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Introduction

1 Introduction
It is estimated that around 40% of the world’s final energy is used for residential buildings. The building sector
plays a large role in energy consumption, which includes space heating or cooling, domestic hot water, and
electricity. The buildings in Germany share a large part of the total energy consumption. Since 1979, there have
been standards to be followed for new buildings and renovations. In the buildings sector, as shown in [1], 64% are
residential buildings, and of the 19 million residential buildings in Germany, 15.7 million are single- and two-family
houses. Just single and two-family houses have a demand of 39% of the total end energy consumption in the
buildings sector [1]. This value equates to 10% of the whole of Germany’s emissions (ca. 84 million tonnes of CO2
equivalent) emitted from single and two-family residential buildings [1]. Around 325-400 TWh (75-85%) of energy
demand in single and two-family houses is consumed just for space heating demand and hot water demand [1].
64% of these single or two-family houses are built before 1979 and therefore in total, there are 65% of residential
buildings which are erected before any standard was in place and 39% of those are built between the 1950s & 1970s
[1]. [1] also showed that 80% of the energy demand in a residential building sector is used in heating.
With the decentralized energy systems trend in the German residential buildings sector and the increasing
hybrid renewable energy systems integration with auxiliary energy systems in thermal and electrical systems, the
simple SISO (single input single output) controllers are not good enough. It is because the old systems were partly
oversized and have commonly only a single energy source and not controlled actively. But the new systems with
decentral integrated intermittent renewable energy sources including backup auxiliary energy sources and energy
storage, the capability for SISO controllers are not good enough. Classical control systems have a very straight SISO
control, which only has an overview of that particular component’s operation and thus has its limitations in the
overall management of a decentrally sector coupled home energy system. Along with the building and the
occupants, the system becomes more sophisticated for SISO control. Especially during the transition season where
the auxiliary energy systems compete with the renewable generation. Thus, more sophisticated advanced control
for such a hybrid renewable thermal-electrical home energy system is required. In addition, with advanced control,
the use of decentral sector coupling could be enhanced. Moreover, energy management becomes more efficient
and effective by planning its production via complex control strategies making the system adaptive to the demand
of the building and the consumer.
Model predictive controller (MPC) does the optimal control with some predictions and is a non-optimal
advanced control which makes the best of the situation even though it is not optimal (e.g. heating the building by
using electricity when PV is working with certain boundary conditions). MPC utilizes a system outcome prediction
model. This model can be a simple blackbox model via analysis of historical input and output data which doesn’t
know any details about the system; or a greybox model where a simple physical-mathematical model is identified
from the real system’s characteristics; or a detailed whitebox model which has high accuracy but also need more
computation time. Regardless of the whitebox, greybox, or blackbox model of the controllers, the building plays an
important role.
MPC is already widely used in the automotive sector and supply chain management. The role of controllers in
building heating or in renewable systems has already been identified. But what still remains open is the combination
of energy systems, storage, and building all together into a single system controller and universalization of this
controller. In most of the literature, the MPC is customized and designed especially for the particular case and
obligation to develop a controller hierarchy or controller management where all controllers will communicate with
each other and work optimally using MPC via energy and demand forecast and learn from the system such that it
can be universally adaptive is still present. For example, an MPC controller was implemented in a Swiss office
building in [2] but they customized the MPC for that particular building and also showcased this causes the cost for
such controllers to be too high to be put in use. Also, MPC was introduced in the energy storage system using
weather forecast and this was reviewed by Thieblemont et al. [3]. And due to the difference in responses of the
buildings of different standards, the control of these buildings is quite different from each other. Thus, the effects
of different widely used MPC optimization algorithms are to be evaluated for the Heating Ventilation Air
Conditioning (HVAC) -Building sector for universalization of MPC.
Most of the MPCs which are researched for now are specific to that building and may not be optimal for similar
another building or application. Although MPC is one of the attractive complex controller options, implementation
of MPC requires individual customization. Due to this, the cost of implementing such MPCs is high and the
uncertainties further increase when they use the greybox or blackbox models. And for whitebox models, the HVAC
and the building are modelled in software (TRNSYS, EnergyPlus, etc.) and the optimization has to be carried out in
another software (MATLAB, GenOpt, etc.) and the computing time is high. However with increasing innovation in
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computations and central servers with new communication activated controllers and internet of things, these are
also possible nowadays. Hence in such cases where simulated building model is used for control, they are very
specific and the manipulated variables are mostly the setpoint or on/off of the energy systems. In other cases, the
renewable production forecast, the energy system, and storage are controlled for optimal operation and the
demand forecast is carried out. Nevertheless, in most of the researched cases or implemented MPCs, the solution
is not universal, thus mass optimization logic is not yet achieved. Therefore, there is a huge necessity for such
universalization of MPCs, where the MPCs have to be adaptive and can be categorized by their response in different
building standards.

1.1 Scope of the Research
The main limitation to the building sector is that each building is different from another and there are different
building standards that are being followed which makes optimal control of these buildings difficult. In this research,
different building energy standards ranging from old to new and high renewable to low consumption are taken into
account. The focus is on single-family houses. The building standards Sonnenhaus, passive house, WSchVO95, and
KfW55 are taken into account. These buildings are simulated along with an energy system consisting of electrical
and thermal systems. The energy system consists photovoltaics (PV), inverter, charge controller, battery storage
and grid backup on the electricity side along with the fuel cell combined heat and power (FC-CHP) and the thermal
side includes solar thermal collector, gas boiler, thermal storage, radiator/floor heating, and freshwater station. A
solid oxide FC-CHP as novel energy production in residential buildings and a lance stratified storage as a novel
thermal storage method along with power-to-heat conversion as novel excess PV and CHP electricity utilization are
integrated.

1.1.1 Aims
The aim of the thesis is to investigate MPC to decentrally integrate thermal and electrical energy systems for
increasing renewable energy fraction and self-consumption (of onsite production) with different optimization
algorithms for different single-family house standards.

1.1.2 Thesis statement
To analyse the ways to facilitate decentral sector coupling of thermal and electrical energy systems for higher
renewable fraction and self-consumption in residential buildings and evaluate ways of universalization of MPC using
3 different optimization algorithms with 4 different German single-family house building standards by developing a
whitebox model simulation framework using MATLAB and TRNSYS and adapt a dynamic system testing procedure
to evaluate the annual performance of the MPC optimization in comparison with status quo controllers.

