of MASSIVE follows the aims, that 
are described and reasoned below.

As the name already states, MASSIVE is a framework for an agent-based control 
approach. This concept is chosen, as it enables easier development and maintenance 
as well as simpler addition and removal of individual parts compared to a centralized 
control system. Agents can represent different types of participants. Those can be con-
sumers, producers or prosumers. They all can follow a similar internal structure, leading 
to simple adaptation if the real-world system changes. This general structure for agents 
shall make it easy to participate in this system from a technical side. To reduce the entry 
hurdle even more, exemplary implementations for different agents are released open-
source to provide starting points for the own individual systems. The power consump-
tion or power supply of the agents is communicated for discretized time-steps of a fixed 
length. Within this time-step the power is assumed to be constant.

The coordination of the agents is done by a central agent called “central instance”. 
This instance communicates with all agents and does the power dispatch by using mar-
ket clearing. The market clearing is performed repeatedly for the upcoming time-steps, 
forming a rolling horizon. The market clearing is inspired by the day-ahead market 
clearing used at the European Power Exchange EPEX Spot [22]. However, the market 
of MASSIVE is cleared much more frequently, so that subsequent market clearings 
also have a strong overlap in the time-steps they take into account. Another difference 
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between the day-ahead market and the market-mechanism in MASSIVE is the differ-
ent structure of bids, allowing for easier participation in MASSIVE. More details on the 
used structure of bids is given in subsection Marketplace and market-mechanism.

Compared to a central approach, this offers the advantage of being more privacy-
friendly, as fewer data needs to be shared with other entities. Furthermore, it is easier 
to parallelize as the individual agents are only coupled via the repeated market clearing. 
More general comparisons of central and decentralized approaches have already been 
published (e.g. in [12, 13]).

The distributed approach presented here offers a higher modularity than a central-
ized approach, where all information needs to be transferred to a single entity and are 
processed by a single approach (be it rule-based, optimization-based or otherwise). This 
distributed approach offers the combination, as different agents can follow different 
methods to decide their own forecast. Additionally, the communication is based on a 
commonly used protocol. This conceptually enables the use of different programming 
languages within agents, which is not possible in a central control.

Within the distributed approaches, some work without a central instance (e.g. [14–
16]). There, the agents (sometimes also called participants) often communicate with 
their direct neighbors, but sometimes also with the whole network. In contrast to this, 
MASSIVE uses a central instance to provide a single point of communication. Therefore, 
the agents do not need to communicate with multiple partners, but only with a single 
one. Furthermore, the agents do not need to know which other agents are part of the 
network, improving privacy of the approach.

Some distributed approaches (e.g. [16–18]) also use a central instance, but often han-
dle the agents in a sequential process. In MASSIVE the agents can calculate their new 
forecast in parallel, making the approach more scalable to higher number of agents while 
staying applicable to real-time applications. Another approach also updating agents in 
parallel (and in an iterative fashion) is [19]. However, this approach does not take cou-
pling of time-steps into account, but solves the separate time-steps independently. The 
approach there also allows only parts of the agents to update their bids. So only the sell-
ers or buyers are allowed to update, depending on if there is more supply or demand. By 
this, no optimization is needed, but the market clearing can be performed rule-based.

In addition, MASSIVE can be used to compare the multiple ways of coordination, 
by supporting single-shot and iterative paths (cf. section  7). The single-shot approach 
performs a single market clearing for each starting time, whereas the iterative approach 
performs multiple market clearings in order to converge towards a solution per starting 
time. The latter is computationally more expensive but can be beneficial if the system 
at hand is highly volatile (e.g. the forecasts deviate much between consecutive start-
ing times). This support of multiple approaches is not done by another solution to the 
knowledge of the authors.

As a last differentiation to many other solutions, MASSIVE clears the market for a 
complete horizon of time-steps, as opposed to other solutions, that clear only the next 
time-step without taking further steps into account (e.g. [20, 21]). Therefore, those solu-
tions do not do scheduling by the definition above, and do not encourage shifting of 
demands across time-steps. Also approaches, that take the whole horizon into account 
do not couple time-steps, so they clear the market for the time-steps independently 
(e.g. [19]). This makes it harder for participating agents to perform the Demand Side 
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Management mentioned above, as no restrictions between time-steps are taken into 
account (e.g. inertia of units or the need for consecutive demand).

This combination of a distributed, agent-based control employing a central market 
mechanism to clear a rolling horizon and allows for a parallel update of participating 
agents is not found in literature to the knowledge of the authors.

Furthermore, as the source code of MASSIVE is publicly available and MAS-
SIVE follows a modular structure, it can serve as a basis for own examinations and 
comparisons.

Structure of MASSIVE
After introduction of the main lines of the concept, the following section will introduce 
the structure of the interaction of the components and will also show how the agents 
themselves are structured. The shown agents are used for the example case below but 
can easily be replaced or adapted to fit the need for the specific situation.

This section will start with an overview of the interaction between the agents, followed 
by an introduction into the used market-mechanism and the different types of agents 
employed here. These can be split into two groups. Agents that perform optimization 
in order to determine the needed or supplied power and agents that perform rule based 
decisions of the power, they can provide or need.

