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Abstract 

Residential buildings play an important role in energy consumption in the world. Around 40% of the 

world’s end energy is being used in residential buildings. The energy demand of just single and two-family 

houses in Germany equates to 10% of the whole of Germany’s emission. Increasing renewable energy 

utilization in residential buildings, especially for heating, is essential, which would apparently result in 

reduced primary energy consumption. Model predictive control (MPC) is one of the intelligent control 

techniques which uses a dynamic model to forecast system behaviour and optimize the forecasted outcomes 

such that the desired behaviour is achieved by optimal control of the system by manipulating the control 

variables. The role of intelligent controllers in building heating or in renewable energy systems has already 

been identified. However, what still remains open is the combination of energy systems, storage, and 

building all together into a single system controller and the universalization of this controller. In most of the 

literature, the MPC is customized and designed especially for that particular case. The 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 present.  

The aim is to investigate MPC in a decentrally integrated thermal and electrical energy system for 

increasing renewable energy fraction and self-consumption with different optimization algorithms for 

different single-family house energy standards. The selected building standards are Sonnenhaus (high 

renewable fraction house), KfW55 (modern building), Passive house (low primary energy house), and 

WSchVO95 (old building characteristics). The energy system consists of photovoltaics (PV), inverter, charge 

controller, battery storage and grid backup on the electricity side along with the solid oxide fuel cell 

combined heat and power (FC-CHP). In addition, on the thermal side, the system includes solar thermal 

collectors, gas boiler, thermal storage, radiator/floor heating, and freshwater station. A constrained time-

varying deterministic discrete-time model is used to represent a Building-HVAC problem here. A simulation 

framework for MPC simulation using the whitebox model of TRNSYS and MPC simulation in MATLAB is 

developed. To carry out optimization in MATLAB, a direct optimization, Generalized Pattern Search (GPS), 

and two widely used population-based stochastic meta-heuristic methods, Particle Swarm Optimization 

(PSO) and Genetic Algorithm (GA) are chosen. An extrapolated annual evaluation of the MPC is carried out 

via six representative days chosen using the clustering technique. 

In this study, it is evident that detailing the objective function can help to improve the performance of 

the MPC but from the perspective of universally implementing such complex objective functions, the change 

in weightage factors are required only for the old building standard, WSchVO95 while all other buildings 

are quite identical when it comes to the MPC configuration. Overall, the use of MPC brings a remarkable 

improvement not only on the supply side on all the building standards but also with better SH demand-side 

management, especially for the newer building standards. As seen in the case study here, astonishing 

reduction in space heating demand: -15% for Sonnenhaus; -30% for KfW55; -30% for passive house; and -2% 

for WSchVO95 could be accomplished by PSO optimizer MPC with FC-CHP.  On the energy supply, ca. 10% 

increase in solar thermal fraction with all the new buildings 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%) and led to an obvious increase 

in gas boiler production (ca. +15% for the new houses and +5% for WSchVO95).  On the electrical side of the 

system, a 14% increase in PV supply in all buildings with just up to 20 kWh/a grid import for KfW55 and 

passive house could be achieved. Altogether, the decentral system self-consumption fraction could be 

increased by 8-12% with FC-CHP. Without FC-CHP, the MPC could focus on reducing the gas boiler supply 

(-6% for Sonnenhaus; -35% for KfW55; ca. -18% with passive house and WSchVO95).  

It is also evident that PSO is slightly advantageous over GPS and GA, where GA seems to be the least 

performing of the three optimizers. From the results, it could be seen that the use of FC-CHP does prove 

useful for older buildings where the use of power-to-heat is contributing towards reducing the gas boiler 

production peaks. On the other hand, it could be concluded that the whitebox TRNSYS-MATLAB MPC is 

still a hindrance with huge optimization time (24-hour control horizon requiring up to 48 hours in winter 

days) making it not suitable for real-time implementation even with the recent development of computers. 
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 - Bonus renewable heat supply 

µ𝑆𝑒𝑙𝑓  - Bonus self-utilization of electricity supply 

µ𝑎𝑢𝑥  - Penalty auxiliary heat usage 

η
𝑦𝑒𝑎𝑟,𝑃𝑆𝑂

 - Energy fraction corrected with the deviation 𝜎𝑛 in kWh/a with MPC using PSO optimizer 
algorithm 

η𝑦𝑒𝑎𝑟,𝑟𝑒𝑓  - Yearly energy fraction – reference case 

𝛼𝑖  - Weightage of the respective i cluster calculated by the cluster population 

𝜌𝑑ℎ𝑤  - Penalty for DHW load mismatch (hard constraint) 

𝜌𝑒𝑙  - Penalty for electrical load mismatch (hard constraint) 

𝜌𝑠ℎ  - Penalty for SH load mismatch (soft constraint) 

𝜎𝑛 - Deviation correction factor of n 

𝐽 - The mathematical definition of the objective function 

𝛼 - Weightage factor for SH mismatch penalty 

𝛽 - Weightage factor for DHW mismatch penalty 

𝛾 - Weightage factor for electricity mismatch penalty 

𝜌 - Penalty for supply-demand mismatch of the system 

EBatt,out - Electrical energy delivered to the electrical load by battery (kWh/day or kWh/a) 

EColl-spec - Solar thermal collector yearly energy production per m2 (kWh/m2a) 

E6day,PSO - Weighted extrapolated yearly energy value corrected with the deviation 𝜎𝑛 in kWh/a with MPC 
using PSO optimizer algorithm 

EDHW - Thermal energy demand of the domestic hot water delivered (kWh/day or kWh/a) 

EF/a - Energy fraction per annum in % 

EFC,direct - Direct fuel cell electricity delivered to the electrical loads (kWh/day or kWh/a) 

EFC,el - Electricity produced by fuel cell (kWh/day or kWh/a) 

EFC,th - Thermal energy produced by the fuel cell (kWh/day or kWh/a) 

EGB - Auxiliary thermal energy produced by the gas boiler (kWh/day or kWh/a) 

Egrid-exp - Excess electricity exported to the electricity grid (kWh/day or kWh/a) 
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Egrid-exp,FC - Excess electricity exported to the electricity grid from fuel cell (kWh/day or kWh/a) 

Egrid-exp,PV - Excess electricity exported to the electricity grid from PV (kWh/day or kWh/a) 

Egrid-imp - Electricity imported from the electricity grid to supply the electrical loads (kWh/day or kWh/a) 

Eload,el - Electrical load demand (kWh/day or kWh/a) 

En - Weighted extrapolated energy value of the respective n energy system component in kWh/a 
En,i - Daily energy value of the respective n in kWh/day for the particular i cluster  

EP2H - Auxiliary thermal energy produced by power-to-heat conversion (kWh/day or kWh/a) 

EP2H,FC - Auxiliary thermal energy produced by power-to-heat conversion from FC-CHP (kWh/day or 
KWh/a) 

EP2H,PV - Auxiliary thermal energy produced by power-to-heat conversion from PV (kWh/day or kWh/a) 

EPV - Electricity produced by the photovoltaic system (kWh/day or kWh/a) 

EPV,direct - Electricity supplied directly to the electrical loads by the photovoltaic system (kWh/day or 
kWh/a) 

ESH - Space heating thermal energy demand (kWh/day or kWh/a) 

EST - Thermal energy produced by solar thermal collectors (kWh/day or kWh/a) 
Eyear,ref - Yearly energy production or demand for a year – reference case 

Ghor - Global horizontal solar irradiation (W/m2.day) 

h - Forecast horizon (hours) 

i - Cluster number 

k - Current time (hours) 

n or Nc - Control horizon (hours) 

Np - Prediction horizon (hours) 
PFCel

 - Electrical power produced by fuel cell CHP at the timestep (kW) 
Pelsys2load

 - Electrical power delivered to the electrical load by the decentral system at the timestep (kW) 
PBatt,out - Electrical power delivered to the electrical load by the battery at the timestep (kW) 
PGridExport

 - Excess electrical power produced in the decentral power system fed into the grid at the 
timestep (kW) 

PGridImport
 - Electrical power supplied by the grid to satisfy the load at the timestep (kW) 

PPV - Electrical power produced by photovoltaics at the timestep (kW) 
Pelload

 - Electrical load at the timestep (kW) 
QFCth

 - Thermal heat input produced by the fuel cell CHP at the timestep (kW) 
QP2Hel,FC

 - Electrical power of the FC-CHP used in thermal auxiliary production at the timestep (kW) 
QP2Hel,PV

 - Electrical power of the PV used in thermal auxiliary production at the timestep (kW) 
QP2Hel

 - Electrical power of the FC CHP & PV used as heat at the timestep (kW) 
QDHW - Thermal heat demand of the domestic hot water delivered at the timestep (kW) 
QGB - Thermal heat input of the gas boiler auxiliary production at the timestep (kW) 
QSH - Thermal heat demand of the space heating delivered at the timestep (kW) 
QST - Thermal heat input of the solar collector production at the timestep (kW) 

Taux,check - Setpoint temperature to be checked at the respective auxiliary zone by the auxiliary controller 
(°C) 

Taux,DHW - Current temperature of VDHW (°C) 

Taux,set - Setpoint temperature by the auxiliary energy producer (°C) 

Taux,set-DHW - Setpoint temperature of VDHW (°C) 

Taux,set-SH - Setpoint temperature of VSH (°C) 

Taux,SH - Current temperature of VSH (°C) 

TBUI,set - Setpoint temperature of the building (°C) 
Tdhw - Actual DHW delivery temperature (°C) 

TDHW,in - Temperature of the hot water delivered to DHW (°C) 
Tdhw_set - DHW setpoint temperature (°C) 

TGB,out - Current gas boiler output temperature (°C) 
Troomset

 - Room setpoint temperature (°C) 
Troom - Actual room temperature (°C) 

TSH,in - Temperature of the hot water delivered to SH (°C) 

Ttank,xx - Temperature of the storage currently at xx relative height (°C) 

𝑥0 - Initial state of the system 
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1 Introduction 

The International Energy Agency, [1], estimates 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. There are huge amount of already existing buildings 

and revision in energy characteristics of a building is constrained as buildings have a long lifespan. According 

to [2], the annual rate of new building construction is always higher than the demolition rate. In many 

countries, new buildings could be made 70% more efficient than existing buildings. In contrary to the energy 

policies’ aims of reducing the energy consumption, the energy demand in the residential sector has increased, 

for example by 15% in the last decade in the UK [3]. Global energy consumption in the residential sector grows 

on average at 1% per year [4]. Energy use in the buildings sector is predicted to increase by 88% between 2003 

and 2050, or 1.4% per year [4].  A tremendous 50% of residential sector demand is used for space heating in 

International Energy Agency member countries and this is expected to be around 70% for countries like 

Germany and Poland [1]. The second major energy demand for the residential sector is electricity. Electricity 

consumption increases at 2.5% per year, raising its share in the buildings sector from 24% in 2003 to an 

estimated 40% in 2050 [4].  

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 [2], 64% are 

residential buildings, and of the 19 million residential buildings in Germany, 15.7 million are single- and two-

family houses. Single and two-family houses alone have a demand of 39% of the total end energy consumption 

in the buildings sector [2]. 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 [2]. 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 [2]. 64% of these single or two-family houses were built before 1979 and therefore in total, 

there are 65% of residential buildings which were erected before any standard was in place and 39% of those 

were built between the 1950s & 1970s [2]. It is also calculated that only 33% of these old single-family houses 

(SFHs) are renovated [2], [5]. SFHs on average currently require 152 kWh/m2a end energy and it has just 

reduced 13% (21 kWh/m2a) in the last 6 years  [2]. [2] also showed that 80% of the energy demand in a 

residential building sector is used in heating and only 15% of this heating demand is delivered by renewable 

energy while, 46% is still via gas. When the installed thermal energy producers are closely compared between 

1998 and 2013, 13% of the oil’s share is now substituted by the heat pump and biomass but the gas units are 

still more or less in the same share of 70% [2]. Surprisingly  [2] states that also in the newly built buildings, the 

installed energy producers are still 51% gas boilers, 30% heat pumps and only 1% is solar thermal. In fact the 

trend of yearly installed solar thermal systems is reducing since 2011. 