1.1.3 Research objectives












The primary research objective is to create a whitebox system simulation model in TRNSYS with the energy
system components along with four different types of building standards from Germany, each representing a
different building physics scenario.
The secondary objective is to integrate the thermal and electrical energy system components functioning
separately, such that they work together as a system towards higher renewable fraction and maximum selfutilization (consumption of onsite production) efficiently and effectively with the classic SISO controllers and
optimize the sizing and design of the energy system for each building.
The third research objective is to identify different optimization algorithms and develop a TRNSYS-MATLAB
simulation framework to simulate a constrained time-varying deterministic discrete-time model for an inputoutput whitebox MPC.
Furthermore, the definition of the mathematical objective function to improve the renewable energy fraction
and enhance self-consumption is to be done.
Consequently, to adapt the clustering technique similar to the dynamic system test method to evaluate the
annual performance of the MPC.
Finally, to compare the outcomes of the MPC with the status quo controller and investigate the potential for
universalization of MPC by studying the sensitivity and robustness of the MPC with different optimization
algorithms and building standards.
In addition, to assess the ability of the SOFC-CHP in enhancing decentral sector coupling in single-family houses.

1.1.4 Limitations


The adaptive demand forecast of occupants and the weather forecast accuracy are not developed in this study
but do play a part in intelligent buildings.
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In this thesis, 100% prediction accuracy of weather and demand prediction is assumed.
The implementation of the MPC into a real system is also not in view of this thesis, as a whitebox MPC with
TRNSYS and MATLAB is complicated to be implemented in real-time applications due to its high computation
time.
One general limitation of the MPC is that it only finds a better objective function fitness value in the given
maximum optimization time and this may not be the global optimum.
Additionally, the developed MPC is only as a case study investigated in the selected energy system and building
energy standards and the quantitative performance of the MPC could vary with other configurations.

2 Literature Review
In many instances, the inability of various standard control schemes, such as an on/off switching controller,
i.e., thermostats, SISO, proportional-integral (PI), and proportional integral derivative (PID) controllers in the
building sector are showcased and the control system for buildings play an important role. With predictive control
being one of the intelligent control options, there has been a lot of application of this in the recent literature. In [4],
the authors introduced an economic model predictive controller (MPC) to reduce the electrical heater production
using a simple mathematical model. Via MPC they eventually reduced the annual electricity costs by 25-30% in a
variable electricity price auxiliary heating for that system by planning the heating period over the day when prices
are low. Then, Pichler et al. [5] introduced a steady-state model for an MPC where a predictive controller was
studied for auxiliary energy reduction. The same configuration was also utilized by [6] for a 10 kW pellet boiler, and
similar results with reduction of auxiliary energy fraction (back-up heat production) from 27% in conventional
controllers to 8% using predictive control in May was achieved for that particular single-family house building in
Strasbourg with 10m2 collector and 850-litre storage. In terms of annual performance, 1% increase (from 23 to 24%)
in solar fraction, 2.8% reduction (347 kWh, from 80% to 77%) in auxiliary energy input, and 4% reduction in storage
losses were reported.
The initial studies of MPC in the building sector were investigating buildings alone as a simple RC (ResistanceCapacitance) model for ventilation and the first study applying TRNSYS was done by Zakula [7] introducing TRNSYS
MPC for cooling of buildings with a heat pump. MATLAB for MPC, GenOpt software for genetic algorithm optimizer,
and TRNSYS for HVAC and building were used in that study. That proved to be too complicated at that time. In [8]
the authors introduced a MATLAB-TRNSYS predictive controller, but for just the electrical consumption in an HVAC
for the building and the objective was a reduction of cost. They reduced the costs by 10% with the use of MPC. In
[9], economic MPC in MATLAB with a state-space model from the physical equation model was developed and
reported a reduction in the consumption and increase in the self-utilization of the photovoltaic - heat pump system.
As [10] showed, grey-box models are not as accurate as whitebox TRNSYS models, and therefore for predictive
control, those grey-box models are not as effective.
A similar economic MPC with electrical heating and a photovoltaic (PV) system was introduced in [11], but on
contrary used a simple mathematical equation-based model for all the system components. In [12], a smart home
control system with PV and solar thermal was done with a state-space model with the use of a training data set in
MATLAB with HYDSEL toolbox and Gurobi software. In [13], the authors created an MPC for 12 kW solar thermal
with 28 kW wood boiler using a 3 m3 buffer storage for a three-family house and tested it for five type days with
TRY Passau weather and reported for these 5 typical days 7% solar thermal energy gain (from 13.6% solar thermal
supply fraction to 14.7% with MPC) with 17% reduced buffer storage losses (from 127 kWh heat loss to 104 kWh
heat losses). Coffey et al. [14] designed a framework to investigate MPC for building temperature setpoint
scheduling with TRNSYS model and GenOpt optimization and a third software SimCon for simulation coupling.
The implementation of MPC at a component level like just in building heating [2], [7] and for energy systems
components alone, as examples, heat pump, thermal storage in [3], solar thermal system in [5] and electrical system
with PV and battery in [8], [11], [12], is already achieved. However, the adaption of the MPC controller for the
energy systems all together into a single system controller and universalization of this controller is still open. Most
of the previous literature sources have a single objective problem focused on a component level, either building or
electricity storage or demand response load shifting, or just a single HVAC component like a heat pump. Also, most
of the previous literature sources use a physical system based mathematical state-space model, for which the
computation time is very short. In this case, it is a more complicated system model, and for this investigation, a
highly accurate dynamic TRNSYS system model is opted, so as to have a detailed analysis. In addition, the
optimization and organization layer is integrated into MATLAB while the simulation layer with a white-box model is
held in TRNSYS. The advantage is that more algorithms can be tested and this could possibly speed up the
optimization by keeping the organization layer and optimization layer in MATLAB itself, in comparison to the
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previous literature, where system model is done in one software, model predictive controller in another and
optimization algorithm in another. Moreover, here the focus is to include them as a system and not focus on
economic optimization but renewable energy fraction, high self-consumption, and reduced grid export. For this,
different optimization algorithms have to be studied with different building types and different energy systems.

3 Research Methodology
3.1 Decentral Home Energy System
The work is partially a part of the project - intelligent home energy management [15] and the main objective
of this project was to integrate thermal and electrical components with more energy sources at highly efficient
operation in a household for high self-utilization.