Overall structure

As can be seen in Figure 3, the whole system is split into multiple agents.
Those communicate via a specified protocol. In the current version, MQTT is used, 

as this is widely available on many platforms, an established standard and can deal with 
many messages in brief time-scales. Since communication is done via network connec-
tions, it is trivial to distribute the agents to multiple machines, leading to an easy deploy-
ment in across buildings.

Fig. 3  The overall structure of the MASSIVE-Framework. It consists of multiple agents, an instance for coordination 
and an instance for central decision-making. This decision-making is done in form of a marketplace. For this mar-
ketplace each agent hands in one or multiple bids (buying and or selling bids) and it receives information which 
bid got accepted and will be turned into practice. More details to each of the building blocks can be found in the 
following sections
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Each agent is allowed and requested to hand in one or multiple exclusive bids (i.e. mul-
tiple bids cannot be combined). Each bid specifies a power forecast and a price for that 
power. Both, the power and the price are time-dependent for multiple time-steps of the 
horizon. In the examples shown in this publication, the horizon is always 96 time steps 
of 15 minutes each. Therefore, the power and price do not need to be constant over the 
upcoming forecast. The power forecast of each time-step can be a demand or a supply 
of power, depending on the sign of value handed in (positive for supply and negative for 
demand). Depending on the sign of the power forecast, the communicated price for that 
time-step is automatically interpreted as upper (for demand) or lower (for supply) price 
limit.

The communication between the market mechanism and the individual agents is 
organized by a management layer. This layer is responsible for requesting and collecting 
the bids as well as for communicating the results of the market clearing. That approach 
increases the modularity and makes it easier to adapt the market mechanisms if wanted.

The scheduling here works on time-steps of 15 minutes. Therefore, aspects like sta-
bility of the power frequency are outside the scope of this approach, as is also in other 
market mechanisms. To deal with stability of power frequency, other means of multi-
level reactive power are needed. This is also similarly done in the day-ahead market at 
the European Power Exchange (EPEX) [22], where the aspect of frequency stability is not 
regarded.

As shown on the right, more agents could be included in the system, than presented 
here. Those agents can be added as needed. This also includes agents with different inter-
nal mechanisms as well as different programming languages used, as the agents only 
interact via JSON-encoded data in MQTT-messages. So not only MPC-agents using 
COMANDO [23] or PYOMO [24, 25] are possible, but also using e.g. JModelica [26] or 
other frameworks. For the sake of simplicity, this paper only uses agents depicted in the 
figure.

In the examples shown in this publication, it is assumed, that all agents are owned 
and operated by the same entity. However, this does not need to be true. If the agents 
are owned and operated by different entities, this approach shows its advantage of the 
increased privacy compared to other approaches (e.g. centralized or distributed ones 
with more specific communication.) The distributed ownership only needs to agree on 
the use of the central market-mechanism. As the whole source code is publicly available, 
all involved parties have the option to check the correct operation of the market mecha-
nism. The cost for operating the server to run the market clearing and the communica-
tion need to be shared by the participating parties.

If the agents are owned by different parties it needs to be emphasized, that MASSIVE 
does not include any form of payment mechanism. This needs to be done outside MAS-
SIVE with the uniform power price and the traded volumes as determined by MASSIVE.

Communication between agents and marketplace

As the management coordinates the whole communication, it queries all agents to 
provide bids for the next market clearing. The query contains information about the 
upcoming horizon such as the number of time-steps and the duration. It furthermore 
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includes the prices that were determined in the previous market clearing to provide 
some guidance.

The bids by the agents can be selling bids, buying bids, or combined bids. On a techni-
cal level, the agents do not need to make the distinction between the types of bids, as 
this is implicitly clear by the value of transmitted power.

Each bid contains at least one variant how the agent forecasts to consume or supply 
power. Optionally, the agents can hand in multiple variants. This is helpful, if the systems 
can be operated in different ways, as is the case for some heating-systems and energy 
storages. If the agent hands in multiple variants the market-mechanism can decide 
which one to choose, but at most one variant can be implemented. Therefore, the agent 
does not need to take combinations of variants into account.

A single variant mainly consists of two lists of values for the upcoming horizon. One 
list for the amount of power the agent plans to supply or consume and the second list 
for the price the agent is willing to accept for this power. The sign of the values for the 
amount of power implicitly states if the agent plans to supply power (positive value) or 
to consume power (negative value). Not only the values can differ for each time-step in 
the forecast, but also the sign does not need to be the same for all time-steps. Therefore, 
the same agent can act as supplier in one time-step while consuming power in another 
time-step. The price can also be specified for each time-step separately, and the value 
always denotes the limit. Depending on whether the agents want to sell or to buy power 
(in that time-step), the price is the lowest or highest acceptable, respectively.

There are more optional pieces of information, the agent can communicate. For exam-
ple, it can be specified, whether the communicated amount of power is only an upper 
limit or if it shall be dealt with in an “all or nothing” manner.

If agents fail to reply within a specified time-frame, the management assumes the last 
forecast is still valid, when shifted by one time-step. With this assumption, the agents 
do not drop out completely, and most of the time this assumption is more correct than 
assuming the respective agent will neither supply nor consume any power. This conse-
quence for missing replies is used for all approaches and all examples in the following 
sections.