According to Germany’s energy transition and climate law [6] passed in 2019, there are clear goals to 

reduce the total emissions in Germany by 2050 to 80-95% in reference to 1990. And as a milestone, they want 

to reduce 55% by 2030 [7]. Right now, according to [2], it stands currently at a 33% reduction and according to 

[8], by 2030 there could be an extra 28 million tonnes of CO2 equivalent emissions (difference from the goal of 

70 million tonnes in 2030) in the buildings sector if the current emission reduction rate trend follows. Therefore, 

many advances in this sector are necessary. Hence, increasing renewable energy utilization in residential 

buildings, especially for heating, is essential, which would apparently result in reduced primary energy 

consumption. In the Energiefortschrittbericht [9] (Energy Progress Report), Prognos 2020 [8], Energieeffizienz 

Strategie Gebäude [10] (Energy Efficiency Strategy in Buildings) and several instances, the need for intelligent 

control of hybrid renewable energy systems (thermal and electrical) which promotes optimum integration of 

renewables in residential buildings along with decentral sector coupling is emphasized. Decentral sector 

coupling can be simply defined as a combination of different energy sectors (electricity, heating, cooling and 

transport) with locally installed energy generation units closer to the site of energy consumption. 

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. This is because 

the old systems were partly oversized and commonly have only a single energy source and not controlled 

actively. But the new systems with decentral integrated intermittent renewable energy sources including 
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backup auxiliary energy sources and energy storage, the capability for SISO controllers are not good enough. 

With the growing trend of decentral renewable thermal energy systems (e.g. solar thermal with an auxiliary 

gas boiler or photovoltaics with heat pump) and renewable electrical energy systems (photovoltaics with 

battery or micro wind turbines or micro combined heat and power) in single-family houses, the potential to 

decentral sector coupling is made possible. 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. The control system for buildings plays an important role and 

with developments in control strategy and [1] estimates that around 10-20% of the energy use can be reduced.  

 

Figure 1. Different system models (blackbox, greybox, and whitebox) for MPC and their advantages 

Yu et al. [11] listed building system control in three categories: classical control (mainly on/off and PID); 

soft or intelligent control (based on historical data); and hard or advanced control (based on building model). 

As described in [12], the model-free control strategies use the weather predictions without any building or 

historical data which manipulate the heating or cooling system or the temperature setpoints. These are easy 

to implement, low cost but limited results. The intelligent controllers use a kind of fuzzy logic or a set of rules 

which are created from the monitoring or current building data [13]. The ability is high, but an experienced 

user is required to set the logical rules and is different for each scenario and the logic is required to be 

developed from scratch for each building application. The advanced control uses the building model in the 

control operation. In [12], advanced controls are further divided into adaptive, optimal, and model predictive 

control. Adaptive is based on the adjustment of model parameters [14] and optimal controllers find an optimal 

setting for the parameters which is being adjusted to an optimum of a control strategy [15]. 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)[12], [16]. MPC utilizes a system outcome prediction 

model. As shown in Figure 1, 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 
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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. The crucial part of building modelling in 

predictive control is explained in [17]. The building as storage and the energy demand variance between 

different air-tightness and insulation is showed in [18]. 

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. For example, an MPC 

controller was implemented in a Swiss office building in [19] 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. [12] and Zhun et al. [11]. 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 an 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. 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.  

The main parameters usually for an MPC are thermal comfort, peak energy consumption, total energy 

consumption, and applicability of renewable energy sources [16]. Most of the MPCs which are researched for 

now are specific to that building and may not be optimal for similar buildings or applications. 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 ought to be carried out in another software 

(MATLAB, GenOpt, etc.) and the computing time is high. But with increasing innovation in 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. But in most of the researched cases or implemented MPCs, the solution is not 

universal, thus mass optimization logic is not yet achieved. But 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 house standards ranging from old houses to new houses and high 

renewable houses to low consumption houses are taken into account. The focus is on single-family houses. 

The building standards Sonnenhaus, passive house, WSchVO95, and KfW55 are selected. These buildings are 

simulated along with an energy system consisting of electrical and thermal systems. The energy system 

consists of 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 with different optimization algorithms for 

different single-family house standards.  
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1.1.2 Thesis statement 

To analyze 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 

self-utilization 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 input-output 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 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.  

 In this thesis, 100% 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. 

1.2 Thesis Outline 

This thesis is categorized in the following way: As next, in Chapter 2, a detailed literature review of the 

previous research in this field and the focus of this study is presented.  In Chapter 3, primarily the decentral 

energy system components; the four different building standards; and its simulation in TRNSYS is described. 

Consequently, the decentral sector coupling with status quo controllers and its limitations are showcased. 

Thenceforth, in Chapter 4, the simulation framework of the MPC along with the development of the optimizer 

algorithm implementation in MATLAB; definition of the mathematical objective function; definition of 

constraints, and boundary conditions are established. Subsequently, the adaption of clustering methodology 

to evaluate the annual performance is described. Finally, in Chapter 5, the MPC optimization results of the 

three different algorithms with four different building standards are illustrated and investigated.  In Chapter 



Literature Review 

5 
 

6, the final results of this research thesis are summarized. Lastly, the results are discussed in Chapter 7, and in 

Chapter 8, the thesis is concluded. 

2 Literature Review 

2.1 Decentral sector coupling & barriers in building energy management 

According to [20], if Germany’s energy needs are to be met solely by renewables, around a four-fold to a 

six-fold increase in today’s installed wind and solar capacity is required. And with existing conflicts around 

land use (for biomass plantation, wind farms, or PV farms), renewable energies cannot be substantially 

expanded just in the centralized fashion, as fossil generation plants. So, a mix of both centralized and 

decentralized energy generation systems are required. Positive advancements are seen in the field of 

electricity, where transmission and distribution grids have achieved flexibility and better load balancing via 

demand-side management with the digitalization of the grid. With increasing decentralized systems and 

increasing prosumers (who simultaneously consume and produce the same product), flexibilization 

methodologies like energy storage, power-to-gas, power-to-heat are required to play an important role in the 

future. According to [21], one important advantage of decentralized technologies would be the facilitation of 

individual and collective (neighbourhood) self-consumption. The electrical sector has undertaken several 

aspects like variable electricity pricing, day-ahead markets, etc., where the energy use prices are high when a 

negative production-demand mismatch is present and vice versa, low price when abundant renewable energy 

production is available, so as to incentivize the use of the produced electricity. On the other hand, to counter 

increased feed-in of electricity when already a positive production-demand mismatch is present, the energy 

selling prices are reduced and similarly increased when a negative mismatch is present. 

In the heating sector, similar to current Denmark’s trend, the trend in Germany in the future is expected 

to shift from decentralized to centralized technologies around the world. But in Germany, the heating sector 

is still largely decentral and technologies like heat pumps and solar thermal technologies are required to 

increase the renewables in the thermal sector.  With the opportunities from artificial intelligence, internet of 

things, and other digitalization technologies, decentral sector coupling can be facilitated, so as to have a 

balanced resilience. While interfaces to heat and transport sectors, storage systems, and demand-side 

management do indeed increase complexity, they also increase the system’s heterogeneity and modularity 

[21]. On the assumption that smaller units can be more readily monitored and controlled and the emergency 

measures together with resources, better planned, decentralization could increase system resilience [21]. With 

the increasing trend of decentralization of energy systems in each sector via renewables (e.g. a solar PV carport 

for electric vehicle charging, PV or wind for electricity production, and solar thermal collectors for hot water 

production), the role of decentral sector coupling is also high. Energy technologies like power-to-heat via 

heating elements, heat pumps are gaining importance. For decentral sector coupling, the barriers are, along 

with the economic parity and policy barriers, the need for energy storage, and advanced control techniques 

for system planning and operation via smart energy management [22]. The combination of end-use sector 

coupling and cross-vector integration is expected to reduce the overall costs of the transition to a low-carbon 

energy system [22]. Sector coupling provides options to ‘absorb’ excess electricity supply from renewable 

energy sources, to store energy, and to provide back-up supply in times of high demand and prices. Similarly, 

end-use equipment (e.g. batteries, cooling systems) can be used to balance supply and demand at any moment 

or to provide ancillary services to grid operators to ensure system reliability and adequacy [22].  

According to [23], the technical barriers in effective integration of decentral energy systems are their 

multiple generation technologies, including intermittent generation with storage, interaction with external or 

adjacent infrastructure, level of user interaction and different energy demand profile. Along with which, the 

size, technologies used, system configuration, interaction with pre-existing energy systems, etc. also add 

significant technical complexity by limiting repeatability [23]. Thus, effective energy management with smart 

system control is required for a detailed understanding of demand patterns, some form of vector load 

prioritization by understanding the energy system, and the ability to predict and plan for such events in 

advance. Smartness which facilitates the integration of energy system components, consumers, and operators 
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according to Ford et al. [24] is an integration of information and communication technologies; automation and 

self-regulation; ability to learn user preferences, and smarter engagement.  

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 

and with developments in control strategy around 10-20% of the energy use can be reduced [1]. Building 

control systems are basic entities in building energy management for attaining energy efficiency and 

sustainability, however, energy consumption and wastage are usually huge due to the substantial instabilities 

and frequent overshoot of the setpoints with conventional controllers, and generally, status quo controllers 

have not been able to offer optimal control strategy [25]. And with the increasing decentral prosumers in the 

electrical sector, with PV systems feeding in energy into the grid during sunny days and creating instability 

in the electrical grid, the grid operators and policymakers are implementing ways like time of use pricing for 

consumption and supply of energy, thus encouraging demand-side management, flexible central energy 

supply generation units and self-consumption of decentral energy systems by prosumers. Traditional supply-

side management of centralized energy systems with status quo control methods (central energy generators 

in a hierarchical structure supply the customer’s demand) is proving to be inadequate to handle the 

intermittent renewable energy systems (central and decentral), primary and secondary energy generation 

reserves, energy storage and the flexibility management of the energy supply and demand, thus emphasizing 

the need of new demand-side management strategies and complex control methodologies to enhance self-

consumption in decentralized energy systems.  

2.2 Advanced control techniques - (model) predictive control for energy system and 

buildings 

With predictive control being one of the intelligent control options, there has been a lot of application of 

this in the recent literature. In [26], the authors introduced an economic model predictive controller (MPC) to 

reduce the electrical heater production using a simple mathematical model and 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. [27]–[29] introduced a steady-state model 

for an MPC where a predictive controller was studied for auxiliary energy reduction with simple buffer 

storage using TRNSYS and MATLAB for March, April, and October and achieved a maximum of 5% increase 

in the solar fraction in October and a maximum of 40% reduction in auxiliary energy input in April. The same 

configuration was also utilized by [30] for a 10 kW pellet boiler, and similar results with reduction of auxiliary 

energy fraction from 27% in conventional controllers to 8% using predictive control in May was achieved for 

that particular single-family house building in Strasbourg with 10 m2 collector and 850-liter 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 predictive controller 

was analyzed with 2 hours solar collector prediction and 1-3 hours of storage temperature prediction. 

The initial studies of MPC in the building sector were investigating buildings alone as a simple RC 

(Resistance-Capacitance) model for ventilation and the first study applying TRNSYS was done by Zakula [31] 

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. A similar system with solar thermal and absorption chiller has been studied 

in [32] with a state-space model using genetic algorithm (GA) in Python which resulted in a 10% reduction in 

auxiliary use. In [33] 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. A similar result for just the floor heating optimization in a building was 

achieved by [34]. They used just a linear MATLAB inbuilt algorithm. In [35], 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. RC model MPC and 

TRNSYS-Genopt MPC for electric floor heating were compared in [36] and reported that circa 20% more peak 

power reduction is possible by using a complicated building model but also incurs more computation time. 

The ISO 12790 simple RC model works well for calculating the yearly demand as time series for heating. But 
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as [37] showed, such grey-box models are not as accurate as whitebox TRNSYS models, and therefore for 

predictive control, those grey-box models are not as effective.  

Liu et al. [38] achieved 24% energy reduction with a co-simulation-based GA optimizer MPC with 

MATLAB and TRNSYS for a cooling HVAC system, with the objective being the reduction of electricity 

consumption. A similar economic MPC with electrical heating and a photovoltaic (PV) system was introduced 

in [39], but on contrary used a simple mathematical equation-based model for all the system components. In 

[40] and [41], 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 [42], 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). [43] developed a simple rule-based MILP 

(mixed-integer linear programming) predictive controller to reduce the heating power variance and peak 

power reduction in a fan coil HVAC system. Coffey et al. [44] 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. A similar MPC control of thermally activated building system with electrical 

heating and variable pricing is achieved in [45], where Labview is coupled with TRNSYS and artificial neural 

network (ANN) optimization is investigated with a set of training data. Apart from TRNSYS, there are also 

instances, where EnergyPlus software is used for building simulation in an MPC. Also, other intelligent control 

approaches like ANN, fuzzy logic, etc. are present in the literature. 

