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Abstract: Due to the increasing share of fluctuating renewable energy resources in the energy
supply, the supply-demand balance needs to be increasingly supported by prosumers, who are able
to adapt their energy demand and production depending on the current supply. Since small and
medium-sized companies are expected to yield the potential for providing a significant share of
the required flexibility, we propose an approach that enables an efficient development, testing and
implementation of advanced control strategies and further data applications in decentralized energy
supply systems of medium-sized companies to support the integration of such technologies and the
increase of prosumer-side flexibility. The approach is based on an adaptable control framework, which
is at first applied to a physical simulation model of the industrial energy system to test and train new
control strategies and can afterwards be moved to the actual energy supply system of the plant.
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1 Introduction

Due to the increasing share of fluctuating renewable energy resources in the energy supply,
the balancing of supply and demand is getting more challenging [EC16]. As electricity is
hard to store on a large scale, the supply-demand balance needs to be increasingly supported
by prosumers, who are able to adapt their energy demand and local energy production
depending on the current supply.

Recent studies indicate, that the prosumer-side in small and medium-sized companies could
provide a significant share of this flexibility [Gi14]. The size of industrial energy system
aggregates and the mostly centrally controlled energy devices enable a more profitable
prosumer-side flexibility and an easier adaption compared to e.g., household energy systems.
However, practical and easy to implement solutions to control a decentralized energy
supply system based on external factors, like the energy spot price or control signals of the
network operator, are still rare [PPB16]. The individual industrial energy system design
and its technical restrictions make it difficult to develop a single infrastructure with various
interfaces to external services and markets, energy supply units and additional Internet of
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Things (IoT) devices [SKH15]. Because of that, most of the industrial energy systems are
still operated by conventional controllers, which rely on current local signals and fixed set
points.

Therefore, we propose an approach that enables energy practitioners and scientists to
efficiently develop, test and implement new control strategies in decentralized energy supply
systems, by introducing a modular and adaptable control framework. The framework is based
on a central messaging system as presented by [Mü17], that enables the communication to
various devices and controllers as well as the integration of additional external and internal
data sources. The control framework is lightweight and can be used without excessively
interfering with the existing energy system controllers of the companies. Since all data can
be stored in a database, all occurring data in the framework is permanently recorded and
can afterwards be used to validate control decisions or to train machine learning algorithms
for e.g., thermal load or energy demand predictions of the company. Furthermore, with the
introduced approach, control strategies can be tested on physical simulation models, before
they are deployed in the actual energy supply system of the plant. With the simulated steady
conditions, different types of advanced controls and learning algorithms can be compared
and tested.

In the following, we focus on the control of the supply units of the decentralized energy
system rather than on the demand side activation of actual industrial production processes, as
the utilization of thermal storage capacities and the switch inbetween supply units (e.g., heat
pumps and CHPs) can facilitate an improved energy consumption and production behavior.
This can be done without interfering with production processes and working schedules,
which might simplify the introduction of such concepts and increase their acceptance.

In Section 2, an overview of the framework and its major elements is given. A real-
life application of the framework is presented in Section 3. Further possibilities for
implementations of advanced optimization-based control strategies and machine learning
algorithms for energy demand and availability predictions are discussed in Section 4. A
conclusion is given in Section 5.

2 Modular adaptable control framework

The aim of the framework is to enable a fast implementation of new advanced control
strategies in decentralized energy supply systems, which can be tested and recorded on
physical simulation models before the control is applied in a real-life system. In order
to provide the therefore needed flexibility and storage, the introduced modular adaptable
control framework is based on separate modular elements, which include, amongst other
things, a messaging system, a datastorage and multiple interfaces.
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2.1 Layout and elements of the framework

The framework consists of four partsȷ The Control Application, the Data Platform, the
System Environment and the Model Environment (see Fig. 1). While the Data Platform
is universally usable, the Control Application, the System Environment and the Model
Environment are tailored to meet the respective demand side flexibility target, the current
company structure and the external signals which are taken into account.