Because of this approach, the distributed approach is more resilient to communi-
cation-issues than a centralized approach. There, more data needs to be transferred 
(all sensor-data compared to the bids) and an outage impacts the system more, as the 
decision-making is done centrally but could not be communicated. In this distributed 
approach, the agents can decide on information from the previous time-step, that surely 
are outdated, but still more realistic than a predefined default value.

As an additional safeguard, MQTT has a function to tell the management if an 
MQTT-participant left unexpectedly. If this is the case, the respective agent is assumed 
to be gone (so neither supplying nor consuming power) and is removed from the mar-
ket-mechanism completely.

The operation instructions (operation bids) by the marketplace follow a similar form 
as the bids by the agents but contain only a single list of values for power for each agent. 
They furthermore include the determined prices for all upcoming time-steps. The price 
is the same for all agents (called uniform pricing).
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Marketplace and market-mechanism

The main part of coordinating the supplied power is done by means of a market-mech-
anism. After the market clearing it is decided which agent is supposed to provide how 
much power for the upcoming time-horizon.

The structure of the market-mechanism itself is similar to the market-mechanism 
of a day-ahead market. First, all agents can hand in their bids. After this, the market 
is cleared by solving an optimization problem formulated to be a mixed integer linear 
problem (MILP). The creation and handling of the problem is done by PYOMO  [24, 
25]. The formulation as MILP leads to fast solving times even with many participants 
(see Section Scalability for district systems for more information). The main objective of 
the market (Equation (1)) is to maximize social welfare. The mathematical formulation 
of the objective and the constraints can be seen below. Social welfare is defined as the 
summed price buyers are willing to spend, subtracted by the summed price at which sell-
ers offer the goods (cf. [27]). Visually speaking, social welfare depicts the area between 
the two curves of a market (quantity of supply and demand vs. price per unit). In [27] 
more information and examples of social welfare in the context of electricity markets 
can be found, while [28] provides some more general information on the concept and 
definition of social welfare. With social welfare, each agent can specify the individual 
costs it has to provide power or the cost it is willing to pay for consumption. With this 
approach, the cost for operating the general infrastructure is not covered. Those costs 
for operation of the market and communication as well as the transmission of power 
need to be calculated and charged separately.

Although the formulation is similar to the day-ahead market, the market used here 
is run not only once a day, but regularly after each time-step, so that a rolling-horizon 
forms. In the examples shown in this publication, the time-steps span 15 minutes each 
and the horizon consists of 96 time-steps, leading to a total horizon of 24h. Only the 
first time-step is the applied, while the other time-steps of the horizon are only used to 
decide on the strategy for the upcoming time. In contrast to the day-ahead market at 
EPEX [22], no block-bids are allowed and all bids of each agent are treated as exclusive 
bids. Both decisions lower the entry barrier and make it easier to participate in the pro-
posed market clearing.

Parameters are written in uppercase (e.g. Pmin, Pmax), whereas variables are written in 
lower-case letters (e.g. po, pused). The parameters for minimal and maximal power, that 
an agent can provide or consume are Pmin, Pmax. The price, that is each agent defines 
to sell or buy power in a specific option and a specific time-step is called PR(a, o, t). The 
power, that is proposed in a specific option is denoted by po and the power that shall be 
used by an agent is called pused.

The only integer variables are whether to use an option of an agent or to discard it. 
These variables are acc(a, o) ∈ {0, 1} and acc1(a, o) ∈ {0, 1} for all agents and all 
options of those agents individually. The variable acc(a,  o) determines if the option is 
used for all or for no time-steps. However, if the option is discarded, it is discarded for 
all time-steps. The variable acc1(a, o) determines if the agent’s option is used for the first 
time-step. The two binary variables are coupled via constraint 7.
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T is the set of time-steps t of the whole horizon. A is the set of used agents (individu-
ally denoted as a). Oa is the set of options (denoted as o) provided by agent a.

minimize
∑
t∈T

∑
a∈A

∑
o∈Oa

po(a, o, t) · PR(a, o, t) � (1)

s.t. po(a, o, t) ≥ Pmin(a, o, t) · acc(a, o) ∀a ∈ A, o ∈ Oa, t ∈ T � (2)

po(a, o, t) ≤ Pmax(a, o, t) · acc(a, o) ∀a ∈ A, o ∈ Oa, t ∈ T � (3)

pused(a, t) =
∑

o∈Oa

po(a, o, t) ∀a ∈ A, o ∈ Oa, t ∈ T � (4)

∑
o∈Oa

acc(a, o) ≤ 1 ∀a ∈ A, o ∈ Oa � (5)

∑
a∈A

pused(a, t) = 0 ∀t ∈ T � (6)

acc1(a, o) ≤ acc(a, o) ∀a ∈ A, o ∈ Oa � (7)

po(a, o, 0) ≥ Pmin(a, o, 0) · acc1(a, o) ∀a ∈ A, o ∈ Oa, t ∈ T � (8)

po(a, o, 0) ≤ Pmax(a, o, 0) · acc1(a, o) ∀a ∈ A, o ∈ Oa, t ∈ T � (9)

acc1(a, o) · acc1(a2, o2) · PR(a, o, 0) ≤ acc1(a, o) · acc1(a2, o2) · PR(a2, o2, 0)
∀a, a2 ∈ A,

o ∈ Oa | Pmin(a, o, 0) > 0,

o2 ∈ Oa2 | Pmax(a2, o2, 0) < 0

� (10)

The first constraints (Equations (2) and (3)) ensure, that the power is within the range 
specified by the corresponding bid of the agent. Constraint 4 simplifies further calcula-
tion as it couples the power that is demanded or supplied by an agent to the options 
provided by that agent. Equation (5) ensures, that at most a single bid is followed, since 
the bids are exclusive and cannot be combined. This decision was made to simplify the 
creation of bids by the agents. If bids could be combined, it would be harder for agents to 
hand in multiple bids, as they would need to check if all bids could be combined. By the 
design-decision to use exclusive bids, this issue is avoided.