The implementation of MPC at a component level like just in building heating [19], [31], [34], [45] and for 

energy systems components alone, as examples, heat pump in [29], thermal storage in [11], [12], solar thermal 

system in [28], [32], [42], [46] and electrical system with PV and battery in [33], [39], [41], [47], 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 [48] while the simulation layer with a 

whitebox model is held in TRNSYS [49]. 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 previous literature, where system model is done in one software, model predictive 

controller in another and optimization algorithm in another. Moreover, the focus here 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.  

2.3 Simulation of the energy system 

For dynamic transient multi-generation energy system modelling there are quite some alternatives 

available in the market, reviewed in detail by [50]. For the energy system, there are Polysun, EnergyPlus, 

Modelica, and TRNSYS for whitebox modelling. According to the author’s knowledge, none of these software 

offers an optimization architecture. TRNSYS was chosen in this study due to the modularity via pre-developed 

system model blocks (types) and the ability to customize the controllers and the possibility to couple 

optimization software. In terms of optimization, TRNSYS offers GenOpt for single-objective optimization but 

are limited with the selection of algorithms. But at the start of this thesis, the only available literature in the 

field of energy systems was using MATLAB [25]. The MATLAB MPC and optimization toolbox with its 

algorithm options were already widely used in supply chain management and the automotive sector, thus the 

authors shortlisted MATLAB, as there was a possibility of coupling MATLAB and TRNSYS at the initial stage 

of this research. Due to the fact that there is no suitable tool to execute energy system modelling and 

optimization, in this study, it is decided to use TRNSYS for the simulation of a whitebox energy system model 
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and MATLAB for optimization. And in the recent past, Python has been emerging in the field of energy 

optimization due to its cost-free open license policy. Especially during the course of this research, there have 

been many toolboxes developed in Python by other researchers in this field ([51], [52]) that focuses on the 

implementation of the MPC. Also, meanwhile TRNSYS offers a Type to couple Python.  

As previously mentioned even though whitebox MPC is considered to use a precise and accurate 

prediction model, the implementation of a whitebox MPC in real-time is complicated due to its computation 

time. One possibility is to tap the potential of parallel processing which may increase the computation speed. 

In this study, only sequential simulation of the optimizer evaluations is undertaken. And in the meantime, 

there are various other research approaches for the purpose of deconstructing the complexity of the HVAC-

Building MPC. Other than the obvious approach of creating a simple yet effortful customized two-order 

greybox model, novel approaches like data-driven machine learning model derivation using regression trees 

or random forests as shown in [53], [54] are gaining popularity. Another approach is parameter estimation of 

complex greybox models like state-space model derived from whitebox model as described by [55] in 

MATLAB using BeSim Toolbox [56] or using Python as done in [51].  

2.4 Optimization algorithm 

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. Computational 

optimization according to [57] can be defined as the process of designing, implementing, and testing 

algorithms for solving a large variety of optimization problems and includes the disciplines of mathematics to 

formulate the model, operations research to model the system, computer science for algorithmic design and 

analysis, and software engineering to implement the model.  

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. Hence as known from previous 

literature [25], [57]–[60], the classic optimization such as linear-programming, Nelder–Mead Simplex method, 

quadratic programming, etc. do deem time-consuming and not feasible. Thus, as pointed out by [25], [57]–[61] 

heuristic and meta-heuristic methods are more widely used. In some cases, due to the complexity and 

characteristics of the problem, even the heuristic and meta-heuristic optimization could not result in global 

optimum solutions within the feasible time duration, especially for non-linear problems. The multi-objective 

optimization can be carried out by aggregate weighted function or Pareto based functions (non-inferior 

solutions via objective function vector in which an improvement in one objective requires a degradation in 

another). Due to its complexity, Pareto functions are not yet applied to most algorithms, but the main 

drawback of the aggregate weighted objective function is to have prior knowledge of the problem and to adjust 

the weightage value of the objectives to precise the algorithm’s decision-making process. And advanced 

optimization might be the pattern search algorithm (also known as direct search or derivative-free search) 

which includes algorithms like Hook-Jeeves, Nelder-Mead, mesh adaptive direct search algorithm, and 

generalized pattern search (GPS). As reported by [57], in the solar energy field and hybrid energy systems, 

ANN, GA, and particle swarm optimization (PSO) are more pronounced. The same energy system used here 

has been studied using a developed simple economic MPC in Python with the Nelder-Mead Algorithm with 

a simple mathematical system model and as shown in [62], the results were not satisfactory. 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.  

2.5 Prediction accuracy in MPC 

The prediction accuracies of the weather, energy production, and energy consumption do affect the 

accuracy of the performance of the MPC and the different methods have been shown extensively in [63] and 

they conclude that energy demand forecast, energy production forecast, weather forecast, and energy price 

forecast with methods like ANN and ARIMA (autoregressive integrated moving average) can achieve 

forecasts with 2-8% mean absolute percentage error (MAPE). In the field of PV production, lots of advances in 

mathematical forecasting is done in recent years and still, the root mean square error (RMSE) is 4-17% using 

long short term memory (LSTM) method as shown by [64]. With additional fine-tuning using a year of 

machine learning CNN (convolution neural network) in combination with LSTM for the specific location and 
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energy production unit, the forecasts were made with RMSE of  6.5% in [65]. [66] reported better accuracy with 

1-hour forecast resolution for 72-hour horizon by reviewing the available methodologies which ranged from 

2% MAPE for 1h resolutions to 20% for 1-minute PV day ahead forecasts. [67] presented an LSTM forecast 

model with 3.45% MAPE for solar thermal forecasts and [68] presented a method with 2% MAPE for 1-hour 

resolution electrical energy demand forecasts in districts. [69] reported up to 15% MAPE and [70] reported 8% 

MAPE in day-ahead building thermal load forecast with hybrid black box model forecasts using deep learning 

and mathematical regression forecasting. In summary, the time series forecasting and hybrid methods with 

time series (for eg. LSTM) with deep learning methods (for eg. CNN or ANN) work accurate enough for 

electricity demand forecast, hot water demand forecast, and weather forecast, but are still in development for 

building thermal load demand forecast and combined energy system. Thus, emphasizing the need for physical 

energy system models and model predictive controllers for control and scheduling the energy systems. 

Moreover, in this study for the sake of reduction in complexity, a 100% weather forecast accuracy and 100% 

load demand forecast accuracy is assumed.  

2.6 Dynamic system testing & clustering 

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 ([71]–[76]), authors had to settle to simulate just one 

day or in one season or for a week only. But unfortunately, the results do not evaluate the MPC on a yearly 

scale and the savings compared with status quo controllers are thus constrained. In [71], a simulation-based 

MPC with EnergyPlus and MATLAB using GA algorithm was evaluated for control of a hypothetical 

residential building heating and due to the simulation time, they did only examine one typical day. The same 

issue was faced by [72], where they also had to settle with one sample day evaluation of a GA algorithm MPC 

for a residential building heating system with solar thermal collectors and gas boiler. For a heat pump system 

with PV and wind generation, [73] developed an MPC and declared 32% energy savings is possible but also 

here the evaluation of the MPC was done for one particular day. Also in [74],[75], and [76], the results were 

constructive for the selected time period. 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 realtime 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. 

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. Since 2002 as 

shown in [77], SPF Institute in Switzerland, SERC in Sweden, and INES in France had developed dynamic 

system testing process separately and in MacSheep project [78] all three research institutes joined together to 

compare their methodologies and come out with a combined process. So, they compared the twelve-day and 

six-day process and introduced an optimization process where they changed DHW load, ambient 

temperature, and solar irradiation of the selected representative days to match the annual energy indicators. 

Also as an adaption from the EURAC Institute [79], they used clustering methodology 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. Nevertheless, the order of the sequence had to be optimized case 

to case. Following which in Project SUW-MFH [80] from ISFH, instead of just irradiation values, they used a 

factor of irradiation and cloud cover to identify the representative days along with the ambient temperature. 

But they decided not to fine-tune the loads and the input parameters and instead, stuck to the simulation of 

single days and not as a whole sequence. But as mentioned in [78], 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 [77]–[82] 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.  



Investigation of Model Predictive Controllers for Maximum Renewable Energy Utilization in Single-Family Houses 

10 
 

3 Decentral Home Energy System 

The work is partially a part of the project - intelligent home energy management [83]. Ulm University of 

Applied Sciences along with Sailer GmbH and other partners worked on the project 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. The subjective goal of the project was to have an integrated 

home energy system with an intelligent control unit communicating to all the components through a superior 

management concept. The goal was to have a demonstrator where different concepts can be tested and can 

function as an example of such a futuristic household’s decentral energy system where the load demand and 

energy production are forecasted, and an optimum predictive operation strategy is developed. The system is 

eventually not only optimized on efficiency, but also self-utilization is prioritized with the maximum possible 

renewable energy fraction. As shown in Figure 2, 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.  

 
Figure 2. Overview of the energy system built up as demonstrator during iHEM project [83] 

The demonstrator is built up at Ehingen, Germany (48.2°N) in the premises of Sailer GmbH. In the scope 

of the project, OFFIS developed a simple initial MPC in Python with the Nelder-Mead algorithm with a simple 

mathematical system model as shown in [62]. Here for this study, the same energy system is modelled in 

TRNSYS as a detailed physical-mathematical dynamic system simulation model and investigated for single-

family houses.  

The building description of the selected single-family house standards and its’ simulation model is 

extensively described in Section 3.1. This simulation model of the energy system (with the simulation of the 

novel thermal storage with stratified lances; predictive gas boiler controller; and implementation of power-to-

heat) in this study is extensively described in Section 3.2. The results of the four selected single-family house 

standards with the same energy system using status quo controllers and their shortcomings are showcased in 

Appendix II. 
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3.1 Selected building typologies  

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) to a new (KfW55) but also from less end 

energy requirement (Passive house) to high solar energy fraction (Sonnenhaus). The buildings are explained 

in Section 3.1.1. 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 withhold heating for some hours. 

The building characteristics of the base case are taken directly from a real existing KfW55 building [84]. 

The KfW55 building is made available from Dammann-Haus GmbH company and the total U-value of the 

building is 0.18. The other three building models are developed with the same building envelope dimensions 

and just by changing the characteristics of the walls and the required building standard conditions. 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 

3. The house has two floors and an unheated roof-storeroom. The roof is 63 m2 on each side facing North-

South and the unheated roof area is 35m2. The floor of this unheated zone is 52 m2. The two floors of the heated 

building are taken as a single zone. The building is structured in SketchUp and is coupled in TRNSYS with 

the energy system. The thermal and electrical system with space heating, hot water demand, and electricity 

demand is simulated in TRNSYS.  

 

Figure 3. The building envelope as modelled in Sketch-Up South-East orientation in the left and North-West view in 

the right 

The building is assumed to be occupied by four people during 22:00-08:00 with just one person during 

08:00-13:00 and from 13:00 proportionally the other three persons coming in. The heat losses from the radiator 

or floor heater piping; the thermal storage losses; and 81% of electrical load are taken as internal heat gains 

and coupled to the building model. The window blinds for the buildings are put on when the temperature 

outside is above 24°C to reduce solar gains. The windows are also opened for forced ventilation when the 

temperature is above 26°C. The building has 9 m2, 7.42 m2, 16 m2, and 1.6 m2 window area in the south, east, 

west, and north respectively. More on the dimensions and characteristics of the building can be found in [84].  

The electrical load profile is taken from the VDI4655 norm profile [85] and adapted for a four-person 

household. This profile is being taken from real measurements in one-minute intervals. The measurements are 

done on 10 different typical days combining clear & cloudy; summer, winter & transition season; working day 

& holiday. With those typical days, the annual demand is compiled. The consumption was measured in 15 

different climate zones in Germany. The profile is made available in nominated value which has to be 

customized with the number of occupants and the climate zone. The DHW demand profile and the electricity 

demand profile was developed from this profile. For the simulation, the SFH building with four occupants is 
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assumed to have 500 kWh per person per year for hot water consumption and a total of 4140 kWh as electrical 

consumption (household electrical appliances & lighting). More about the demand curve can be found at [85].  