Figure 1. Overview of the energy system built up as demonstrator during iHEM project [15]

As shown in Figure 1, the energy system consists of electrical and thermal components with prioritized
renewable sources: photovoltaic modules and solar thermal collectors. Then as an auxiliary, there is also a gas boiler
for thermal loads and the electrical grid for the import of the deficient electricity and feed-in of excess production.
As buffer, also electrical and thermal storage is considered. In addition, as a niche a micro SOFC fuel cell CHP is
coupled to this hybrid energy system. Then finally, a power-to-heat process with the electrical heating elements in
the thermal storage to increase the self-utilization of electricity is also implemented. Here for this study, the same
energy system is modelled in TRNSYS as a detailed physical-mathematical dynamic system simulation model and
use MATLAB for optimization to investigate single-family houses.
In this simulation case study, four different building energy standards in Germany from vast building energy
standards are taken. These four building standards chosen are Sonnenhaus, KfW55, Passive house, and WSchVO95.
This is because all these house types have different energy demands, different building characteristics and range
not only from an old house (WSchVO95 with 111 kWh/m2a heating demand with transmission losses) to a new
(KfW55 - 31 kWh/m2a) but also from less end energy requirement (Passive house - 16 kWh/m2a) to high solar energy
fraction (Sonnenhaus - 61 kWh/m2a). The buildings have the same building geometry and only the building
envelope’s details are changed according to the requirement of each of the building types.
While the building is seen more in detail, the way they respond is so different and this was the main reason
these building standards were chosen. The oldest WSchVO95 building, with their high infiltration and weakly
insulated walls, have a very high energy consumption for space heating and is very reluctant to seasonal changes.
The solar insolation on winter days has less effect and the thermal mass as heat storage is not that pronounced in
WSchVO95. But on the other hand, the passive house is very sensitive to any kind of internal energy gains and solar
gains via windows such that even in winter some hours of sun will be enough to withheld heating for some hours.
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The building characteristics of the base case are taken directly from a real KfW55 building [16]. The house modelled
is with a useable area of 183 m2 and a gross volume of 567 m3 with the envelope as shown in Figure 2.

Figure 2. The building envelope as modelled in Sketch-Up South-East orientation in the left and North-West
view in the right

The simulations are carried out with Ehingen, Germany’s historical weather data from 2018. As shown in Figure
3, a Focus AR Solar thermal collector of 26m2 with Type 539 is simulated. The collector is assumed to be mounted
at a 55° slope and facing 0° south and filled with a 60% glycol Tyfocor fluid and to work at the specific mass flow of
15 l/hm2. Type 340 model is used to simulate the 2 m3 thermal storage, Sailer Hybrid Quattro, which consists of
lance elements and enables to charge the thermal storage efficiently and maintain different temperature nodes
inside the storage. As the tank is special due to its lances and heat exchanger combined lance for solar heat input,
the modelling approach is complicated. For the 7 kW (15kW for WSchVO95 building) gas boiler, type 700, a simple
gas condensing boiler is used. There are also 3 electrical heating elements (1 kW on the top, 2 kW in the mid zone,
and 1 kW in the bottom zone) inside the thermal storage used to feed in the excess electricity from the decentral
production subject to availability in the storage. With power-to-heat implementation, the self-utilization of the
locally produced electricity is prioritized, and the energy fed to the grid is kept low. The excess energy from the fuel
cell and PV is being fed in the thermal storage if the temperature in the relative zone is less than 85°C. BlueGen
from Ceramic Fuel Cells, a 2 kWel SOFC (Solid oxide fuel cell) is modelled via a simple 2D characteristic curve model
using Type 42. The fuel cell CHP (FC-CHP) takes 30 hours to start up and the fuel cell is therefore running all through
the year at 1.5 kWel. The thermal energy acquired from the fuel cell exhaust is fed to the thermal storage. The hot
water loads are derived from the nominal profile according to VDI 4655 and with 500 kWh per person and a total
of ca. 4000 kWh/a with the circulation losses. The 15-min profile is then used in TRNSYS.
Radiator/Floor heating

Space Heating
Demand

Gas
Boiler

Heating Element Controller

Domestic Hot
Water Demand

Fresh
Water
Station
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Cell
CHP

Weather

Electricity
Demand
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Figure 3. Schematics of the energy system as simulated in TRNSYS
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The building is heated with the help of floor heating in KfW55, Sonnenhaus & passive house; and via radiators
(Type 362) in WSchVO95. With the help of an on-off controller and a PID controller (two-step), the setpoint for the
mass flow is achieved with respect to the room temperature and the desired room temperature. The heating system
works such that the room is 20°C and during the night (22:00 to 6:00), the desired room temperature is reduced to
16°C. Also, with the help of a diverter and mixer valve, the temperature inlet to the space heating is varied and this
is done in accordance with the ambient temperature. It is assumed to be four persons living in the house and the
gains are such that there is at least one person in the house. Internal heat gains via electricity consumption (81%)
and heat losses from thermal storage are also taken into the account. The gas boiler is controlled such that the
auxiliary volume of the storage tank is maintained in two zones with the DHW zone kept at 65°C and SH zone kept
at 40°C in all cases except WSchVO95, where the auxiliary zone altogether is maintained at 65°C. While the radiators
at WSchVO95 building require a lot of power at a higher temperature, the gas boiler is also sized such that this is
satisfied.
With FC-CHP producing electricity, also a 2.94 kW photovoltaic system (Aleo Solar S19-295 simulated with
Type 94a) with a 35° slope facing south is connected. The single-phase DC PV production is connected to the 6.74
kWh lithium-ion BMZ 7.0 battery with a StecaGrid SolUse 2503-48 2.6 kW charge controller. The lithium-ion battery
is simulated in Type 47b (lead-acid battery model) and the model is varied such that it can accommodate a similar
characteristic as a lithium-ion (charging and discharging curve) with the same energy capacity. The DC side is in turn
connected to the Type 48c inverter model with the input data representing the 3.3 kW StecaGrid coolcept 3203x.
The whole system here is kept as a single-phase DC-AC system and the fuel cell in this system has an inverter inbuilt
and directly contributes electricity to the AC side.
To understand the implementation, the electrical system must be understood better and why it is an
advantage to use the electricity as heat than feeding into the grid. The electricity demand is taken from the VDI
4655 profile and the nominal values are converted to a four-person household with a consumption of 4140 kWh/a.
The excess power is then utilized if possible, in the heating element inside the thermal storage and the remaining
is fed to the grid. One of the disadvantages of this system configuration is that the fuel cell does not charge the
battery and excess power is sent either to the thermal store or the grid, but so is the possibility in the real SOFCCHP offered by Ceramic Fuel Cells. The excess power is then utilized if possible, in the heating element inside the
thermal storage and the remaining is fed to the grid.