The Data Platform is the central part of the modular adaptable framework. It contains
the transmission, storage, visualization and processing of the data which appear in the
framework. The data is sent over a central Messaging System, which is based on a publish
subscribe pattern. All interfaces must therefore publish their data under an assigned topic
name, which will then be automatically published to all subscribers of the topic. If an
interface needs to obtain data, e.g., the System Interface, it can subscribe the required
’control value’ topics. Every upcoming topic of the Messaging System is also subscribed by
the Database Interface, which writes all published data into the Time Series Database. To
allocate or create a new table, the topic name of the message is used. The message consists
of a timestamp key followed by key/ value pairs, set up in the JavaScript Object Notation
(JSON). The Time Series Database is utilized as a system data cache for the advanced
control as well as a data source and storage for Machine Learning Algorithms, Forecast
Values, the Visualization and the Event Processing. It can be accessed from outside the
Data Platform via the the Control Interface. The Visualization obtains its data directly from
the Database. It can be used to monitor data in real time, e.g. during regular operation of the
industrial energy system, or to view recorded data for defined time periods, e.g., after a test
run in the case of an accelerated simulation in combination with the Model Environment.
Due to that, test runs of new advanced control strategies can be reviewed directly using the
Visualization without the need of any further tools. The additional Basic Event Processing is
established to receive automated feedback if the energy system is running into a prohibited
state, like e.g., an overheated storage, an electric peak load or in case of a defective device.

The Control Application contains the to be tested and implemented advanced control strategy
and its interface. The advanced control strategy can be based on conventional controllers
like a Proportional-Integral-Derivative (PID) controller and set point based controllers, or
controllers based on heuristic or mathematical optimization, possibly taking external control
signals into account as e.g., presented in [Bo20]. Machine learning algorithms for reliable
predictions of e.g., thermal load profiles as well as further applications can be implemented
here. The controls and further applications are connected to the interface, which consists
of a database reader and a messaging client. The database reader requests as needed the
latest energy system measurements, e.g., temperature measurements or time dependent
values such as hourly energy spot-prices. The messaging client publishes the control signals
(e.g., On/Off signals) or other generated data (e.g. predictions of the averaged 15 min.
electricity demand) to the central messaging broker. If new external or system signals need
to be established (e.g., energy spot prices), the interface can be extended by adding a new
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Fig. 1ȷ Schematic description of the framework and data exchange.

database call. New control signals or other data can be sent by adding a new messaging
client with a new topic.

The System Environment consists of two partsȷ The controller of the energy system together
with its system interface and the external signal interface. The interfaces are used to
exchange data between the Data Platform and the controllers of the Industrial Energy
System as well as the External Signals Sources. While the interface between the Control
Application and the Data Platform can be implemented as desired, the data exchange of the
controller interface and the external signal interface are usually inherent by the existing
controller systems and data providers. Therefore, the connection to the system controllers or
external data source needs to be established by building a unique controller-messaging client
interface, or a datasource-messaging client interface, respectively. Since most industrial
energy systems are centrally controlled by a Programmable Logic Controller (PLC), usually
a Transmission Control Protocol (TCP) based communication like Profinet or ADS can be
used. To publish the current system data to the Messaging System, a constant read out cycle
time is established.

The Model Environment contains a physical model of the industrial energy system. The aim
of the model is to safely test and improve the newly developed advanced control strategies
before implementing them in the real energy system of the plant as well as to train and verify
e.g., machine learning algorithms. To get an adequate replica, all energy devices should
be physically described by suitable dynamic system models as e.g., in [Bü20]. Therefore,
detailed knowledge of the functionality of the devices as well as performance data are needed.
Furthermore, historical data such as thermal and electric load profiles of the company
and historical external signals like spot market prices are required to simulate the system
behavior and the external signals influencing it during a week, a month or a year. Test runs
can therefore be conducted within a fraction of the real cycle time, which helps to monitor
long term developments and investigate rare but critical system states. The simulation
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model also enables a fast generation of data sets of system data (e.g., temperatures and
operation levels of the devices) and therefore builds the basis for further training data. To
be able to change from the physical model to the real energy system without changing the
Control Application or the Data Platform, the interface of the Model Environment needs to
be identical to the interface of the System Environment. Hence, a detailed analysis of the
existing system should be conducted before creating the model.