The climate in Ehingen is a mid-European cold of a kind as shown in Figure 4. And the reason behind the 

selection of historical weather of Ehingen from 2018 is the availability of very detailed (1 minute) resolution 

data from a weather station installed during a previous research project. The temperatures go up to -15°C in 

February’s peak winter and stay sub-zero averagely for most of the winter (November to February). During 

these months, due to low sun angle and fewer sun hours, not much solar gains are achieved. But in summer 

the average goes above 15°C with peak mid-day temperatures up to 30°C on some days. The desired house 

temperature is set at 20°C for which the heating control works on with a ±0.25°C deadband and a night 

temperature setpoint reduction to 16°C during 22:00-06:00. 

 

Figure 4. Historical weather data of Ehingen, Germany (48.2°N) in the year 2018 for which the simulation is done 

3.1.1 Requirements of the building standard 

3.1.1.1 KfW55 

EnEV (Energiesparverordnung)[86] is an energy savings regulation that was first introduced in 2002. It is 

a regulation to be followed for each building built newly or is renovated along with the energy system 

components to achieve a specific primary energy consumption. The KfW55 [87] is an efficient house standard 

introduced in 2007 for which a lot of incentives and financial support is made available by Kreditanstalt für 

Wiederaufbau (German government-owned credit bank). The yearly primary energy should not be more than 

55% of the EnEV standard requirement. The specific transmission losses should not exceed 70% of the EnEV 

reference building. One of the other important requirements is that there should be a heat recovery enabled 

forced ventilation for the building and a blower door test ought to be done. 

3.1.1.2 Sonnenhaus 

The Sonnenhaus standard [88], translated as solar house, is a special certificate (voluntary standard) given 

for houses which has a solar fraction of 50% for the thermal demand of the building (space heating and hot 

water demand). The 50% solar fraction can be reached by solar thermal and/or photovoltaic system. The 50% 

solar fraction should be with respect to a reference system without solar thermal or photovoltaics. The primary 

energy normally should not reach more than 15 kWh/m2a. But exceptions are given to systems that have an 

auxiliary heater fed with fossil fuels, where 30 kWh/m2a primary energy is allowed but this will be mentioned 

in the certificate. The transmission heat loss ought to be at least 85% better than an EnEV [86] building code 

standard at the time of building the house. If it is a renovated house, then it should not exceed more than 115% 

of the EnEV standard. One of the common practices is not to install heat recovery forced ventilation units in 

such Sonnenhaus buildings.  



Decentral Home Energy System 

13 
 

3.1.1.3 Passive house 

One of the important criteria for a passive house [89], which also is a voluntary standard, is that the space 

heating demand should not be more than 15 kWh/m2a. The U-value of the 3 glazed windows should be under 

0.8 W/m2K and the g-value around 50%. As a rule of thumb for the combined U-value and g-value verification, 

the solar heat gain coefficient (for mid-European weather) should be less than or equal to zero and is calculated 

as Ug-g*1.6, where Ug is the U-value of glazing and g is the g-value of the window. The total external envelope 

U-values should be less than 0.15 W/m2K. The forced ventilation should be designed such that at least 75% of 

the heat is recovered (effectiveness). The ventilation at 50 Pa pressure difference should be 0.6 changes per 

hour. 

3.1.1.4 Wärmeschutzverordnung 1995 (WSchVO95) 

Wärmeschutzverordnung (thermal insulation ordinance) 1995 is a simple building standard where the 

basic necessity is that the house should be heated up to 19°C. The U-values of the windows (at least double-

glazed) along with the frame and leaks should not reach more than 1 W/m2K; door and roof windows not 

exceeding 0.7 W/m2K. But as an exception in appendix 1, section 7 under table 2 of [90], it is mentioned that if 

the average equivalent heat transfer coefficient (km,Feq£) is less than 0.7, then it is fine. The value keq,F = kF – g*SF 

in W/(m2K) where SF (solar heat gain coefficient) is taken as 1.65 W/m2 and kF is the determined heat transfer 

coefficient. The outer walls should not transmit more than 0.50 W/m2K. The roof should be insulated such that 

the U value is less than 0.22 W/m2K while the internal walls, ceilings, cellars, ground, and walls to unheated 

rooms losing heat less than 0.35 W/m2K [90]. 

Table 1. Building parameters overview of the four different standard building models 

 Sonnenhaus Passive house KfW55 WSchVO95 

U
-V

al
u

e 

Outer wall 0.179 0.122 0.16 0.6 

Roof 0.15 0.121 0.153 0.275 

Internal Wall 0.343 2.58 0.343 1.96 

Windows 
U-value 

0.7 

g-value 

0.5 

U-value 

0.59 

g-value 

0.45 

U-value 

0.68 

g-value 

0.407 

U-value 

1.73 

g-value 

0.705 

Ground 0.151 0.139 0.185 0.448 

Ceiling 0.348 1.65 0.348 1.65 

Ventilation 
0.46 1/h (No heat 

recovery) 

0.43 1/h (Heat 

recovery E=75%) 

0.43 1/h (Heat 

recovery E=75%) 

0.38 1/h (No heat 

recovery) 

Infiltration 0.14 0.07 0.07 0.42  

Energy 

Consumption 

Primary energy 

demand < 30 

kWh/m2 

Space heating 

demand < 15 

kWh/m2 

- - 

The simulated models’ parameters are shown in Table 1. The windows of the passive house have a g-

value of 0.45 which is less than the recommended 0.5 but since it satisfied the rule of thumb with U and g-

value, the g-value was parametrized so. The U-value of 1.73 for WSchVO95 is also according to the exception 

in the norms. The U-value and g-value of all buildings except WSChVO95 are similar while passive house 

being the most energy-efficient. The walls, ground, and roof are also in a similar pattern. The ventilation and 

infiltration are calculated according to DIN 18599. For the passive house, the same ventilation & infiltration 

parameters as the KfW55 were withheld as it satisfied the requirements of passive house standards. For 

WSchVO95, even though DIN 18599 was not in practice at this time, still the same standard was used as a 

simplification for simulation. The infiltration in Sonnenhaus is double that of KfW55 and for WSchVO95 the 

infiltration is too huge that it itself ventilates the house and hence the ventilation is lower than the newer 

houses. For the passive house, it is necessary that the house is well insulated and requires less primary energy, 

irrespective of whether a renewable generation is installed onsite. But the scenario is different for a 
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Sonnenhaus standard where the main aim is to cover at least 50% by solar energy and the other factors like 

walls, insulation, and infiltration are of less importance. KfW55 is a compromise between these parameters 

that moves buildings towards affordable sustainability, like for example making use of heat recovered 

ventilations. Also, KfW55 is a median between the new KfW40+ and KfW70 standards also in use nowadays. 

3.2 Simulation of the Decentral Energy System 

3.2.1 Thermal System 

The building as per the standards is created and properties are defined in the TRNBuild software which 

is a part of the TRNSYS (Transient System Simulation Tool) [49] software, where the other energy system 

components are defined and the simulation is carried out. For the degree of freedom and its module plug and 

play concept, it is flexible and custom designable. Each of the components in the system is a separate block 

(called as ‘Type’) in which the parameters can be defined. Also, each of the input and output of the components 

can be interconnected so that they can communicate with each other.  In TRNSYS, there are lots of pre-

developed models available that can be connected together and integrated as a system, just like in MATLAB 

Simulink. Furthermore, new component models can be coded and created. 

Gas
 Boiler

Fuel 
Cell 
CHP

Fresh
 Water 
Station

Solar 
Thermal 
Collector

Domestic Hot 
Water Demand

Electricity 
Demand

Space Heating 
Demand

Weather

Photovoltaic

Battery

Inverter

Radiator/Floor heating

Charge 
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=
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Figure 5. Schematics of the energy system as simulated in TRNSYS 

The simulations are carried out with the Ehingen, Germany’s historical weather data from 2018. As shown 

in Figure 5, a Focus AR Solar thermal collector [91] of 26m2 with Type 539 is simulated. The collector is 

assumed to be mounted at 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 [92] is used to simulate the 2 m3 thermal storage, Sailer 

Hybrid Quattro [93], which consists of lance elements and enables to charge the thermal storage efficiently 

and maintain different temperature nodes inside the storage. The data is transferred to the model via a 

parameter identification done at Stuttgart University and the model has been fitted accordingly. As the tank 

is special due to its lances and heat exchanger combined lance for solar heat input, the modelling approach is 

complicated and is explained in detail in Appendix I a. 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. Power-to-heat 

implementation is explained in Section 3.2.2. 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. 
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BlueGen from Ceramic Fuel Cells [94], 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 throughout the year (according to manufacturer’s recommendation due to optimum 

life and optimum efficiency) at 1.5 kWel. The thermal energy acquired from the fuel cell exhaust is fed to the 

thermal storage. The requirement of the fuel cell in a single-family house (SFH) or selection of SOFC instead 

of PEM-FC (Proton Exchange Membrane) is debatable, but in the funded research project, it has been used and 

hence is used also for this study. Sailer friwasta [95], a freshwater station for the delivery of domestic hot water 

(DHW) is modelled using a heat exchanger and a diverter-mixer valve combo. 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. 

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 control of the gas boiler in the status quo is explained in detail in Appendix I b. 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. As mentioned in Table 1, the infiltration and ventilation systems were 

configured for each building. Along with that, the simulation of window opening during the summer months 

is achieved via increasing the infiltration when the ambient temperature goes above 26°C. The self-shading 

and shading via overhangs are also taken into account in the simulation. 

3.2.2 Electrical System 

With FC-CHP producing electricity, also a 2.94 kW photovoltaic system (Aleo Solar S19-295 [96] 

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 [97] 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[98]. 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. In Figure 6, the AC and DC side of the electrical system 

is shown. On the DC side, the single-phase DC photovoltaic modules produce electricity which is tracked for 

optimum by MPPT (maximum power point tracking), and the charge controllers with the help of the battery 

management system, charge the battery when possible and excess PV power is available. The inverter is used 

to withdraw electricity if the load demand has a deficit on the AC side when battery power or direct PV power 

is available. On the AC side, the FC-CHP is connected. Therefore, the fuel cell cannot charge the battery on the 

DC side.  

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 SOFC-CHP offered by Ceramic Fuel Cells. The 

energy delivered to the load is assumed to be such that if no PV production, then CHP will deliver the 

maximum it can. If there is PV production and if PV produces less than 50% of the load, then CHP delivers 

the remaining load after PV power delivery and if PV production is more than 50%, then CHP delivers up to 
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50% of the load. The excess power is then utilized if possible, in the heating element inside the thermal storage 

and the remaining is fed to the grid.  
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Figure 6. Schematic of the electrical system 

A 2 kW heating element (HE) is placed in the middle of the tank at 0.65 H’ (relative height), where the 

energy input helps the heating loads and focuses on reducing the gas boiler usage. The top HE is placed at 

0.85 H’ to supply energy to the auxiliary volume. The bottom HE is placed at 0.25 H’ which makes up for 

utilizing the excess electricity in summer where the top half of the thermal storage is warmer most of the time. 

Altogether, a maximum of 4 kW electricity can be converted to heat and stored in the thermal storage. The 

heating elements are controlled with a simple controller and when excess locally produced electricity is 

available, the power-to-heat is prioritized for mid HE first, then the top HE, and the bottom HE. The criterium 

to charge the storage is that the thermal storage at the respective zone is no more than 85°C. 

Due to the space constraints, the detailed summary of the simulation, the results of the buildings and 

their energy systems with status quo controllers are showcased in Appendix II and III respectively. 

4 Model Predictive Controller for the System 

4.1 MPC Framework 

As described in [99], the concept of MPC is to use a dynamic model to forecast system behaviour and 

optimize the forecasted outcomes such that the desired behaviour is achieved by optimal control of the system 

by manipulating the control variables (regulation problem). Because the optimal control depends on the initial 

state of the dynamic system, a second basic concept for MPC is to use the past record of inputs and outputs to 

determine the most likely initial state of the system (state estimate problem) [99].  One of the advantages of 

MPC is its relatively easier way of implementation that can be understood by engineers without advanced 

knowledge of control theory compared to other highly efficient intelligent control methods [100]. The dynamic 

response of the outputs of a system is affected by controlled inputs or manipulated variables and disturbances. 