Equation  (6) constraints the optimization to match supply and demand for all 
time-steps.

Constraints (7) to (10) are relevant only for the first time-step. In all later time-steps 
the objective leads to the behavior of only using suppliers if they provide power cheaper 
than the consumers are willing to pay. This, however, only holds true for the sum over 
the whole horizon and not necessarily for all time-steps individually. As the first time-
step is executed, it is important to only use suppliers that are cheaper than the lowest 
accepted price of consumers. For this, additional binary variables are used that indicate 
if an option of an agent is used in the first time-step (Equation (7)) and constraints the 
power of that agent accordingly (Equation (8) and (9)). The last Equation (10) makes sure 
that two options can only be used if the supplier is cheaper that the demand. If any of the 
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variables acc1(a, o) or acc1(a2, o2) becomes 0, the constraint becomes trivial. This con-
straint is applied only to combinations of options, where option (a, o) is able to provide 
power (i.e. Pmin(a, o, 0) > 0) and the second option (a2, o2) is able to consume power 
(i.e. Pmax(a2, o2, 0) < 0).

Exemplary MPC agents

This section will introduce and explain the agents employing model predictive control. 
Those agents represent the behavior of a heating in a simplified building or the schedul-
ing of a battery storage. Because of the modularity of MASSIVE, different agents are 
possible to integrate. However, only two are shown here, as they are used in the pre-
sented exemplary cases afterwards. The agents contain a model of the unit or building 
they control. This model is used in a model predictive control to decide the optimal 
schedule for power consumption (or supply).

Using MPC enables these agents to adequately adapt to changing external parameters 
as well as to uncertainties of those parameters. The presented MPC agents here differ in 
the range of their possible behavior. In the context of the use-case given below, the MPC 
based approach is used in two agents. One represents the heating of a generic building, 
the other one a battery energy storage. Agents with other models are possible, but not 
used in this example. The heating agent is able to shift demand over time to reduce or 
avoid consuming energy during periods of expensive power. The battery agent however 
is not only able to reduce its demand, but it can also supply power to the market and 
therefore to other agents.

Heating agent

The heating agent represents the heating of a simplified building. This is modeled as a 
large room with a wall connecting the inner air volume to the ambient temperature. Fur-
thermore, the model includes a concrete core that can be heated up to store thermal 
energy that is transmitted to the air volume over time. The model is described in more 
detail in [29] and is formulated as an MILP.

This simplified model can be parameterized to vary the size of the room as well as how 
well the room is isolated. Therefore, multiple buildings can be simulated behaving dif-
ferently. As the model is formulated as MILP, it can be optimized with many available 
solvers. Therefore, the optimization shifts power usage to times with lower power price 
to reduce overall cost, if this is in accordance with constraints of the model representing 
comfort of people. Because the walls transmit heat from the internal air volume to the 
outside ambient air, storage of energy is only feasible for limited amounts of time, as the 
room and the concrete core lose heat. This is included in the optimization problem and 
implicitly limits the time that shifting the load for heating still is feasible.

Battery agent

The battery agent is used to store energy and provide it at a later point acting as con-
sumer in some time-steps and as supplier in others. The model is formulated as MILP 
and includes financial penalties for aging effects. Calendaric as well as cyclic aging are 
taken into account in the MILP formulation.

Including these agents illustrates how prosumers can behave in such a situation, where 
a market is repeatedly cleared. It furthermore adds volatility to the supply side, as the 
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supply side is now influenced by the power price even more. This helps to show how 
market clearing works when both sides are elastic, as opposed to markets where only 
demand depends on the price (in case of power sources that have very small reduced 
costs, as it is e.g. the case for renewable power sources) or where only the supply 
depends on the price, as currently, most households have a static electricity price and 
therefore no incentive to change their demand depending on the availability of cheap 
electricity.

The penalties within the battery model include two different mechanisms. One is a 
mechanism representing the calendar aging of a battery, the other is the cyclic aging of 
the battery. The calendar aging is not dependent on the usage of the storage whereas 
the cyclic aging only depends on the usage. For the calendar aging, the cost for renewal 
are divided by the duration a battery takes on average to lose 20% of capacity. From this 
calculation an average cost per time-step can be derived and taken into account in the 
optimization and when determining if and how much profit the battery can achieve. As 
simplification for the cyclic aging, the costs for replacing the battery are divided by the 
number of cycles. Therefore, these costs are averaged of the whole period of usage. This 
is done as otherwise (with a decreasing cost of cycles) the first cycles would be inhibitory 
expensive to ever be used. These two aging mechanisms are then added up to represent 
the total degradation.

With these two simplified aging mechanisms, the battery model can remain piecewise 
linear and therefore much easier to solve compared to a mixed integer nonlinear model 
(MINLP).