2.2 Procedure for testing new controls

Once all parts are set up, a test run of the advanced control strategy can be started. For
this, a computer off site can be used, to run the architecture consisting of the Control
Application, the Data Platform and the Model Environment. The impact of the advanced
control on the modeled energy system as well as other applications like machine learning
algorithms for load predictions can thereby be tested and/or trained. To test new demand
side functionalities, external signals like a spot market price or a traffic light signal from the
grid, which indicates the current status of the electric network and therefore the current
rules of interaction for the prosumer (see also [BD15]), can be implemented gradually. The
occurring changes in the control can then be evaluated by the Visualization, or by using the
stored system data and further data analysis tools.

If all system parts are tested and rated stable, the Control Application will be moved to a
computer on site. Preferably, this device is connected to the existing system controller via
e.g., a stable Ethernet connection, to have as less change in the existing industrial energy
system as possible. The Data Platform and the adapted System Environment should already
be implemented in advance before implementing the Control Application, to assure a stable
operation of the parts. Furthermore, data of the energy system and the external signals
can already be collected for long-term processings. Once all parts are tested and working
successfully, the advanced demand side control can be started as an add-on to the existing
controller.

3 Real-life implementation

The introduced control framework was used to implement an energy-price and electricity
demand driven control at a medium-sized electroplating company in Southern Germany.
Due to the high energy and heat consuming processes, three gas driven Combined Heat
and Power plants (CHP) with 14.5 kW electric power and 30.8 kW thermal power each
(see Fig. 2, left) and another CHP with 50 kW electric and 79 kW thermal power (see Fig.
2, right) are installed. As thermal storage, a 3 m3 heat storage for the smaller CHPs and a
10 m3 heat storage for the bigger CHP are available. On the roof of the company building,
several photovoltaic fields with 147 kW peak power are installed, which produce a large
share of the required energy during noon. Moreover, two conventional gas-fueled boilers,
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Fig. 2ȷ CHPs of the electroplating company.

which were used to heat the electroplating shops, are now used as peak-load resource. The
company uses the hourly day-ahead electricity price, which is determined the day before the
provision at noon.

3.1 Set-up of framework components

As a first step, a conventional control with set points and PID based controls has been
installed. This control strategy is presented in this section, together with the implementation
of the framework. In Section 4, an overview of the planned model based control and the
demand forecasts required for this task is given.

For a first insight on the industrial energy system, a model was built in the object oriented
modeling language Modelica. A graphical representation of the model is shown in Fig. 3.
The model is part of the Model Environment, which is used to test new control strategies
and to gain datasets of the system behavior. The model contains the physical processes
of the CHPs, boilers and the heat storages, which are described by ordinary differential
equations (see also [Mo20] and [Fr15] for more information). Due to that, an adequate
start-up behavior (e.g., a warm-up phase of the CHPs) and the coherences between the
devices can be mapped. The energy device models replicate the control strategy of the real
energy system and are partly controlled by underlying controls like e.g., circulating pumps
which keep a constant outlet temperature of the CHPs. The model interface contains the
same signals as the interface of the real energy system, which are the control signal of the
CHPs, the temperature values of the storages and the consumer lines, the current electricity
production and demand, the current gas demand and the hourly electricity day-ahead price.
To get an adequate replica of a typical working day, load changes which were calculated
from historic measured gas demands are implemented as thermal load in the model (see
Thermal Demand in Fig. 3, which is split in two parts and then connected to the two circuits
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Fig. 3ȷ Graphical representation of the physical energy system model in Modelica.

of the plant). Furthermore, the hourly electricity demand and the hourly resolved electricity
day-ahead price are included as historical data input.