MPC merges principles of feedback control and numerical optimization. MPC, as shown in Figure 7 on the 

left, is able to exploit both the predictions of future disturbances and future system constraints, to anticipate 

the output of the plant and optimize its behavior based on the defined objective function. Constraints are 

included directly in the optimization problem that is solved at each sampling step. MPC sends the first 

sequence of the control to the real plant in the first time step and continuously monitors the output from the 

current and previous state with reference to the setpoint and, according to the error, tunes the manipulated 

input variable u. 
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Figure 7. On the left: Scheme of a simple MPC [101] On the right: Receding horizon principle of the MPC [102] 

As shown in Figure 7 on the right, the control sequence is calculated from t=k to t=k+Nc while the 

prediction is available for t=k+Np where Nc is the control horizon, Np is the prediction horizon and t is the 

current time. In the next timestep t=k+1, t is again set to k, and the control sequence is again calculated until 

t=k+Nc, this is called the receding horizon principle. During each sampling interval, a finite horizon optimal 

control problem is formulated and solved over a finite prediction horizon. The result is a trajectory (vector) of 

inputs and states into the future satisfying the dynamics and constraints of the building while optimizing some 

given criteria. 

A generic MPC framework is given by the following finite-horizon optimization problem: 

𝐽(𝑥0) = min
𝑢0….𝑢𝑁−1

  ∑ 𝑙𝑘(𝑥𝑘 , 𝑢𝑘)

𝑁−1

𝑘=0

 (1) 

subject to 

(𝑥𝑘 , 𝑢𝑘) ∈  𝑋𝑘 ∗ 𝑈𝑘 (2)                                                                                                                                                 

𝑥0 = 𝑥 (3) 

𝑥𝑘+1 = 𝑓(𝑥𝑘 , 𝑢𝑘) (4) 

where N is the prediction and control horizon, 𝑋𝑘 and 𝑈𝑘 are the constraint sets respectively for states 𝑥𝑘 

and inputs 𝑢𝑘 at time step k.  

The cost function, Equation (1), and the constraints, Equation (2) are the main blocks of the MPC design. 

The current state, Equation (3) is used as the initial state, and Equation (4) is used for control predictions, and 

the dynamics of the system have to be modelled to a reasonable precision such that a good control performance 

is achieved. The objective function also called cost function or performance function quantifies the 

performance of the system using the appropriate mathematical function. The main goal of an objective 

function is to provide stability, reliability, and minimization of control effort. The objective function aims to 

reduce the cost of the operation, or focus on the comfort of the user, or reduction in resource usage, or follow 

a set trajectory. MPC also allows multiple objective functions which adds weightage to each of the objectives 

or prioritizes the objectives. The ability to specify constraints is also another advantage of MPC where the 

limits of the manipulated variable; controlled variable of the state or system variables can be defined with 

upper and lower bounds either in terms of hard constraint or a soft constraint with a penalty. Constraints can 

also be a rate of change within a specified time change and they can be constant or varying with time. The 

optimization of the problem can depend on the type of model, the constraints, and the objective function. For 

linear systems, with time-invariant state-space models, the linear or quadratic programming is chosen 
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depending on the nature of the objective function. When it is non-linear with on-off or boolean constraints, 

then the optimization problem is a hybrid mixed-integer problem. MPC can also be classified by the system 

model architecture: linear or non-linear; deterministic or stochastic prediction; time-varying or time-invariant; 

discrete or distributed; blackbox, greybox, or whitebox system model, etc.  

 

Figure 8. MPC formulation schema for the decentral residential energy system problem 

Though the Building-HVAC problem is nonlinear and time-varying, most frequently, a black box 

linearized time-invariant model is used to represent this system. However, with a TRNSYS-MATLAB 

whitebox model, a time-varying deterministic discrete-time model is achievable. Though a continuous 

problem, the control inputs for such a problem even in real life are discrete. Thus, a constrained time-varying 

deterministic discrete-time model is used to represent a Building-HVAC problem here.  

Figure 8 shows the process flow of the MPC system. The disturbances in this Building-HVAC problem 

are weather and occupancy. Then, the setpoint constraints such as the thermal heat demand or the delivery 

temperature and electrical power demand in the residential building are fed into the MPC. The goal of the 

objective function is to maximize renewable energy fraction for the given time horizon while satisfying the 

given constraints of space heating (SH) as a soft constraint; DHW and electricity demand as hard constraints. 

The state of thermal storage with minimum hot water grade, warm water grade, and minimum fractional state 

of charge (FSOC) of the battery is defined as system constraints. The manipulated variable input, u, is an input 

vector sent to auxiliary energy system components that utilize the forecast of the energy produced by 

renewable energy producers and the energy demand. 

With the weather and occupancy prediction, the MPC simulates the Building-HVAC system in a 24-hour-

TRNSYS model with two days pre-simulation to achieve the required setpoints satisfying the constraints. The 

optimizer uses this simulation model to find the objective function value and the optimizer uses the 

optimization algorithm in MATLAB environment to iterate and find the best case of the manipulated variable 

where the objective function value is the lowest. This best-case u is then passed over to the real system, in this 

case, a sequential simulation of the residential system. The initial control horizon is assumed to be 24 hours 

with the prediction horizon also the same, and the minimum control timestep is taken as 15 minutes. 

4.2 Introduction to optimization simulation in MATLAB 

In order to be able to interact directly with TRNSYS, it is necessary that the optimizer be nonlinear in 

nature, so as to understand the nonlinear behaviour of the input-output system model. For this reason, non-

gradient optimization algorithms: particle swarm optimization, genetic algorithm, and generalized pattern 

search algorithms are selected to analyze the response of the optimizer for this system model. In the following 

subsections, the algorithms are described and, in the end, some considerations of how to integrate them into 

the MATLAB environment are presented. 
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4.2.1 PSO - Particle Swarm Optimization 

The PSO is a metaheuristic algorithm that was first developed by [103] to solve nonlinear continuous 

problems. This algorithm is based on bird movement and their ability to adjust the flight trajectories avoiding 

collisions, and when compared with other optimization algorithms, it has a simple concept and can be easily 

implemented. Since its first form, the PSO algorithm has been upgraded [103], [104] and nowadays, it is widely 

used in optimization problems. Indeed, PSO is an algorithm based on social behaviour, and it uses an 

individual population to optimize an objective function [105]. In particular, each particle searches for a 

solution by combining its local best position evaluation, as well as the best-evaluated particle of the group 

[105]. Basically, each particle is composed of three-dimensional vectors: the best position, velocity, and the 

current position. The implemented PSO algorithm can be seen in Algorithm 1. In summary, Algorithm 1 

initializes the particles and its’ velocity randomly, calculates particle fitness, and iteratively recalculates the 

particle position in order to obtain a new, improved position [105]. The iterations continue until the stop 

criterion is reached. It is to be noted that the stop criterion can be either the maximum number of iteration or 

the fitness value tolerance of its best value.  

Algorithm 1: PSO algorithm 

Input: Swarm size, stop criterion, objective function; 

Output: Best solution and best fitness 

1. Initialize particles position; 

2. Initialize particles velocity; 

3. Calculate Pi fitness; 

4. Update Pbest fitness; 

5. Update Gbest fitness; 

6. Update particles velocity Vi; 

7. Update particles position Pi; 

8. If the stop criterion is not reached, go to step 4 

4.2.2 GA - Genetic Algorithm 

Similar to PSO, the GA is an evolutionary heuristic that uses the population concept to optimize the 

objective function by using probabilistic and deterministic rules [106]. In the case of GA, it was first presented 

by [107], as a natural evolution abstraction [108] that uses chromosomes, natural selection, recombination, 

mutation, and inversion concepts to solve problems. Because of this, GA is capable of handling complex 

optimization problems, multi-objective functions, continuous and time-variant systems subject to noise or 

disturbances [109]. In order to execute GA, it is necessary to correctly represent the problem by using the 

correct objective function and input parameters [110] as seen in Algorithm 2. 

Algorithm 2: GA algorithm 

Input: Population size, stop criterion, objective function; 

Output: Best solution and best fitness 

1. Initialize the initial chromosome population (candidate solutions); 

2. For all the individuals of the population calculate the fitness; 

3. Select the parents (selection operator); 

4. Obtain new individuals by recombining the parents (recombination operator); 

5. Modify the individuals by mutation (mutation operator); 

6. If the stop criterion is not reached, go to step 2. 

As enlisted in Algorithm 2, GA, after initializing, selects the parents in order to reproduce and recombine, 

obtaining the next generation of individuals. In this algorithm, three basic operators are used: selection 

operator (step 3), which selects the most apt individuals; recombination operator (step 4), which is responsible 

for propagating the best characteristics to the next generation; and mutation operator (step 5), which 

diversifies next generations and avoids local minimums [106]. In summary, after defining the objective 
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function, and initializing the population, a new population is generated by using the operators iteratively and 

evaluated until the stop criterion is reached [109]. 

4.2.3 GPS - Generalized Pattern Search 

Proposed by [111], GPS is a direct search algorithm that depends only on the output function values. At 

first, its main purpose was to solve unconstrained nonlinear problems [112], but after it was extended to linear 

constrained systems [113]. Indeed, GPS is very effective in solving complex and non-smooth functions. The 

first step to run a GPS algorithm is to implement an objective function. From this function and an initial point, 

a control mesh is created in order to start the optimization and, iteratively, GPS creates a set of mesh trial 

points and search for a better fitness by actively varying the mesh size [114]. This allows refining the search 

based on new search conditions, which utilizes the convergence theory, as presented in Algorithm 3. As shown 

in Algorithm 3, an algorithm iteration is divided into two steps: SEARCH and POLL. In the first one, the 

objective function is evaluated on a finite subset of trial points on the mesh to find a new trial mesh point with 

a lower objective function value. In this step, any selection strategy can be used to obtain the new trial points, 

including none, as the SEARCH step is optional. In the second step, a local search is performed to find a new 

trial mesh point in the poll set. If the iteration does not result in a trial mesh point with better fitness, the mesh 

size parameter is decreased [115]. One consideration about GPS is that while evolutionary algorithms such as 

GA generate a population of individuals each iteration, GPS modifies the trial mesh point each step to search 

for the best fit. In other words, the GPS controls the individual’s position despite generating a population 

[116]. 

Algorithm 3: GPS algorithm 

Input: Population number, problem dimension, stop criterion, objective function, problem 

constraints; 

Output: Best solution and best fitness 

1. Define the objective function f(x); 

2. Define xo as an initial point; 

3. Define an initial value to be a trial mesh point and a mesh size parameter ∆0 > 0 to control 

the resolution of the mesh; 

4. Step (Optional): Evaluate f(x) using a finite subset of trial points on the mesh in order to 

find a trial mesh point with a lower objective function value. If a trial mesh point is found, 

it becomes the new trial mesh point; 

5. Evaluate f(x) to find a trial mesh point in the poll set, which is a local search. If a trial mesh 

point is found, it becomes the new trial mesh point; 

6. Update the mesh size parameter: If a new trial mesh is not found, decrease the mesh size 

parameter; 

7. If the stop criterion is not reached, go to step 4. 

4.2.4 Algorithm Considerations 

In order to use the laid-out algorithms as optimizers for model-based predictive controllers in MATLAB, 

it is important to highlight what must be done to make it functional. In summary, 3 points must be considered: 

objective function, parameter settings for the best tune, and initialization. 

At first, a MATLAB function that can write data to the model and receive the result from the model is 

required. In this function, the input must be the parameters of TRNSYS, and the function ought to output the 

values of the objective function calculated from the model outputs. 

Another point to be addressed is related to the algorithm’s initialization. Due to the characteristics of the 

presented algorithms, it is possible that they do not find the right solution, at first. Therefore, initializing the 

parameters based on the dynamic model helps to significantly improve the model behaviour. The main 

difficulty may not be directly linked to the ability of the algorithms to return the right solution, but to do so in 

an acceptable computational time, which is compatible with the process to be controlled. 

A final consideration is the adjustment of the parameters. Although there are standardized parameters to 

be used for most applications using these algorithms, there is no guarantee that these parameters are the best 

for all cases, especially when the algorithms are applied to models that are more complex. Therefore, it is 
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important to be careful when tuning the model parameters, which can prove to be the most laborious part of 

the MPC controller’s design with these optimization algorithms. 

4.3 Integration of MPC in TRNSYS 

Figure 9 shows the manipulated auxiliary energy variable, storage state constraints, and output variable 

(loads) in this problem. The manipulated variables are the values that 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 2. 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. 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.  