3.2 Model Predictive Controller for the System
3.2.1 Integration of MPC in TRNSYS
Figure 4 shows the manipulated auxiliary energy variable, storage state constraints, and output variable (loads)
in this problem. The manipulated variables are the values, which can be changed by the MPC optimizer with which
the values of the objective function changes. The components in the energy system with the manipulated variable
is shown in blue and enlisted in Table 1. The gas boiler maximum power control (UGB), fuel cell CHP electrical power
setpoint (UFCel), power-to-heat maximum power control (UP2H), active battery charging (UBCC) and active battery
discharging control (UBDC) are the manipulated variables. The non-controllable and prioritized system elements are
solar thermal and photovoltaics shown in yellow, and the non-preferred grid import or export is shown in orange.
The important state variable component – thermal storage and electrical storage shown in red. The objective
function also takes into consideration that the system state constraints and demand constraints are met. The
demand constraints, as shown are DHW demand (YDHW), electricity demand (YEL), and space heating demand (YSH).
The soft load constraint of space heating is shown in light green and hard output constraints such as DHW demand
and electricity demand are shown in green.
Table 1. Boundary conditions for the respective manipulated variable

Gas boiler heat rate control (UGB)
Battery charge control (UBCC)
Battery discharge control (UBDC)

Control
Timestep
15-minute
1-hour
1-hour

Control Input
Type
Continuous
Binary
Binary

Fuel cell CHP electrical power setpoint (UFCel)

3-hour

Integer

Power-to-heat control (UP2H)

15-minute

Continuous

Manipulated Variable
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Control Input Value
0….1
0 or 1
0 or 1
500W/1000W/
1500W/2000W
0….1

Research Methodology

Figure 4. The manipulated variables and the output variables of the iHEM energy system

In this first implementation, the space heating here is not controlled actively as it is included as a soft
constraint, including an incurring penalty if the room setpoint is not achieved. Optimization can be understood as
maximization or minimization of the value of a function by controlling its input value subject to constraints with
discrete and continuous variables. For this hybrid HVAC-Building energy system, the optimization problem can be
categorized as a multi-objective and non-linear problem with its multi-integer variable constraints. As reported by
[17], in the solar energy field and hybrid energy systems, ANN, GA, and particle swarm optimization (PSO) are more
pronounced. For this particular research, to carry out optimization in MATLAB, a direct optimization, GPS, and two
widely used population-based stochastic meta-heuristic methods, PSO and GA algorithms are chosen. In this study
for the sake of reduction in complexity, a 100% weather forecast accuracy and 100% load demand forecast accuracy
is assumed.

3.2.2 Coupling of TRNSYS and MATLAB
The process (as in Figure 5) starts with an input of the weather prediction for which the 24-hour simulation
model should simulate for the MPC optimization. This value should hypothetically come from the weather provider
like for example the German weather agency, DWD. In the next step, the forecasted load demand (DHW, SH,
electricity) for the next 24-hour is input. The DHW forecast and electricity forecast should be done by machine
learning or artificial intelligence. With the TRNSYS white-box model, the SH load is calculated during the simulation.
The MPC then acquires the setpoint constraints, in this case, the temperature setpoints for the DHW load, the SH
inlet temperature, room setpoint temperature, and the setpoint temperature for the gas boiler. For the gas boiler,
the volume required in the auxiliary zone is calculated first, then the respective temperature sensor value is read,
and with the SH temperature setpoint and the DHW temperature setpoint, the gas boiler setpoint is calculated.
Along with these inputs to the 24-hour simulation model, the simulations are also awaiting the control inputs from
the MATLAB environment and MATLAB, in turn, requires the control input constraints. In addition, throughout the
simulation, it is made sure the system constraints are not violated. Using the control inputs, the 24-hour simulation
model simulates the future responses of the system, and the simulation outputs are used to calculate the objective
function value, which is used by the optimizer. The optimizer uses the respective algorithm and functions as an
input-output time-varying deterministic discrete-time model optimizer. The optimum solution is then
hypothetically sent to the real building. Once the real weather, occupancy, or the system response varies notably
from the simulated solution, the control first prioritizes the real-time decision made by the onsite active controllers,
and the MPC calculates a new solution through iteration with the currently available data.
The optimizer initiates the simulation with a set of control inputs, and the initial iteration uses the previous
day's optimum solution as a starting point for the optimization. The 24-h simulation done in TRNSYS is always with
a 48-hour pre-simulation, and with the outputs of the simulations, the objective function value is also calculated
directly in the TRNSYS environment.
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Load
Forecast

Setpoint
Constraints
Auxiliary
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Calculation
Initialization TRNSYS – 48h

Weather
Forecast

Objective
Function
Calculation

System
Constraints

Intermediate
State Variable

Output
Variable (Y)

Simulation
Outputs

Control Inputs

Manipulated
Variable (U)

Control Input
Constraints

24 hour TRNSYS Model

Optimization loop
(Search Algorithm)

Penalty

Initial Iteration
Datapoint

Status Quo Model

Evaluate Status Quo

TRNSYS sequential simulation

Figure 5. Simulation framework of the coupled TRNSYS-MATLAB Building-HVAC MPC

The calculated objective function value for each iteration is used by the optimizer in MATLAB to find the best
manipulated variable dataset. The manipulated variable dataset from the best iteration (optimum solution) is sent
further to the real plant (in this study a sequential TRNSYS simulation) at the end of the current day for the next
control horizon. The simulation is recurring, and for the second optimization day, the new initialization is done by
taking the previous day's optimum solution, which is also the initial iteration for the MATLAB optimizer. Finally, all
the optimum solutions are taken together, and a sequential simulation is done, which is compared to a status quo
simulation.
MATLAB is here the master simulation software, which calls TRNSYS by DOS command. TRNSYS deck file is
edited by MATLAB for the respective start and stop time. The input parameters for the algorithm are set, and
MATLAB sends the weather data, the load forecast, and the control inputs to TRNSYS by printing the input values
in a text file that is read in TRNSYS. TRNSYS runs the 24-hour simulation once MATLAB runs the DOS command and
TRNSYS outputs the objective function value to MATLAB in the form of a text file for each iteration. The minimization
of this objective function is the goal of the optimizer algorithm, which takes place in MATLAB.