Exemplary analytical agents

Apart from agents using optimizations to decide on their behavior, also simpler analyti-
cal calculations can be used. The agents shown here are not able to shift their demand or 
supply. Because of this, no optimization is needed. The two agents described in the fol-
lowing use a physical model to determine the possible power provided by PV-modules. 
Since this can be derived analytically, no optimization is needed. The second agent, that 
represents the connection to the distribution-grid also does not need to use optimiza-
tion to generate a forecast, as the distribution-grid is large compared to the microgrid 
under examination and therefore can supply enough power at all times.

PV agent

An example for agents that derive their power supply by analytical equations is the 
agents representing a photovoltaic installation. This agent uses weather-information to 
estimate the upcoming electrical power it will be able to provide. To provide a more gen-
eral information about supplied PV power, the model is not used with current weather-
forecasts, but with data from average years (Test Meteorological Years; TMO) instead. 
These TMO represent an average year in a specified location. They are used to provide 
a more generalizable example compared to using weather data from a single specific 
period of time. This does not only include data of clouds, but also ambient temperatures, 
as the efficiency of PV panels is temperature dependent. As the forecast can be updated 
every time-step, a real life application would include forecasts that are more precise for 
the nearer future compared to time-steps in the more distant future. As this simulation 
uses TMO data the forecast always equals the actual weather. Therefore, the forecast can 
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be seen as precise for all time-steps (perfect forecast). If in reality the actual power sup-
ply of the PV agent deviates from the forecast (within the current time-frame of 15 min-
utes), the difference could be compensated from the power grid agent (see below), as 
the microgrid is not an island system. If the supply is expected to deviate for more than 
15 minutes (or the duration of a time-step in general), the forecast can and should be 
updated, so that the market mechanism can take this change into account in the next 
market clearing.

The PV agent models the electricity production from PV panels that have a fixed ori-
entation. A single axis or even two-axis tracking could also be used, but is rarely found 
in Germany. Thus, a fixed mount is used in the model. The orientation of the PV installa-
tion is set as parameter and can be varied across multiple instances of the agent to avoid 
identical agents.

In the following examples, multiple PV agents will be included. Those agents will have 
a different parameterization, as this is more representative of a real-world application.

The used model of the photovoltaic installation is provided by the pvlib package [30] in 
version 0.9 [31].

Power grid agent

Another agent providing energy represents the connection to the local distribution grid. 
This agent is assumed to provide large enough amounts of power to satisfy the demand 
of the local consumers. Furthermore, it is assumed to have no inertia for providing 
power. This is a reasonable assumption, as the power grid is able to react on smaller 
time-scales compared to the used 15-minute intervals used in this micro-grid.

The price of the provided power is assumed to be constant over time. This assumption 
is chosen as most contracts contain a fixed price that does not depend on the energy-
price at the larger power exchanges. However, the used code is also capable of dealing 
with prices varying for different time-steps.

Assumptions made for the energy-system

After briefly introducing the used agents, there are also assumptions that are made for 
the energy-system itself.

As already stated with the agent representing the connection to the local distribution 
grid, this micro-grid is assumed to be connected to the outside all the time. This also 
indicates the scope of this system. It is assumed that frequency regulation is done from 
the outside. The scheduling-system presented in this publication does not take care on 
frequency regulation. It also does not take care on regulatory power for timescales below 
15 minutes. As the connected distribution grid is much larger than the controlled micro-
grid, it is assumed, that the distribution grid can provide enough power to compensate 
for smaller deviations in power supply and demand. The forecasts of the individual 
agents are (as all forecasts) to some extent incorrect, leading to a non-perfect scheduling 
of the whole system. Also, MASSIVE schedules power consumption and supply for the 
upcoming time-steps, but it cannot intervene if agents do not stick to their own forecast. 
This behavior could be penalized financially to make it unattractive for agents to deviate 
from their own forecast.
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Scalability for district systems
After the general concept is shown, it is also important to study how well the system 
scales if it is used with many participating agents.

General remarks on scalability

Since the agents themselves are separate and do not communicate with each other they 
are easy to parallelize. Therefore, they should not pose a problem with respect to com-
putational power, when increasing their number. The used communication-framework 
MQTT is also able to deal with large amounts of messages in very short time. Therefore, 
the main focus will be on the scalability of the marketplace, as this is the central building 
block and cannot be parallelized easily. The marketplace is technically an optimization 
problem whose size is directly dependent on the number of agents participating in the 
market-mechanism.

Scalability of the market

To examine the scalability of the market-mechanism, multiple scenarios are run that dif-
fer in the number of participating agents. The number of different agents is increased 
at the same rate to keep the ratio between adaptive demands (i.e. heating agents) and 
renewable energy sources (i.e. PV) constantly at one PV agent per heating agent, while 
there is always only a single power grid agent (regardless of the number of PV and heat-
ing agents). Furthermore, the agents are set to exhibit a slight randomization in parame-
terization. This avoids having many identical agents with identical profiles and therefore 
increases realism of the examination. This randomization is applied to the scaling of the 
building in the heating-agent, as well as the orientation of the PV.