 

Figure 9. The manipulated variables and the output variables of the iHEM energy system 

Table 2. Boundary conditions for the respective manipulated variable 

Manipulated Variable 
Control 

Timestep 

Control Input 

Type 

Control Input 

Value 

Gas boiler heat rate control (UGB) 15-minute Continuous 0….1 

Battery charge control (UBCC) 1-hour Binary 0 or 1 

Battery discharge control (UBDC) 1-hour Binary 0 or 1 

Fuel cell CHP electrical power setpoint (UFCel) 3-hour Integer 500W/1000W/ 

1500W/2000W 

Power-to-heat control (UP2H) 15-minute Continuous 0….1 
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4.3.1 Gas boiler 

The control input of the gas boiler from the MPC is input for every 15 minutes (timestep) in terms of a 

continuous floating-point variable (0 to 1), and this is the gas boiler’s power input with a minimum turndown 

ratio of 0.10. If the temperature is less than the setpoint in the auxiliary volume zone and if the MPC input 

permits, the gas boiler and the respective pump for storage feed-in are activated.  

4.3.2 Battery control 
For the battery control, an on-off binary signal (0 or 1) from the MPC for the battery discharging and 

battery charging in one-hour control timestep is accomplished. Thus, even when there is excess PV power 

generation, the MPC can decide if it wants to prioritize battery charging or supply the power-to-heat or to feed 

into the grid. Also, vice versa decide if it has to allow the local controller to discharge the battery now or 

prolong until later. This control can support different scenarios in achieving better target values of different 

parameters. One example is as status quo, when battery FSOC is less than a value say 0.50, the produced DC 

power is prioritized to charge the battery first even if there is a load demand. Then in the morning hours, the 

battery is fully charged, and from midday when there is no internal load, the electricity grid is fed in with 

excess electricity, and this makes the grid unstable. To counter this, in the future, the feed-in tariff would come 

up with variable pricing thus reducing the incentive when the grid is unstable (demand < supply). Also, in 

this system, the power-to-heat can be given preference with such a battery control. 

4.3.3 FC-CHP control 

FC-CHP manipulated variable (UFCel) is a simple discrete integer control input for the electrical power 

setpoint. As here a SOFC-CHP, which requires 30 h to switch on and up to 30 min to reach the new setpoint, 

is considered, a full shutdown of the FC-CHP is not aforethought. The MPC control time step is defined as 3 

h, and the UFCel can vary between 500 W, 1000 W, 1500 W, and 2000 W.  

4.3.4 Power-to-heat control 
The power-to-heat control (UP2H) for the MPC is considered as a continuous floating variable (0 to 1), and 

MPC just gives one manipulated input value. This manipulated variable is then used locally by TRNSYS to 

control the three heating elements (HE). Firstly, the temperature sensors in the storage at the respective node 

are checked whether there is a potential available heat storage space for power-to-heat. If the temperature 

sensor returns a temperature of more than 85°C, then that particular heating element is forbidden to be 

switched on. The priority is first given to the middle heating element, then the top, and at last the bottom. For 

example, if the MPC gives an input value of 0.8 and all three temperature nodes are below 85°C. The middle 

heating element with 2 kW capacity (0.5 ratio) would be directed with 2 kW electricity and from the rest, 0.25 

(1 kW) can be fed into the top heating element, and the remaining 0.05 (0.2 kW) can be fed to the bottom HE. 

Now the same 0.8 UP2H with the top HE node above 85°C, would result in 2 kW supplied to HE middle and 1 

kW to HE bottom, and the rest 0.2 kW unused. All the unused electricity after the battery control, load supply, 

and power-to-heat supply is exported into the grid. 

4.4 Constraints 

4.4.1 Load and weather forecast  

In this study, the historical weather data and the historical load profile are taken as input. However, in 

reality, the weather forecast from weather providers and load forecast from machine learning are made 

available to the system. These forecasts, however, come with an uncertainty. To not make it more complicated, 

here the historical data with a 100% prediction accuracy is assumed.  

4.4.2 Setpoint constraints 

These constraints are a category of various setpoints required by each component of the energy system. 

These constraints are defined in the TRNSYS environment and then used by the system simulation. This array 

mainly consists of the setpoint temperature for the space heating inlet, room temperature setpoint, and 

domestic hot water delivery setpoint on the demand side and the setpoint temperature for the gas boiler on 

the energy input side.  
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4.4.3 Control input constraints 

These are the system constraints, to which values can be given as input to the system according to the 

boundary conditions and the system configuration. In this case, with the mentioned manipulated variables 

and the HVAC system as in Section 4.3. 

4.4.4 Output constraints 

The output constraints are the ones that cannot be directly controlled but must be satisfied for the system 

to function correctly and any solution, which does not satisfy these constraints, is a mere false solution. 

Therefore, these are included in the objective function and incur a high penalty when not satisfied. The space 

heating load is considered as a soft constraint while the electrical and DHW loads are considered as hard 

constraints. DHW could not be a soft constraint, because it is never possible to supply the user with cold water 

when the user desires to wash hands or bath. The user demand here is never an option. Same for electrical 

loads (except when with demand-side management there are moveable loads). For space heating, the building 

is also a passive storage and the comfort factor for the user is a bit flexible with an acceptance for a small 

deviation as already the acceptance is a range of temperature and not a strict setpoint. The violation for soft 

constraint is here also just 0.5°C. 

4.4.5 System constraints 

System constraints are intermediate state variables, and they tend to vary in accordance with the run time 

but nevertheless have to be controlled and have their own boundary conditions. For this problem, the auxiliary 

volume, the minimum state of charge of the battery, and thermal storage temperatures are those system 

constraints, and these are actively controlled inside the TRNSYS system simulation. The required auxiliary 

volume in thermal storage and its setpoint temperature are also system constraints, which are regulated inside 

the TRNSYS environment. 

4.5 Objective function 

The objective is to increase the usage of non-controllable renewables, especially the use of solar thermal 

and photovoltaic. The secondary goal on the thermal side is to reduce the use of the gas boiler and at the same 

time not compromising the comfort in the space heating and always satisfying the DHW requirements, thereby 

effectively reducing the heat losses in the thermal storage.  
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𝐽𝑎(𝑥0) = 𝑚𝑖𝑛
𝑢0…𝑢𝑁−1

∑ 𝜌 + (µ𝑎𝑢𝑥 ∗
∫ (𝑄𝐺𝐵 + 𝑃𝐺𝑟𝑖𝑑𝐼𝑚𝑝𝑜𝑟𝑡

)
24ℎ

0ℎ

∫ (𝑄𝐷𝐻𝑊 + 𝑄𝑆𝐻 + 𝑃𝑒𝑙𝑙𝑜𝑎𝑑
)

24ℎ

0ℎ

) + (µ𝐺𝑟𝑖𝑑𝐸𝑥𝑝
∗

∫ 𝑃𝐺𝑟𝑖𝑑𝐸𝑥𝑝𝑜𝑟𝑡

24ℎ

0ℎ

∫ (𝑃𝑃𝑉 + 𝑃𝐹𝑐𝑒𝑙
)

24ℎ

0ℎ

)

 
𝑁−1

𝑘=0

 

(6) 

Abbreviations used in Equation (5) and Equation (6) explained after Equation (11) 
 

subject to 
 

𝜌 = 𝜌𝑠ℎ + 𝜌𝑑ℎ𝑤 + 𝜌𝑒𝑙  (7) 

𝜌𝑠ℎ = {
∫ 𝛼(𝑇𝑟𝑜𝑜𝑚_𝑠𝑒𝑡 − 𝑇𝑟𝑜𝑜𝑚)

2
24ℎ

0ℎ

,  𝑇𝑟𝑜𝑜𝑚𝑠𝑒𝑡
− 𝑇𝑟𝑜𝑜𝑚 − 1 > 0

0         ,  𝑇𝑟𝑜𝑜𝑚𝑠𝑒𝑡
− 𝑇𝑟𝑜𝑜𝑚 − 1 ≤ 0

 
(8) 

𝜌𝑑ℎ𝑤 = {
∫ 𝛽(𝑇𝑑ℎ𝑤_𝑠𝑒𝑡 − 𝑇𝑑ℎ𝑤)

 
24ℎ

0ℎ

,  𝑇𝑑ℎ𝑤𝑠𝑒𝑡
− 𝑇𝑑ℎ𝑤 − 2 > 0

0         ,  𝑇𝑑ℎ𝑤𝑠𝑒𝑡
− 𝑇𝑑ℎ𝑤 − 2 ≤ 0

 
(9) 
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𝜌𝑒𝑙 = 𝛾 (𝑃𝑒𝑙𝑙𝑜𝑎𝑑
− 𝑃𝑒𝑙𝑠𝑦𝑠2𝑙𝑜𝑎𝑑

) (10) 

where 𝛼 = 30; 𝛽 = 1000; 𝛾 = 1000; µ𝑎𝑢𝑥 = 1500; µ𝐺𝑟𝑖𝑑_𝐸𝑥𝑝𝑜𝑟𝑡 = 2000 
 

The secondary goal in terms of the electrical system is to increase self-utilization. Thus, actively 

controlling the production of the FC-CHP and aptly controlling the power-to-heat so as not to lose the storage 

space for the solar thermal. Moreover, in the electrical system, battery storage is also managed effectively by 

controlling the battery charging and discharging. Thus, an overall goal for the given time horizon as a 

maximization problem is to increase renewable energy, and as a minimization problem is to reduce the usage 

of gas boiler input, grid import and reduce the grid export.  

Therefore, as in Equation (5), the maximization objective function is defined as a sum of the renewable 

thermal fraction plus the renewable electricity fraction plus the decentral system self-utilization and a penalty 

if the hard and soft output constraints are not satisfied. For the maximization problem, the thermal renewable 

fraction contains a sum of the used thermal renewable energy inputs integrated over the day with respect to 

the DHW and SH load over the day. The renewable electricity fraction is calculated by the amount of electricity 

delivered by the PV and FC-CHP to the electrical load and the decentral system self-utilization is the utilization 

factor of the produced electricity internally. The self-utilization factor is reduced if decentrally produced 

electricity is fed to the grid or vice versa, i.e., more grid import due to less decentral electricity production. A 

similar objective function with the same optimization goals as a minimization function is defined in Equation 

(6), Variation A (𝐽𝑎), where the focus is to reduce the grid export and to reduce the auxiliary energy usage for 

thermal & electrical demand. 

The penalty function is shown in Equation (7), (8), (9), and (10). The space heating load penalty (𝜌𝑠ℎ) is 

the most important and is a soft constraint, thus is defined as a quadratic penalty function [117] to penalize 

the constraint violation with increasing severity in case of a positive temperature difference between real room 

temperature and set room temperature. Similarly, the DHW penalty function(𝜌𝑑ℎ𝑤)is calculated for the 

simulation, but in a real implementation, this is unnecessary, but as for the simulation, it is used so that the 

objective function does not end up in an unfeasible optimized solution. Then a simple penalty function 

(𝜌𝑒𝑙) with constant ϒ is also defined for electricity demand. The aim of this penalty 𝜌𝑒𝑙  is to reduce the grid 

import.  

One of the limitations of the MPC is that the objective function plays an important role in the amount of 

intelligence and smartness of the control optimization. And with multi-objective optimizations, when not 

Pareto, the weightage of the functions does play an important role. To study the robustness and sensitivity of 

the objective function, the simple minimization function, Equation (6), Variation A (𝐽𝑎), is further detailed to a 

complex function as shown in Equation (11), Variation B (𝐽𝑏). A weighted multi-objective function incurring a 

penalty for the use of auxiliary energy and a bonus for the use of the renewable function is added.  