3.2.3 Evaluation procedure for an annual weighted extrapolation using clustering
technique
One disadvantage of such whitebox MPC models is their optimization time. The whitebox MPC takes hours to
run an optimization for such an MPC with a 24-hour horizon, making it complicated to evaluate the MPC for a whole
year. In many of the previous papers, authors had to settle to simulate just one day or in one season or for a week
only. But unfortunately, the results don’t evaluate the MPC on a yearly scale and the savings compared with status
quo controllers are thus constrained. Only with greybox and blackbox models, the outcomes of MPC could be
evaluated for a year. Otherwise, the whitebox MPC had to be implemented in real-time to be evaluated for a whole
year. Thus, it is necessary to adapt a methodology to acquire the equivalent results of the MPC for a year. For a
similar application in a Hardware-in-the-Loop test stand, for a dynamic system testing, clustering techniques were
used to select six equivalent days that are representative for the whole year. This method is adapted in this thesis
to evaluate MPC in an energy system
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The six-day whole system characterization methodology to evaluate the annual performance of an energy
system for a hardware-in-the-loop test has been developed extensively by many institutions. In [18], clustering
methodology is used to identify the representative days and concluded that in six days acceptable accuracy in the
results could be achieved by multiplication of a correction factor by calculating the deviation of the energy values
between the six-day sequence simulation and yearly simulation. But as mentioned in [18], the available
methodology is not suitable for the testing of model predictive controllers. Hence adaption of the test sequence for
evaluation of MPC is required. Also, it is valuable to note that most of these previous researches are done on the
same weather data (Zurich and Strasbourg) and the same building. Thus, making it challenging to adapt the same
process for a different building, a different energy system, or with different weather data.
For this analysis, the suitable clustering is unsupervised hard partitional clustering, and k-means and k-medoids
are the most widely used. As k-means results in cluster centroids which can be non-data input values, k-medoids is
chosen here. In k-medoids, there are several distance metric calculation methods and algorithms which can be used
to identify the clusters of each data point. The kmedoids function in MATLAB uses the k-means++ algorithm for
choosing the initial cluster medoid positions after which it uses PAM (partitioning around medoids), Small, CLARA
(clustering large applications), or large algorithm to assign a data point to a cluster by calculating the distance of
that certain data point to the centroid of that cluster. Then it iteratively tries to reduce the distance between data
points and the centroids in each cluster.

Figure 6. Clustering process to identify representative days and calculate deviance to evaluate yearly
performance extrapolation

The flow chart of the whole clustering process is shown in Figure 6. With the annual weather data as input,
firstly the annual simulation of the Building-HVAC hybrid thermal-electric residential energy system is carried out.
The dimension of the data points; the number of clusters; the distance metric used to calculate the cluster and its
centroids; and the algorithm used to calculate the clustering are required as inputs for the clustering. Thereby
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identifying the centroids of each of the six clusters which are the representative days for the whole year. With these
selected representative days and a 48-hour pre-simulation, single-day simulations are carried out. Due to the fact
that these energy systems have state variables that vary according to the previous days, the pre-simulation of 48
hours is a must, but still, some boundary conditions are not the same as in a sequential yearly time series. Thus, a
correction factor for the deviation between the 6 single-day simulations and the annual simulation must be defined,
so that the implementation of MPC for the respective system can be evaluated. This correction factor from
comparing the status quo 6-day simulation and annual simulation is further, as a constant, applied to the MPC
simulation (as in this study) or for an MPC emulation. Also, since the correction factors cannot be applied to all the
energy values and key performance indicators (KPIs), it is necessary to individually analyze the control of the system
in each of the representative days, to investigate the outcomes in detail.

4 Results and Conclusion
Thesis 1.
A novel, flexible approach to simulate stratified storage, including stratifier lances with TRNSYS, is developed.
The method is applied and proved in the PhD study on the stratified storage Hybrid Quattro from Sailer, including
a power-to-heat design and FC-CHP integration. [P1]–[P5]
The complexities in the simulation of the stratified storage include:
(a) Single port lances, which mathematically were not possible to simulate in any energy simulation
software, without losing any preciseness, the simulation model – Type 340 in TRNSYS had to be
adapted to accommodate a complex stratified thermal sensible heat storage.
(b) System integration design of solid oxide fuel cell CHP: As SOFC-CHP does have a constant mass flow, a
different system integration concept for feeding in the heat from the fuel cell into thermal storage via
two three-way valves, two outlet ports and one inlet stratifier was developed. Moreover, the outlet
port was varied such that in winter, the fuel cell is fed with warmer water from the middle of the
storage such that the fuel cell’s outlet could achieve a setpoint temperature same as the desired feedin temperature into the floor heating. And in the summer, as the same port could lead to the lesser
thermal efficiency of the fuel cell, another storage outlet in the bottom of the storage is used to feed
in cold water.
(c) To use the excess decentral electricity production, the power-to-heat with three different heating
elements (1 kW – top, 2 kW – middle and 1 kW - bottom). A control strategy with fuel cell and
photovoltaics with a priority given to middle heating element than to top and finally to bottom heating
element is developed such that if the respective zone is lower than 85°C, the heating element is
activated and the grid export is avoided, so as to increase self-consumption. The use of the decentral
system and renewable energy increased especially in the transition seasons, more so for the older
building where even in sunnier spring/autumn days, there is a space heating demand.
Thereby the selected four different building standards was simulated in TRNSYS with status quo controllers
which integrated the electrical and thermal system in a single-family house building. Problems and challenges of
status quo controllers on these four buildings and why home energy systems are different with different buildings
and the need for system-level advanced controllers for optimal management are emphasized.
Thesis 2.
A novel simple predictive controller for auxiliary energy production with stratified thermal storage via variable
dual auxiliary zone and soft constrained building heating in a hybrid thermal system, as shown in Figure 7, is
worked out. The main advantages of this solution are the reduction of standby storage losses, relatively reduced
auxiliary energy production, increase in renewable energy supply. The solution uses simple prediction values of
the future weather and future energy consumption, with which the logical predictive controller allows or forbids
the use of the auxiliary heater with the current temperature of the respective zone. With this solution, as an
example, with Sonnenhaus, 6% auxiliary energy input in a year could be reduced, leading to a 1.8% yearly gain in
terms of solar fraction; reduction of gas boiler fraction by 2.2% and reduction of storage losses by 4.6%. [P6]
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Vaux