For the PV agents, the orientation follows a normal distribution centered around a 
south-orientation with a standard deviation of 45°. For the heating agents, the enclosed 
air volume follows a normal distribution centered around 195 m3 with a standard devia-
tion of 10%. Both randomized parameters are capped at ±2σ to avoid orientation of PV 
panels towards north and to keep the size of buildings roughly comparable.

The randomization is initialized with a fixed seed at startup. This ensures, that mul-
tiple runs of the simulation produce the same results, while still creating agents that are 
different from each other.

Multiple durations are taken into account and displayed in Figure 4. There, the aver-
aged durations are shown as well as polynomials of the form a + b · xc that are fitted to 
all durations instead of only the averages shown. The idea behind the fits is to guide the 
eye and to examine the scaling behavior.

“Model creation duration” is the duration it takes for PYOMO to create the model/
problem formulation from the bids of the agents. “Market clearing duration” is the wall-
clock time between transferring the problem to the solver and receiving the result. The 
market clearing duration scales higher than linear with an exponent of 1.46 ± 0.18. 
When summing up the durations for model creation and for market clearing the sum 
scales still higher than linear, but only with an exponent of 1.16 ± 0.12 Nevertheless, 
the duration for many agents (e.g. 500 building agents, leading to ~1500 agents in total) 
the total duration of model creation and solving is below one minute. Therefore, even 
larger optimizations within the individual agents are possible, as the central coordina-
tion is rather fast. The optimization is performed using the HIGHS solver via the Python 
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package highspy in version 1.5.3 [32] on a system with 8 Intel CPU-cores from the 
Comet Lake generation. These numbers are based on averages over 4 consecutive start-
ing time-steps.

As the total duration scales slightly higher than linear, duration might become a prob-
lem when using very high numbers of participating agents. For the use-case of a district 
energy-system, however, it is not expected to pose a problem.

If the total duration of the market mechanism (model creation and solving) would 
pose issues with real-time capability, the model creation could be improved. The struc-
ture of the model rarely changes and therefore, the model often could be reused with 
only updating the parameters. Currently, the model is created from scratch every time-
step to make sure it is up-to-date and correctly reflects the replies of the agents. Besides 
the number of agents, the number of options replied from each agent can differ each 
time the market clearing is performed. The forecast of each agent (and therefore the bids 
handed in) always span 96 time-steps of 15 minutes each, leading to a 24-hour horizon.

Additional modes of operation
As already stated in chapter  4, MASSIVE can be used to compare different modes of 
operation. This will be done in the upcoming chapter.

In the examinations and descriptions above, a single shot approach is used. There, the 
market is cleared only once for each starting time-step. Another approach is to clear the 
market multiple times per starting time-step, therefore following an iterative approach. 
By this, the agents can get an updated price multiple times to adapt their behavior on 
the new information. By redoing this many times iteratively a new solution is found that 
brings all agents near to a new equilibrium. To decide on whether the new solution set-
tled near an equilibrium, the latest four solution are checked. This check is twofold. The 
relative deviation between two consecutive solutions must not be greater than a thresh-
old (here, 1  ‰) and the deviation of all solutions from the average must also not be 
greater than the threshold (also 1 ‰). The latter constraint aims to avoid false positives 
in cases of drift. The use of relative thresholds is important, as the metrics (e.g. social 
welfare or traded power) are strongly dependent on the number of agents. Therefore, 

Fig. 4  The total durations of the market clearing (creation and solving of MILP-Problem) for different numbers of 
building-agents, averaged over four consecutive starting times. The lines indicate polynomial fits of durations for 
each number of agents. “Market clearing” is the wall clock time including transferring the problem and the solu-
tion between the solver and PYOMO. “Model creation” is the wall clock time as needed in PYOMO to formulate the 
problem. Additionally, the sum of the two is also shown

 



Page 16 of 24Fritz et al. Energy Informatics           (2025) 8:101 

absolute thresholds do not work well when varying the number of participating agents. 
The settling near an equilibrium could be regarded as convergence, although it is no 
convergence that can be proven mathematically.

This reached equilibrium can be seen as Nash equilibrium in the context of game the-
ory (see [33, 34] for more information on Nash equilibria).

The iterative approach can be pursued in two ways. Either all agents can update their 
forecast in parallel, or they update their forecast one after the other (in serial). Of course, 
also mixed forms are possible where agents are grouped and all members of the same 
group update in parallel, while the groups update after each other. A visualization of the 
two approaches (iterative parallel and iterative serial) is shown in Figure 8 in Appendix 
A. The change of modes is rather easy, as the agents simply respond to a request for a 
forecast. Therefore, the central communication can either request a single agent, multi-
ple agents or all agents to provide an updated forecast. By this, the serial iterative, mixed 
or parallel iterative approach can be run without changing anything within the agents, 
as the whole coordination is done external of the agents. Because of this design deci-
sion, the agents are also easier to set up as they only react to requests, but do not need to 
become active by themselves.

If the results from market clearing get stable enough, the decision is communicated 
to all agents to put the offered actions into practice. Another reason for the iterative 
approach to end is if the iterations took too much time (because the market clearing was 
slow or the agents took much time to respond). Then, the approach needs to exit early, 
so that a (suboptimal) result can be communicated to the participants. This is required 
to allow real world applications, where a decision needs to be known in time for the next 
time-step to be incorporated. However, in all run tests, the iterations always ended ear-
lier than required for real-time applications.