Using the knowledge on the behavior of the system, a first control concept was designed
and implemented in Python. The control is based on the current electricity demand and the
current electricity price, which is regarded as an indicator of the current supply-demand
balance in the electric grid. If the energy price is high, the CHPs are working at full power,
to minimize the consumed electricity drawn from the grid. If the energy price is low, e.g., on
a windy and sunny weekend day where low demand and high energy supply occur, the CHPs
are turned off, to utilize as much energy from the grid as possible and therefore using a high
share of renewable energy. During this time, the required hot water for the electroplating
shops are either provided by the thermal storages, or by the boiler. Furthermore, if in any
situation a peak load of the electricity demand is detected, all CHPs are automatically
started to avoid high demand fluctuation. For the same reason, in a regular operation state
where the energy price is within specified boundaries, a too high feed in into the electric
grid is also avoided.

The Messaging System of the Data Platform was set up using the lightweight and widely used
MQTT-protocol [Na17]. A Database Interface is implemented in Python, which subscribes
all topics of the MQTT-broker and stores all occurring data depending on their topic name
into the database. Incoming measurements like temperatures, electricity demands which are
published from the System Interface are stored in an energy system table, while control
signals which are sent from the Control Application to the CHPs are stored separately in
seperate tables. Furthermore, a table for the additional photovoltaik production and a table
for the (future) hourly electricity price is established.
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While in a simulated run the industrial energy system data and the hourly electricity prices
are provided by the Historical Data of the Model Environment, in live operation they are
provided by the System Interface and the External Signal Interface.

To monitor the newly implemented control strategy, a dash board was set up to visualize the
current and past system operation data. The dashboard displays the key measurements of
the industrial energy system, like e.g., storage temperatures, pipe temperatures, operating
modes of the CHPs and the current electricity demand, which are required to ensure a safe
operation. A simple Event Processing is already installed in the dashboard environment, that
sends automated messages if critical temperatures, e.g., low tank temperatures, overheating
CHPs or error messages, appear.

3.2 Initial operation of the control

In a first step, the new advanced control was tested together with the Model Environment. A
regular workplace computer was used, to simultaneously run the energy model, publish
the current system data to the MQTT-broker, store them in the database, run the advanced
control and push the control signals back to the energy model, while being stored in the
database. The time steps of the model were set to 60 seconds while the process of one run
took about 0.7 seconds. A test run of one week could therefore be simulated in around 2
hours. During the tests and afterwards, all system data and control decisions were monitored
in the dashboard.

After testing and determining the control values, the architecture was moved to a computer
which is located at the electroplating company. It is connected with the company network and
can therefore interchange with the existing energy system controller which runs on a PLC.
To use its measured system data, the system interface was implemented, which reads all
currently measured system data and publishes them every 10 seconds to the MQTT-broker.
After a few weeks of recording the energy system data and the spot-market prices, the earlier
tested advanced control was implemented on the computer on site. Together with a control
signal writer which sends the current control signals, the advanced control was set into
operation.

At the time of writing, the collection of operation data for the advanced controller was still
ongoing. Therefore, the evaluations of energy savings and carbon dioxide reductions were
still pending.

4 Predictive control strategies and machine learning applications

For future work, it is planned to implement a Model Predictive Control (MPC) strategy in
the Control Application. Such strategies utilize models of a system for optimized, predictive
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control decisions with regard to a defined control objective, while system states, constraints
and future operation conditions of a system can be taken into account explicitly cf. [CB07].

For the presented application, an MPC strategy could utilize the thermal storages of the
electroplating company in consideration of future operation conditions, such as low or high
energy prices, which makes their control more efficient than using a conventional control
strategy. Since these kind of methods require information about future electricity and heat
demands as well as weather forecasts to gain information about the expected photovoltaic
electricity production, machine learning algorithms could be employed to obtain according
predictions. These could be trained using the data recorded during the real-life operation of
the system or simulated data obtained via the Model Environment from historical gas and
electricity demands.

5 Conclusion

With the introduced modular adaptive framework, new control strategies of demand side
driven decentralized energy supplies can be developed, tested and implemented in a protected
environment. The physical model of the energy system is highly useful for performing long
term test runs of new advanced control algorithms as well as basis for training and testing
machine learning algorithms. Due to the steady Data Platform, no adjustments between the
real energy system and the model need to be made on the developed control strategy which
enables fast prototyping. Nevertheless, the modeling of the energy system and the initial
implementation of the Data Platform can be an elaborate task.
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