Vaux,SH Vaux,DHW

Vaux

Vaux

Vaux,SH Vaux,DHW

As shown in the Figure 7 on the left, the normal way of controlling an auxiliary (back-up) heater is to assign an
auxiliary volume of the storage (Vaux) which is calculated based on the peak heating and domestic hot water
consumption. This has increased standby losses and uses the maximum temperature of the heat consumption
(domestic hot water consumption) which also acts as setpoint value for the whole V aux with Ttank,50 (Ttank,xx is the
temperature at xx*102 relative height of the storage) in this case. Another status quo method is to control the
auxiliary heater by separating the Vaux into Vaux,SH (space heating auxiliary volume in orange) and Vaux,DHW (domestic
hot water auxiliary volume in red). The separated zones are maintained at respective SH and DHW feed-in
temperatures and the two-step auxiliary heater works if either of the zones’ temperature falls behind the setpoint.
But still, the outlet temperature of the auxiliary heater is at a maximum of both the demand’s setpoints. In this
proposed novel method, with the stratified thermal storage, via the possibility of targeted feed-in of heat into the
storage and prediction of the SH and DHW demand, Vaux,DHW and Vaux,SH could be varied such that the yellow zone
could be varied and assigned to the red zone if there is higher DHW demand and assigned to orange zone if the
DHW demand is low. Moreover, the orange zone itself could be reduced depending on the SH demand forecast.
However, for such a control, there is more temperature sensor necessary in the storage at different intervals in the
auxiliary volume. The study was done with historical weather data and a constant load profile with 100% prediction
accuracy.

Figure 7. Auxiliary volume calculation with the novel stratified lance thermal storage. On the left – conventional
single auxiliary zone strategy; in the middle – status quo fixed volume, dual auxiliary zone strategy; and on the
right – the presented variable volume dual auxiliary zone strategy

Thesis 3.
A whitebox MPC simulation framework for a hybrid renewable energy system (Figure 5) is proposed and tested
with three different optimizer algorithms. Consequently, the configuration of all three algorithms is fine-tuned.
The simulation framework is developed such that the same simulation framework can be used for any energy
system considering the real-time implementation with artificial intelligence-based energy demand prediction and
weather data from external weather prediction provider. [P7]
Subsequently, due to its detail of accuracy, it was decided to use this developed whitebox model for the MPC,
so as to investigate the outcomes of MPC implementation in the selected system in detail. So, with the model being
a complex simulation whitebox simulation model (decentrally sector-coupled renewable energy system), a new
TRNSYS-MATLAB MPC framework for a system-based MPC framework is developed with the consideration of the
boundary conditions for such Building-HVAC nonlinear deterministic discrete-time problem. Consequently, with
MATLAB, the optimizer is designed so as to implement a TRNSYS-MATLAB input-output whitebox MPC. Three
promising and most commonly used algorithms for the optimizer: PSO, GA, and GPS are chosen and configured
according to the preliminary simulations.
Thesis 4.
The annual extrapolation using clustering technique adapted for dynamic system testing in Hardware-in-the-Loop
component testing with representative days, while most of the previous methods only managing to do an analysis
for a certain period of time and not on an annual scale. [P8]
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Day-to-day analysis of the MPC is carried out on the six representative days, two each from summer, transition
season (spring and autumn) and winter with different buildings and algorithms. Apart from the day-to-day analysis,
the most widely used clustering technique for hardware-in-the-loop test benches as from [18] is adapted to evaluate
MPC on an annual scale. Due to the whitebox MPC’s cynical effect of taking a huge optimization time, an
accustomed adaption of a clustering technique weighted extrapolation for an annual evaluation (estimation) of the
MPC had to be implemented with the six representative days. The disadvantage of the representative days is that
they are an average day in each cluster and doesn’t take the extreme conditions into account. Also, it is to be
understood that these estimations come with a certain uncertainty which could not be explicitly ascertained to a
percentage error. Nevertheless, an annual extrapolation is subject to be better than just a day-to-day based
representative day analysis.

Thesis 5.
(a) A complex objective function focussing on energy factors (increase of renewable energy fraction and
self-consumption) is developed. It is found out that the detailing of the objective function (separation of
fuel cell and PV supply, the addition of bonuses for battery use, the introduction of a quadratic penalty
for gas boiler power variance, etc.) does help in the winter and also improvements are visible in the
autumn. Especially more energy could be saved by reduced space heating demand, and more solar
thermal fraction achieved with the use of the complex objective function. These results are also
observed when the autonomy of the decentral energy system is withheld. [P7-9]
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(7)
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Except for WschVO95, where 𝛼 = 120; µ𝑅𝐸𝑃2𝐻,𝐹𝐶 = 3200; 𝜆 = 0.1;
where,
𝑃𝑃𝑉
𝑃𝐹𝐶𝑒𝑙
𝑃𝑒𝑙𝑙𝑜𝑎𝑑
𝑃𝑒𝑙𝑠𝑦𝑠2𝑙𝑜𝑎𝑑

-

𝑃𝐺𝑟𝑖𝑑𝐼𝑚𝑝𝑜𝑟𝑡

-

𝑃𝐺𝑟𝑖𝑑𝐸𝑥𝑝𝑜𝑟𝑡

-

𝑄𝑆𝐻
𝑄𝐷𝐻𝑊
𝑄𝐺𝐵
𝑄𝑆𝑇

-

𝑄𝐹𝐶𝑡ℎ

-

𝑄𝑃2𝐻𝑒𝑙

-

𝑇𝑟𝑜𝑜𝑚_𝑠𝑒𝑡
𝑇𝑟𝑜𝑜𝑚
𝑇𝑑ℎ𝑤_𝑠𝑒𝑡
𝑇𝑑ℎ𝑤

-

Electrical power produced by photovoltaics at the timestep (kW)
Electrical power produced by fuel cell CHP at the timestep (kW)
Electrical load at the timestep (kW)
Electrical power delivered to the electrical load by the decentral power system at the
timestep (kW)
Electrical power supplied by the grid to satisfy the load at the timestep (kW)
Excess electrical power produced in the decentral power system fed into the grid at the
timestep (kW)
Thermal heat demand of the space heating delivered at the timestep (kW)
Thermal heat demand of the domestic hot water delivered at the timestep (kW)
Thermal heat input of the gas boiler auxiliary production at the timestep (kW)
Thermal heat input of the solar collector production at the timestep (kW)
Thermal heat input produced by the fuel cell CHP as auxiliary production at the timestep
(kW)
Electrical power of the FC CHP & PV used in thermal auxiliary production at the timestep
(kW)
Room setpoint temperature (°C)
Actual room temperature (°C)
DHW setpoint temperature (°C)
Actual DHW delivery temperature (°C)