The technical part of the communication is the same for all approaches (iterative and 
single shot). The only difference is the number of market clearings and requests for fore-
casts from the agents, that are done for each individual time-step.

In the next parts, the differences between the single shot approach and the iterative 
approaches are explained and studied.

Determination of power prices

In comparison to the single shot approach, the iterative approach has a uniform pricing 
only for the final price (when the agents get the info on which option to implement). 
During all rounds of iteration to find the equilibrium, the prices are different for each 
agent. In the examples shown below, often five rounds were needed.

This difference comes from a penalty-term that is calculated per agent and per round 
of iteration and added to the resulting price of the market clearing. Adding a penalty 
term to make desired results more attractive is often used in optimization problems. The 
reason for this penalty term is to nudge the agents towards the known solution, that 
has the best overall social welfare. The market clearing is done identically to the market 
clearing in the single shot approach.
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The equations for the new power price per agent is given in Equations  (11) to  (13) 
below.

There, the iteration is denoted as k ∈ K  starting at 0 with every new time-step. The 
agents are denoted as a ∈ A and the time-steps are denoted as t ∈ T  as in the equations 
above.

PRk+1
a,t  is the price for agent a at time-step t in iteration k + 1. PRk

MC,t denotes the 
price derived by the market clearing during iteration k for time-step t. PRk

penalty,a,t is an 

agent-specific penalty-term that differs for each iteration k of time-step t.
lambdak is a penalty-factor with α and β as parameters, whose influence will be exam-

ined in the following subsection.

PRk+1
a,t = PRk

MC,t + PRk
penalty,a,t ∀k ∈ K, ∀a ∈ A, ∀t ∈ T � (11)

PRk
penalty,a,t = λk · ∆reva,k,t ∀k ∈ K, ∀a ∈ A, ∀t ∈ T � (12)

λk = max (λk−1 · α + β , 0) ∀k ∈ K � (13)

The penalty term consists of two parts (cf. Equation 12). One part is the factor λk, that 
only depends on the current iteration k. The other part is the difference of revenue 
(∆reva,k,t) for that agent a at iteration k and time-step t compared the revenue of the 
same agent and time-step in the solution with the best social welfare. So (∆reva,k,t) has 
a different value for each time-step of the forecast, each agent and each iteration.

The factor λk decreases with increasing number of iterations (meaning λk < λk−1 
in Equation (13)), but is the same for all time-steps t of a forecast and all agents a.

The idea of using a decreasing penalty is to nudge the agents to the best known solu-
tion at the beginning, but let them adapt to the updated results of the other agents 
towards the end. This is important as the final result (after the iteration converged) is 
calculated without any penalty term to achieve uniform pricing. For decreasing func-
tions (towards zero), a linear decrease and an exponential decrease are commonly used 
ones. These two approaches are represented in the parameters α and β.

The choice of parameters α and β might is relevant for the development of the pen-
alty-term during multiple iterations, and will be discussed in the next section.

As said above, the penalty term is only added to find the equilibrium. Once, this is 
reached, it is discarded and the power price is the same for all agents when they get the 
final result for the upcoming time-steps. This means there is uniform pricing for the final 
result, but not for the intermediate ones.

Influence of parameters on convergence

As said above, the choice of parameters λinit, α, and β is relevant for how the penalty 
develops over multiple iterations and therefore might influence the solution towards 
which the system converges.

In order decreasing λk with every iteration, the linear or exponential approach can be 
used (or combinations of those). Therefore, the following values satisfying the following 
restrictions for alpha and beta are examined: 0 < α ≤ 1 and β ≤ 0.

Figure 5 shows the influence of λinit and α on the result after convergence compared 
to the result obtained by the single shot approach. Examinations not visualized here 
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show, that β should be set to zero, as all lower values make the result worse. Therefore, 
all examinations shown here use β = 0, meaning no absolute penalty, but only penalty 
factor.

In Figure 5 it can be seen, that the results are fairly similar. The relative differences are 
below 1 ‰ and therefore negligible for most real-world applications. There, values below 
zero (depicted in blue) represent a better objective than it is achieved in the single shot 
approach. Values above zero (shown in red) mean a worse result than in the single shot 
approach. However, for the first time-step, the iterative approach is slightly better than 
the single shot one. In the later time-steps this changes and the single shot approach out-
performs the iterative one. This can be interpreted, that the iterative approach is more 
helpful in situations, where large differences between initial prices and traded volumes 
and final prices and volumes are to be expected. The result is similar if the examination 
is repeated with an energy system also including battery storage agents (not shown in 
this publication). There, the market clearing in the first time-step also benefits from the 
iterative approach, while the results for the later time-steps are in favor of the single-shot 
approach.

With regard to computational costs it can also be concluded that the iterative 
approach is not cheaper than the single shot one, as the determination of convergence 
needs at least four rounds of iterations. As a single round of iteration is computation-
ally comparable to a single option in the single shot approach, it can be said, that the 
two approaches are at best similarly intensive in terms of computation. If more than the 
minimal four rounds of iteration are needed, the iterative approach needs more compu-
tational power than the single-shot approach with four options.