𝐽𝑏(𝑥0) = 𝑚𝑖𝑛
𝑢0…𝑢𝑁−1

∑

𝜌 + (µ𝐺𝐵 ∗
∫ 𝑄𝐺𝐵

24ℎ

0ℎ

∫ (𝑄𝐷𝐻𝑊 + 𝑄𝑆𝐻)
24ℎ

0ℎ

)

 

+ (µ𝑅𝐸𝑃2𝐻
∗

∫ (𝑄𝑃2𝐻𝑒𝑙
)

24ℎ

0ℎ

∫ (𝑄𝐷𝐻𝑊 + 𝑄𝑆𝐻)
24ℎ

0ℎ

)

  

+ (µ𝐺𝑟𝑖𝑑𝐼𝑚𝑝
∗

∫ 𝑃𝐺𝑟𝑖𝑑𝐼𝑚𝑝𝑜𝑟𝑡

24ℎ

0ℎ

∫ 𝑃𝑒𝑙𝑙𝑜𝑎𝑑

24ℎ

0ℎ

)

2

+ (µ𝐺𝑟𝑖𝑑𝐸𝑥𝑝
∗

∫ 𝑃𝐺𝑟𝑖𝑑𝐸𝑥𝑝𝑜𝑟𝑡

24ℎ

0ℎ

∫ (𝑃𝑃𝑉 + 𝑃𝐹𝑐𝑒𝑙
)

24ℎ

0ℎ

)

 

 

− (µ𝑅𝐸𝑡ℎ
∗

∫ (𝑄𝑆𝑇 + 𝑄𝐹𝐶𝑡ℎ
+ 𝑄𝑃2𝐻𝑒𝑙

)
24ℎ

0ℎ

∫ (𝑄𝐷𝐻𝑊 + 𝑄𝑆𝐻)
24ℎ

0ℎ

)

2

− (µ𝑅𝐸𝑒𝑙
∗

∫ (𝑃𝑃𝑉 + 𝑃𝐹𝐶𝑒𝑙
)

24ℎ

0ℎ

∫ 𝑃𝑒𝑙𝑙𝑜𝑎𝑑

24ℎ

0ℎ

)

2

− (µ𝑆𝑒𝑙𝑓 ∗
∫ (𝑄𝑃2𝐻𝑒𝑙

+ 𝑃𝑒𝑙𝑠𝑦𝑠2𝑙𝑜𝑎𝑑
)

24ℎ

0ℎ

∫ (𝑃𝑃𝑉 + 𝑃𝐹𝑐𝑒𝑙
)

24ℎ

0ℎ

)

2

𝑁−1

𝑘=0

 (11) 

where 𝛼 = 30; 𝛽 = 1000; 𝛾 = 1000; µ𝐺𝐵 = 500; µ𝐺𝑟𝑖𝑑_𝐼𝑚𝑝𝑜𝑟𝑡 = 1000; µ𝐺𝑟𝑖𝑑_𝐸𝑥𝑝𝑜𝑟𝑡 = 2000; µ𝑅𝐸_𝑡ℎ = 

9; µ𝑅𝐸_𝑒𝑙 = 15; µ𝑆𝑒𝑙𝑓  = 15; µ𝑅𝐸_𝑃2𝐻 = 700 
 

where, 

𝑃𝑃𝑉 - Electrical power produced by photovoltaics at the timestep (kW) 
𝑃𝐹𝐶𝑒𝑙

 - Electrical power produced by fuel cell CHP at the timestep (kW) 
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𝑃𝑒𝑙𝑙𝑜𝑎𝑑
 - Electrical load at the timestep (kW) 

𝑃𝑒𝑙𝑠𝑦𝑠2𝑙𝑜𝑎𝑑
 - 

Electrical power delivered to the electrical load by the decentral power system at the 

timestep (kW) 
𝑃𝐺𝑟𝑖𝑑𝐼𝑚𝑝𝑜𝑟𝑡

 - Electrical power supplied by the grid to satisfy the load at the timestep (kW) 

𝑃𝐺𝑟𝑖𝑑𝐸𝑥𝑝𝑜𝑟𝑡
 - 

Excess electrical power produced in the decentral power system fed into the grid at 

the timestep (kW) 

𝑄𝑆𝐻  - Thermal heat demand of the space heating delivered at the timestep (kW) 

𝑄𝐷𝐻𝑊 - Thermal heat demand of the domestic hot water delivered at the timestep (kW) 

𝑄𝐺𝐵 - Thermal heat input of the gas boiler auxiliary production at the timestep (kW) 

𝑄𝑆𝑇  - Thermal heat input of the solar collector production at the timestep (kW) 

𝑄𝐹𝐶𝑡ℎ
 - 

Thermal heat input produced by the fuel cell CHP as auxiliary production at the 

timestep (kW) 

𝑄𝑃2𝐻𝑒𝑙
 - 

Electrical power of the FC CHP & PV used in thermal auxiliary production at the 

timestep (kW) 

𝑇𝑟𝑜𝑜𝑚_𝑠𝑒𝑡  - Room setpoint temperature (°C) 

𝑇𝑟𝑜𝑜𝑚 - Actual room temperature (°C) 

𝑇𝑑ℎ𝑤_𝑠𝑒𝑡  - DHW setpoint temperature (°C) 

𝑇𝑑ℎ𝑤  - Actual DHW delivery temperature (°C) 

 

The objective function, Variation C (𝐽𝑐), as in Equation (12) is further extended to differentiate the power-

to-heat into its source, either PV or from FC-CHP, and having an appropriate bonus, so as to not encourage 

the production of electricity using FC-CHP from natural gas and then convert it again to heat via power-to-

heat. Also, the same is done on the electrical side to differentiate between PV power supplied and the FC-CHP 

electricity supplied to the electrical loads and also a battery usage bonus is included to prioritize battery usage 

than to increase FC-CHP production. 

Additionally, to investigate whether the manipulated variables definition is hindering the performance 

of the battery supply, the battery discharge as a manipulated variable is removed from the MPC and is 

analyzed as Variation D.  

 

𝐽𝑐(𝑥0) = 𝑚𝑖𝑛
𝑢0…𝑢𝑁−1

∑

𝜌 + (µ𝐺𝐵 ∗
∫ 𝑄𝐺𝐵

24ℎ

0ℎ

∫ (𝑄𝐷𝐻𝑊 + 𝑄𝑆𝐻)
24ℎ

0ℎ

)

 

+ (µ𝑅𝐸𝑃2𝐻−𝑃𝑉
∗

∫ (𝑄𝑃2𝐻𝑒𝑙,𝑃𝑉
)

24ℎ

0ℎ

∫ (𝑄𝐷𝐻𝑊 + 𝑄𝑆𝐻)
24ℎ

0ℎ

)

 

+ (µ𝑅𝐸𝑃2𝐻−𝐹𝐶
∗

∫ (𝑄𝑃2𝐻𝑒𝑙,𝐹𝐶
)

24ℎ

0ℎ

∫ (𝑄𝐷𝐻𝑊 + 𝑄𝑆𝐻)
24ℎ

0ℎ

)

 

+ (µ𝐺𝑟𝑖𝑑𝐼𝑚𝑝
∗

∫ 𝑃𝐺𝑟𝑖𝑑𝐼𝑚𝑝𝑜𝑟𝑡

24ℎ

0ℎ

∫ 𝑃𝑒𝑙𝑙𝑜𝑎𝑑

24ℎ

0ℎ

)

 

 + (µ𝐺𝑟𝑖𝑑𝐸𝑥𝑝
∗

∫ 𝑃𝐺𝑟𝑖𝑑𝐸𝑥𝑝𝑜𝑟𝑡

24ℎ

0ℎ

∫ (𝑃𝑃𝑉 + 𝑃𝐹𝑐𝑒𝑙
)

24ℎ

0ℎ

)

 

 

− (µ𝑅𝐸𝑡ℎ
∗

∫ (𝑄𝑆𝑇 + 𝑄𝑃2𝐻𝑒𝑙,𝑃𝑉
)

24ℎ

0ℎ

∫ (𝑄𝐷𝐻𝑊 + 𝑄𝑆𝐻)
24ℎ

0ℎ

)

2

− (µ𝑅𝐸𝑒𝑙
∗

∫ (𝑃𝑃𝑉)
24ℎ

0ℎ

∫ 𝑃𝑒𝑙𝑙𝑜𝑎𝑑

24ℎ

0ℎ

)

2

− (µ𝐹𝐶𝑒𝑙
∗

∫ (𝑃𝐹𝐶𝑒𝑙
)

24ℎ

0ℎ

∫ 𝑃𝑒𝑙𝑙𝑜𝑎𝑑

24ℎ

0ℎ

)

2

− (µ𝑆𝑒𝑙𝑓 ∗
∫ (𝑄𝑃2𝐻𝑒𝑙

+ 𝑃𝑒𝑙𝑠𝑦𝑠2𝑙𝑜𝑎𝑑
)

24ℎ

0ℎ

∫ (𝑃𝑃𝑉 + 𝑃𝐹𝑐𝑒𝑙
)

24ℎ

0ℎ

)

2

− (µ𝐵𝑎𝑡𝑡 
∗

∫ (𝑃𝐵𝑎𝑡𝑡,𝑜𝑢𝑡)
24ℎ

0ℎ

∫ 𝑃𝑒𝑙𝑙𝑜𝑎𝑑

24ℎ

0ℎ

)

2

𝑁−1

𝑘=0

 

 

(12) 

where 𝛼 = 30; 𝛽 = 1000; 𝛾 = 1000; µ𝐺𝐵 = 500; µ𝐺𝑟𝑖𝑑_𝐼𝑚𝑝𝑜𝑟𝑡 = 1000; µ𝐺𝑟𝑖𝑑_𝐸𝑥𝑝𝑜𝑟𝑡 = 2000; µ𝑅𝐸_𝑡ℎ = 9; µ𝑅𝐸_𝑒𝑙  = 15; µ𝑆𝑒𝑙𝑓  = 

15; µ𝑅𝐸𝑃2𝐻,𝑃𝑉 = 700; µ𝑅𝐸𝑃2𝐻,𝐹𝐶  = 1200; µ𝐹𝐶𝑒𝑙
 = 7; µ𝐵𝑎𝑡𝑡 

= 40; 

4.6 Coupling of TRNSYS and MATLAB 

The process (as in Figure 10) 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 
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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 whitebox 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 as described in Section 4.3.1, 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.  

 
Figure 10. Simulation framework of the coupled TRNSYS-MATLAB Building-HVAC MPC 
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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 research 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. 

 

 

Figure 11. Simulation Initialization of the MPC framework used in this study 

The simulation is done for 72 hours of which, as shown in Figure 11, 0-24 hours is TRNSYS initialisation, 

which follows the same way as status quo controller. Before the real representative day optimization, the 

previous day in the year from the representative day is chosen and optimized with the MPC. This 

representative day minus one (RD-1) then has a best case input variable. This variable is used during the hours 

24-48 in the real representative day simulation. This is because the initial state of that particular day is 

definitely not the same when MPC and reference controller is used. Also the same 24-48 hour (representative 

day - 1)  input variable is used as a initialization point for the optimizer, to start it's optimization search, which 

definitely makes the optimization faster, as the difference between two real consecutive days in real life not so 
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different. The graphs in the results chapter of the representative days alone are in a continuous plot for 

visualisation purposes. 

 In a real-time implementation, the same strategy can be followed where previous day’s optimum 

could be used as a starting point for the optimizer and a 48-hour pre-simulation can be used as initialization. 

4.7 Algorithm 

To implement the optimization algorithm, some tests were performed in order to validate the algorithm 

itself and the whole process. At first, tests were performed with a model optimized for just one day, so that 

the tuning of the optimization algorithms parameters were tested and verified whether the standardized 

parameters as in the literature could be used as a reference for the current type of model and optimization 

performed. In this sense, it was essential to start with a small amount of time, since these algorithms tend to 

make a large number of calls of the program that performs the simulation. This takes a significant amount of 

time and tends to increase according to the model’s simulation time. These tests resulted in the implementation 

of the algorithm, as shown in Algorithm 4, which is an extension to the general case of days. 

One can note that, in the presented algorithm, the optimizers were adjusted to return the same outputs 

with the same format. Thus, regardless of using PSO, GA, or GPS, the format of the algorithm does not change. 

In addition, even though it is not possible to guarantee mathematically that the results are optimal, they have 

been tuned to result in the best possible outputs. Because of this and considering the difficulty in finding the 

best tune for a complex model that tends to take several seconds to finalize a call, the final tuning took into 

consideration, as an evaluation criterion, the lesser amount of time that the optimizer took to return a value 

considered good enough to be applied. In summary, the global minimum is not the aim of this algorithm. As 

the control horizon is 24 h, the optimization time can utmost be 24 h, and the aim of this algorithm is to 

considerably reduce the objective function value, which is good enough in a lesser amount of time. 