As a novelty from the usual economic MPC approach, this research approaches the control optimization from
the renewable energy utilization point of view via a supervisory MPC and therefore the configuration of the
objective function had to be analyzed. Besides, with respect to the reference case, due to reduced FC-CHP
production and due to the unpreferred P2H-FC conversion, the P2H from FC is reduced, and the gas boiler
contribution had to be increased, as direct heat production via gas boiler using natural gas is much efficient than
producing electricity via FC-CHP and supplying the electricity produced to the heating element in the thermal
storage. The detailing of the objective function exactly helps in the decision of such complicated differentiation of
the energy input even though the definition of a complicated mathematical function is time and personnel
consuming. And due to increased gas boiler supply, the effectiveness of the system also reduces, because of the
increased gas boiler supply. Nevertheless, the system reports better effectiveness than the status quo controllers.

(b) It is also ascertained that the MPC could be universally implemented without a problem for the same
energy system configuration. The older buildings though require a small change in increased penalty
values and change of weightage factors. This could possibly be achieved by configuring the objective
function while commissioning using a user interface based on the building’s energy certificate
(programmed switch case) for different energy systems [P9-10].
In this study, it is evident that detailing the objective function can help to improve the function of the MPC.
The objective function plays an important role, takes a lot of time and effort to get it right. But with the results, it is
safe to say that the same mathematical function fits mostly with different buildings when the same system
components are maintained. The weightage of the penalty values and different factors in the objective function are
quite easily changeable for different building standards with all the new buildings having no change in the objective
function definition and only older building standard needing special attention with an increased penalty value and
change of weightage for gas boiler power variance, power-to-heat via the fuel cell and penalty value for room
temperature violation. Thus, indicating universalization of MPCs are possible. This is viable by making a user
interface for the MPC which allows the user or the installer to configure the MPC settings at the time of installation
based on the energy certificate of the building so that the objective function is configured to the system. Also, an
interface for deep learning where improvisation of the penalty and bonus values could enhance the universalization.
Moreover, with different energy system components and configurations, the MPC and its objective function must
be obviously set up. This could be possibly achieved by developing a use-case scenario with a programmed switchcase.
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Thesis 6.
The higher the energy efficiency and the more complex the energy system (such as FC-CHP) with sector-coupling
is, the potential of the advanced controller (MPC) via optimal energy management is higher. Alternately with a
simpler energy system, the older building standards have a better magnitude in increasing the MPC’s influence
on production and demand. The MPC savings on emissions on the highest energy standard buildings (such as
passive house) is not as high due to their minimum heating demands while moderate efficient modern buildings
have the best potential in the percentage of emissions saved via MPC. On older buildings, even though
percentage-wise, the savings are small, quantitatively, a similar amount of emissions could be saved via MPC
implementation. Even though it could be ascertained that the MPC investigated here could be implemented in a
different building (envelope and energy standard), it is to be noted that with the different energy system,
component size, consumption profile and weather, the objective function has to be respectively modified with
the respective prediction of weather (renewable energy availability) and energy consumption [P10-11].
SOFC-CHP still complements decentralization, especially in older buildings where power-to-heat via FC has its
advantages of increase effectiveness by reducing the gas boiler use and storage losses though SOFC-CHP makes
it difficult in terms of integration with its AC-side supply feed-in and sluggish control via which battery use is
hindered. . Nevertheless, with seasonal shutdown or PEM-FC-CHP, the FC-CHP use and integration can be
enhanced [P11].

Figure 8. Space heating demand reduction and emissions savings in all four building standards with and without
FC-CHP via the use of MPC (with PSO Optimizer)