Fig. 5  Convergence results for varying penalty parameters when following a parallel iterative approach. For the 
initial time-step (left), it can be seen, that the iterative approach performs slightly better, than the single shot ap-
proach (indicated by the blue color). For the later time-steps (exemplarily shown on the right) this inverts and the 
iterative approach performs worse
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Therefore, it can be concluded, that the two approaches return comparable results with 
a slight advantage to the single-shot approach for most of the time-step. With regard to 
computational resources, the single-shot approach is also favorable.

As can be seen in Figure 5 by the nearly identical color for all parameter combinations, 
the choice of values for the parameters α and λinit does not influence the result in any 
relevant way.

Iterative mode: serial, parallel, and hybrid

In the iterative, parallel approach, all agents are updated before a new market clearing 
takes place. As the market is only cleared again, after all agents are updated, the updates 
of the agents do not influence each other during the updating process. Therefore, the 
updating can be done in parallel. Another mode has been implemented in MASSIVE, 
where the market is cleared after a single agent updated its forecast. This approach is 
called iterative serial approach in the following. Then, the next agent is queried with the 
new results after the market clearing. Therefore, the agents cannot determine their fore-
cast in parallel. Lastly, a hybrid mode is possible, where the agents are split into multiple 
groups, where all participants of a group are queried in parallel, but the multiple groups 
are queried sequentially. A group size of one is identical to the serial approach, whereas 
if all agents are part of the same group it is the same as the parallel approach. This helps 
to bridge the binary view of fully serial or fully parallel. The reason for these additional 
modes is that often, serial approaches are used (see e.g. [17, 35]). Direct comparisons of 
serial and parallel iterative approaches for the same energy system under investigation 
are not known to the authors. [10] compares those two approaches, but this is done for 
transportation problems and without the usage of market-mechanisms. For energy sys-
tems, to the best of the authors’ knowledge, this work offers the new possibility to com-
pare these approaches for distributed control with many agents coordinating themselves 
by the means of market-mechanisms.

The influence of the number of agents per group is small, as can be seen in Figure 6. 
There, the following parameters for convergence are chosen: α = 0.95, β = 0, and 
λinit = 1

There it is shown, that the smaller groups perform slightly worse than the larger 
groups (lower objectives mean better results). The improvement, however, is so small, 
that it is not relevant for most use cases (around 0.7 ‰). The single-shot approach also 
outperforms the parallel iterative approach. At least this holds true for the later time-
steps, where differences between initial and final result of each round are small.

With regard to the computational effort it can be said, that with smaller group size 
(fewer agents in parallel), the market needs to be cleared more often. As no agent can 
update while the market is cleared, the whole process gets less parallel with reduced 
group size. This leads to a higher overall duration for each iteration and therefore for the 
overall convergence towards a solution.

An analysis of the influence of parameters on the convergence was also done for the 
iterative serial approach (as compared to the iterative parallel approach shown in the 
previous part). The meaning of the parameters α and λinit is the same in the following 
Figure 7 as for Figure 5 above and also β = 0 is true here.
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Conclusion and outlook
This publication introduced a new agent-based approach for distributed control of a 
micro-grid. This control is aimed at time-scales in the scheduling region (e.g. time-steps 
of some minutes with horizons of a few hours). Examples are shown for time-steps of 
15 minutes with a horizon of 24h. It uses a market clearing mechanism to coordinate 

Fig. 7  Convergence results for varying penalty parameters when following a serial iterative approach. For the 
initial time-step (left), it can be seen, that the iterative approach performs slightly better, than the single shot ap-
proach (indicated by the blue color). For the later time-steps (exemplarily shown on the right) there is nearly no 
difference (depicted by the gray color)

 

Fig. 6  Influence of the number of agents per group on the overall optimality. Lower values indicate a better result
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supply and demand of power. The approach is modular and allows for easy addition or 
removal of agents. Since agents are decoupled from each other it is also possible design 
them individually and to update them as required.

The market scales well and is cleared below one minute even for many agents (exam-
ined up to 1500 agents) leading to the possibility to use this approach not only for small-
sized systems.

Upcoming topics for further examinations include the usage of long-term storages 
(e.g. hydrogen) in the system, as well as including fees in the power options of the agents. 
These fees could be fixed if the option is chosen and not depend on the power traded 
(similar to a basic fee). Another advancement could be the addition of a grid topology in 
the market-mechanism.

With regard to the iterative modes it can be stated that it can perform better than the 
single-shot approach in situations/time-steps, where large changes are to be expected 
(e.g. the first step after initialization). In other cases, the single-shot approach performs 
similarly well or even slightly better. Furthermore, the single-shot approach often needs 
less computational resources, as the market clearing is done only once per time-step.

In a further differentiation, it can be said, that a parallel iterative approach often per-
forms slightly worse than a serial iterative approach. But these differences are often neg-
ligible. Nevertheless, the parallel iterative approach is computationally less expensive 
and therefore preferable compared to the serial iterative approach.

In general, it can be said, that the iterative approaches are useful if the computational 
resources and durations are not a major constraint and if large deviations in the power 
supply and demand between consecutive time-steps (i.e. a very dynamical system) are to 
be expected. In most other cases, the single-shot approach should be used, as it requires 
less resources and performs similarly well.

With the shown examinations, this publication aims to help make design choices for 
own approaches of managing district energy-systems.

Appendix A 

Visualization of iterative approaches

Appendix figure Fig. 8
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