Via soft constraints on the space heating demand which lets the MPC reduce the room temperature up to
19.5°C instead of a constant 20°C setpoint when paramount, the space heating demand could be reduced. An
astonishing 15% reduction in space heating demand for Sonnenhaus; -30% for KfW55 and passive house could be
accomplished by PSO optimizer MPC with FC-CHP. Without FC-CHP in KfW55 only 22% SH demand is reduced and
with passive house, the reduction could be increased to -75%. And due to the huge energy demand of the
WSchVO95 building only 2% SH demand could be reduced with FC-CHP and without FC-CHP, the MPC decides to let
the building temperature fall a bit outside the comfort zone, leading to -10%. For WSchVO95, MPC controversially
decides to reduce the room temperature up to 19°C even though this eventuates to a higher penalty. This could
substantially be due to the heavier penalties for the use of gas boiler input.
On the energy supply, a ca. 10% increase in solar thermal fraction with all the new buildings (Sonnenhaus,
passive house, KfW55) could be seen. With MPC in general, the use of power-to-heat is drastically restricted (-30%
with Sonnenhaus to -50% with passive house and only -15% with WSchVO95) because of the lesser FC-CHP
electricity production (-14%). This led to an obvious necessity of increased gas boiler production (ca. +15% for the
new houses and +5% for WSchVO). On the electrical side of the system, with the -14% reduced production of FCCHP, this 14% could be supplied by the PV in almost all the scenarios with just up to 20 kWh per year being required
as grid import for KfW55 and passive house. Altogether, the dezentral system self-consumption fraction could be
increased by 8-12% with all the buildings and optimizers with FC-CHP.
Without the FC-CHP, the MPC could focus on reducing the gas boiler supply (by at least 6% for Sonnenhaus; 35% for KfW55; ca. -18% with passive house and WSchVO95) by increasing the solar thermal whenever possible;
increase PV-power-to-heat in summer and autumn days; reduce the SH demand in winter days. Consequently, with
the increased use of PV power as heat, the grid export could be reduced by ca. 25%. But in terms of battery usage
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or of reducing grid import, not many changes could be noticed without the FC-CHP. The reason for this is certainly
that without FC-CHP, the only manipulated variable with MPC is the battery’s charging control, which could only
attain a temporal shift of the battery charging and nothing more.
In summary, the use of MPC without FC-CHP only makes sense for the thermal side of the system with the
current configuration. If there is demand-side management of the electrical loads, say a washing machine or a
dishwasher with a movable load; or with different pricing for grid import and grid export; then this might be a
different case. Without movable loads and different time-of-use pricing on the course of this research, there is no
notable improvement of the electrical side, without the FC-CHP, except the power-to-heat.
The use of SOFC-CHP does prove useful for older buildings where the use of power-to-heat is contributing to
reducing the gas boiler peaks on the thermal side of the system. The FC-CHP though brings the possibility to
autonomize the electrical use, the SOFC-CHP does make this complicated with its sluggish control which leads to a
poor and difficult self-consumption. The DC side of the system and eventually terminating the possibility to charge
the batteries in the DC side. Not only there is more grid export because of constrained control flexibility but also an
increased self-supply of the electrical load demands could be eventuated. Natural gas-powered high-temperature
SOFC-CHP is somewhat a complicated system component in this energy system and with the optimized sequence,
it could be ascertained that SOFC-CHP is only more useful with old WSchVO95 building for the thermal side of the
system. Due to the fact that the FC-CHP could not charge the battery storage, and neither be totally switched off as
the BlueGen SOFC-CHP takes 30 hours for a complete switch on. Also, it is not helping when the SOFC-CHP has an
inbuilt DC-AC converter and forces the system to be connected to A PEM-FC-CHP could be an attractive alternative
via higher control flexibility due to its lower operating temperature and an added advantage that PEM-FC-CHP uses
hydrogen as a source, which could be acquired in summer with excess renewable electricity.
In terms of overall CO2 equivalent emissions, with FC-CHP, the percentage of reductions increases along with
the increase in efficiency of the buildings, with the most efficient passive house slightly lesser saving than the KfW55
(-11% for WSchVO95; -19% for Sonnenhaus; -44% for KfW55 and -34% for Passive house). However, for all the
buildings, implementation of MPC with FC-CHP could reduce at least 0.5 tonnes. Without the FC-CHP, as
understandable, the emission reduction reduces, but more so in Sonnenhaus and passive house (only -3% and -7%
respectively). And in the contrary, though only a 13% reduction is achieved with WSchVO95, it reduces ca. 0.7
tonnes which is higher than 0.5 tonnes with KfW55 (-21%). Therefore, indicating that even if in terms of percentage,
the older buildings are far behind, the use of MPC in fact quantitatively reduces more emissions in older buildings.
Thesis 7.
The use of whitebox MPC in a normal computer for real-time implementation is unviable. The reason for this
seems to be the convergence issue during winter between the space heating demand in the detailed building
model and the gas boiler control. With regards to optimization time, the highly efficient buildings (such as KfW55
and passive house) seem to take a longer time in summer and transition season which possibly is due to tight
boundary for the control. Moreover, it could be concluded that the optimization time is understandably longer
when a sector-coupling energy component (such as FC-CHP) is included in the system [P7], [P10]
It could be determined that PSO functions better than GPS and GA, due to the fact that PSO not only reduces the
power-to-heat but also reduces the FC-CHP production, thus an increased PV, battery and solar thermal use than
its counterparts. It is to be mentioned though that PSO due to its randomness does induce hysteresis in gas boiler
control which causes more gas boiler starts. On the other hand, GPS opts to use more Power-to-Heat on all the
days which reduces solar thermal production, PV and battery use and increases FC-CHP production. It could be
also noted from Figure 9 that GPS almost always takes more optimization time than PSO. More importantly, with
GPS, at one of the cases, there was evidently unmet DHW loads which led to a local minimum of the objective
function with higher penalty yet GPS could not resolve this in the allotted maximum of 48 hours which reduces
the reliability of performance for GPS optimizers in such a complicated sector-couple thermal-electrical energy
system. Additionally, in the preliminary simulation, GA was dropped from the further investigation as they kind
of took longer optimization time even in summer days, used higher P2H in summer and higher GB use in winter.
Also, the GA could not reduce the peaks in gas boiler production and required grid imports for efficient buildings.
But due to the diverse complexity of the optimization, GA was dropped preliminarily and hence it is to be
interpreted cautiously as a reconfirmation might be required. It might be true that GA and GPS are slow because
they always search for a pattern in the input vector while PSO with its randomness approach achieving better
fitness value comparatively fast [P7],[P11].
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The whitebox MPC in this study, with Intel i7-4790 CPU @ 3.6GHz computer, takes up to 48 hours of
optimization time to reach a steady-state solution on the objective function fitness value for a 24-hour control
horizon, especially during the winter days, with a soft constraint for the SH demand. It might make sense to separate
the SH control on a lower level MPC and hierarchically use a fixed SH demand profile for the MPC control of the
energy production units, but then the intelligence potential might be reduced. One opportunity might be to use
commercial optimization software like Gurobi or AMPL or to analyze the potential of parallel computing with more
parallel runs of the TRNSYS model to make the optimization process faster. Though as stated by [10] that the
prediction using whitebox MPC models are more accurate than the greybox MPC models, this could not be
evaluated here as a greybox model is necessary for the comparison.

Figure 9. Optimization time taken by the MPC to achieve an optimized solution which is less than the fitness
value tolerance of all four building standards with and without FC-CHP using PSO and GPS optimizers

PSO, on one hand, increases the solar thermal fraction better by reducing the power-to-heat during the
summer days and increased battery usage overall. And on the other hand, GPS by using higher power-to-heat tends
to end up with lesser solar thermal contribution. Yet with GPS, a smooth gas boiler control sequence could be
achieved due to its algorithm’s architecture which seeks relation between the previous and next control timestep.
With PSO, due to its randomness, the gas boiler control is subject to some hysteresis which even with the extra
definition in the objective functions leads to a slightly increased gas boiler usage and more gas boiler starts.
Nonetheless, the reliability of PSO with the randomness is higher as with GPS sometimes it tends to end up in a
local minimum as seen in the summer days with FC-CHP and during winter days without FC-CHP where the objective
function fitness value is higher due to the penalization of unmet DHW or lesser building temperature. Also with
GPS, when the initial point for simulation is used directly from the status quo controllers it takes more time and this
could be averted by initializing the optimization with the previous horizons best-case manipulated variable vector.
During the sensitivity analysis, with FC-CHP, GA fetched though better results than status quo, they were subject to
be the least performing algorithm. It is though worth noting that the optimization was done only for a maximum of
12 hours. But it could be certainly concluded that GA is much slower than PSO and GPS under the taken boundary
conditions. Thus, for further analysis GA was not considered. Though until now many researchers have used GA for
optimization in an MPC for different energy system or energy system components, there was no benchmarking
comparison done between different algorithms until now. And to dismay, in this thesis, it could be determined that
GA’s performance is poor when compared to the outcomes of PSO and GPS for a complex hybrid electrical-thermal
decentral renewable residential energy system.
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