Algorithm 4: Simulation Algorithm 

Input: No. of days, max. optimization time, tolerance, max. stall iterations, TRNSYS file path; 

Output: Optimum values, optimum objective function values 

1. Get the number of days of simulation 

2. Evaluate the status quo control input values of the system using a status quo TRNSYS 

model; 

3. Run the optimizer using the status quo input as initialization; 

4. Store optimizer outputs (shown in Alg. 1, 2, and 3); 

5. Modify the TRNSYS file by appending the best solution to the end of the file and deleting 

the old data; 

6. For k ← 2 to the max. optimization time or until the tolerance value is reached for the max. 

stall iterations 

a. Run the optimizer using the last best solution as initialization; 

b. Store optimizer output; 

c. Modify the TRNSYS file appending the best solution to the end of the file and 

deleting the old data. 

7. Write all the best solutions and fitness to a file. 

 

4.8 Evaluation procedure for an annual weighted extrapolation using clustering 

technique 

According to Merriam Webster dictionary [118], cluster analysis is ‘a statistical classification technique for 

discovering whether the individuals of a population fall into different groups by making quantitative comparisons of 

multiple characteristics’. As per [119], an iterative approach to find the similarity among intracluster points after 

identifying the cluster centroid with respect to their distance from the cluster centroid is partitional clustering. 

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, 
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k-medoids (also used by previous literatures - [120], [121]) 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. As used in the earlier researches in similar problems [80], [120], [121], 

sqeuclidean and cityblock, the most relevant distance metric method are selected also for this problem.  

 

Figure 12. 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 12. 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 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 
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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 research) 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. 

Since the previous works of literature have used different algorithms and distance metrics (e.g. cityblock 

and PAM used by [120], [121], and sqeuclidian and CLARA used by [122]), it was decided to do a sensitivity 

analysis of these parameters (as in Table 3) for this particular problem. Also, the dimension of the data input 

array does influence the accuracy of the clustering, thereby requiring an analysis of how many input datapoint 

dimensions is required by clustering for this HVAC-Building integrated thermal-electrical system. 

Table 3. Selected parameters for sensitivity analysis of the clustering technique 

Clustering Parameters 

Input Datapoint Dimension 11D/8D/6D/4D/3D/2D 

Distance Metric Sqeuclidean/Cityblock 

Algorithm PAM/CLARA 

Since this hybrid energy system has many energy indicators, it is vital to choose the essential parameters, 

to focus the selection of the clustering configurations on improving the accuracy in these key performance 

indicators or annual energy values. Thus after careful considerations, as enlisted in Table 4, domestic hot water 

loads (EDHW), space heating loads (ESH), electrical loads (Eel,load), solar thermal production (EST), gas boiler 

production (EGB), photovoltaic production (EPV), fuel cell electricity production (EFC,el) and power to heat 

consumption (EP2H) are chosen. With these, the essential key performance indicators can be extrapolated for a 

full year from the six representative days. In case of not having the population size in each cluster as the same, 

a weightage factor α for each cluster can be taken into account.  

Table 4. Selected input data for sensitivity analysis of the clustering technique 

 Ghor 
Tamb 

 
ESH 

 
EDHW 

 
Eload,el 

EGB 

 
EST 

 
EP2H EPV EFC,el EBatt,out 

11D ✔ ✔ ✔ ✔ ✔ ✔ ✔ ✔ ✔ ✔ ✔ 

8D ✔ ✔ ✔ ✔ ✔ ✔ ✔ ✔ - - - 

6D ✔ ✔ ✔ - - ✔ ✔ ✔ - - - 

4D   ✔ - - ✔ ✔ ✔ - - - 

3D ✔ ✔ ✔ - - - - - - - - 

2D ✔ ✔ - - - - - - - - - 

Finally, the annual energy values obtained as a result of the extrapolated cluster analysis for a year using 

the status quo controller is compared with the full year simulation of the reference case. With the comparison, 

for the selected KPIs, a deviation σ is calculated. It is further assumed that this deviation vector, as a correction 

factor, is constant for each of the parameters for the MPC analysis. Thus paving a way to have an extrapolation 

of the obtained results in the energy system via application of MPC controller for i number of days. As in 

Equation (13), the 6-day MPC simulation can be extrapolated to be compared with the status quo controller 

on a yearly basis. 

𝐸𝑛 =  𝜎𝑛 ∑ 𝐸𝑛,𝑖 ∗ 𝛼𝑖

𝑖

0

 (13) 

Where 𝐸𝑛 is the weighted extrapolated energy value of the respective n energy system component in 

kWh/a; 𝜎𝑛 is the deviation correction factor of n; i is the cluster number; 𝐸𝑛,𝑖 is the daily energy value of the 
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respective n in kWh/day for the particular i cluster representative day and 𝛼𝑖 is the weightage of the respective 

i cluster calculated by the cluster population. 

 

Figure 13. Datapoints of the 2018 weather in Ehingen, Germany (Tamb vs. Ghor) on the left and the solar thermal 

production (EST) vs. space heating demand (ESH) of the system in the right 

Table 5. Comparison of the results of different data input dimensions with different distance metric and algorithm 

Algorithm & Distance 

Metric 

KPI Comparison (Error %) 

EDHW ESH Eload,el EST EGB EPV EFC,el EP2H 

P
A

M
 

Sq
e

u
cl

id
ea

n
 

11D -1.5% -13.9% 2.5% -11.7% -10.4% -4.3% 0.0% -1.5% 

8D -1.4% -13.9% 4.6% -12.4% -10.4% 4.8% 0.0% 0.3% 

6D -1.4% -13.9% 4.6% -12.4% -10.4% 4.8% 0.0% 0.3% 

4D 18.9% -9.4% -1.8% 28.0% -17.9% 14.6% 0.0% 16.5% 

3D -13.1% -6.7% 0.3% 111.2% -16.0% 15.2% 0.0% 38.4% 

2D -8.4% -15.3% -3.4% -4.5% -13.7% -9.7% 0.0% 4.8% 

P
A

M
 

C
it

yb
lo

ck
 

11D -5.9% -16.0% -5.1% -37.7% -11.9% -5.4% 0.0% -9.7% 

8D -4.8% -20.4% 0.0% -11.2% -27.7% 8.6% 0.0% -6.0% 

6D 3.8% -11.9% 0.6% -27.0% -9.1% 5.0% 0.0% -10.5% 

4D -9.1% -13.4% -2.6% 14.1% -14.3% 15.3% 0.0% 6.4% 

3D -8.4% -14.2% 5.1% 13.5% -9.3% 13.9% 0.0% -4.8% 

2D -13.3% -11.9% -5.5% 18.2% -8.6% 15.9% 0.0% -7.2% 

C
LA

R
A

 

Sq
e

u
cl

id
ea

n
 

11D -7.6% -9.8% 7.8% 9.6% -12.9% 4.1% 0.0% 2.6% 

8D -8.8% -19.6% -2.4% 31.3% -12.2% -7.5% 0.0% 5.8% 

6D -11.6% -26.9% 5.2% -3.7% -18.8% 4.6% 0.0% 4.8% 

4D 8.3% -15.6% -4.3% -7.5% -5.8% 11.5% 0.0% 2.6% 

3D 31.7% -23.3% 8.4% 5.2% -16.6% 24.0% 0.0% -11.2% 

2D -8.4% -13.1% -5.2% -5.4% -13.7% 4.7% 0.0% -3.8% 

C
LA

R
A

 

C
it

yb
lo

ck
 

11D -11.6% -21.4% 2.2% -13.8% -7.3% -8.1% 0.0% -11.1% 

8D -14.5% -39.3% 1.5% -4.8% -35.4% 7.6% 0.0% -23.6% 

6D -3.0% -11.8% 3.7% -19.6% -12.1% -3.9% 0.0% -4.1% 

4D -6.3% -12.2% -5.8% 32.8% -11.3% -9.8% 0.0% -6.0% 

3D -13.8% -16.3% -6.7% 3.9% -15.5% 13.6% 0.0% -8.8% 

2D 15.6% -14.7% -4.2% -21.1% -17.6% -10.6% 0.0% 12.1% 

With the selected 2018 historical weather data from Ehingen, Germany (48.2°N): daily average ambient 

temperature; integrated irradiation over the 24 hours; and integrated energy consumption and production 

values over the day are calculated and taken as input data points for the cluster analysis. The data points are 

spread from a daily average of -10 to 28°C and up to 350 W/m².day as shown in Figure 13a. The scatter of the 

solar thermal production with respect to the space heating demand (for the choses Sonnenhaus energy 

standard single-family house building) is even more pronounced as seen in Figure 13b. The summer days with 
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no space heating demand, have EST production of less than 15 kWh/day as EDHW is the only load demand. In 

winter, the space heating loads are between 50 kWh/day to 90 kWh/day, and the space heating demand was 

increasing up to 110 kWh/day on the sunny winter day is also evident. The differences between annual 

simulated energy values (𝐸𝑛) and the extrapolated yearly energy values (𝐸𝑛) from weighted extrapolation of 

the six representative days as a result of cluster analysis with PAM algorithm and sqeuclidean distance metric 

for all the six different datapoint dimensions (11D,8D,4D,3D, and 2D) for reference scenario are shown in Table 

5. It can be seen that for the selected important energy values, the 2D and 3D datapoint input dimensions, 

which were the best outcome for different energy systems in previous sources ([80], [120]) are not that precise 

for this complex problem. In this evaluation for selection of the best functioning boundary conditions for 

clustering, ESH, EST, EGB, and EP2H are taken as the most important and fluctuating parameters. Due to its status 

quo control architecture, PFC is always with 0% deviation. It is also taken into account that deviation factor 

values in all the essential energy values are either close to zero or are close enough to each other, such that the 

deviation factors of the KPIs are also precise enough.  

Moreover, it is important that the clustering can have an almost equal number of cluster population in 

each cluster, to have a better categorization of the data and reduce the importance of the weightage factor. 

From the parametric study of the cluster analysis, unfortunately, no particular trend could be identified by the 

author. But it could be interpreted that sqeuclidean distance metric with at least six dimensions data point 

input is better suited for this problem than the cityblock and PAM algorithm. Since the differences between 

6D, 8D, and 11D of the PAM/Sqeuclidean are negligible, it was decided to further use the representative days 

with the 6D configuration for this weather data set. It is worth mentioning that a prior annual simulation of 

the system is required in order to acquire the required input data. Also, system configuration is dependent on 

the weather and energy system data and not universal. 

Figure 14 shows the clustering of the days via PAM/Sqeuclidean/6D and their representative days (cluster 

medoids) (a: Tamb vs Ghor and b: ESH vs EST) and indicates that the coldest days with considerable solar radiation 

(in yellow) belong to a cluster. And other winter days with less solar gains in another cluster (in black). Hotter 

days in summer with no space heating demand in one cluster (in blue) and cloudy days with less temperature 

or less space heating demand in another (in red). Another two clusters are in the transition season with 

reasonable solar irradiation and warm temperature (in green) as a cluster and relatively colder days with 

higher irradiation (in pink) on another. 

 

Figure 14. Clustering assignments of each data points and medoids of each cluster group via PAM/Sqeuclidean/6D 

Table 6 presents the selected six representative days, along with the size of the clusters. Day 1 and Day 6 

tend to be the winter days. Day 2 and Day 3 are the summer days. For spring and autumn, Day 4 and Day 5 

are representative. As it can be seen, the cluster population is very varying between the different clusters. 

Thus, justifying the non-applicability of the equal cluster extrapolation as used by [79] and the need for the 

weighted cluster extrapolation. The different cluster size is significantly more pronounced in the winter 

clusters, as the distinguishing between cold winter days with more solar irradiation (probably due to clear 

sky) on Day 6 and cold, cloudy winter days on Day 1 is required.  
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Table 6. Selected representative days using clustering technique 

Representative 
Day (i) 

Cluster 
Size (𝛼𝑖) 

Date 
Ghor 

W/m2.day 
Tamb 

°C 
ESH 

kWh/day 
EST 

kWh/day 
EGB 

kWh/day 
EP2H 

kWh/day 

Day 1 99 11.01.2018 31.42 1.84 64.72 3.78 33.25 26.30 

Day 2 55 13.07.2018 293.97 21.61 0.00 10.04 0.00 8.55 

Day 3 74 11.08.2018 224.15 18.71 0.00 14.03 0.00 3.91 

Day 4 57 13.10.2018 146.58 14.22 0.00 12.29 0.00 8.65 

Day 5 53 20.10.2018 86.10 8.70 22.23 18.16 0.00 22.17 

Day 6 27 25.12.2018 127.06 7.59 57.66 9.64 38.48 24.76 

5 Preliminary Results 

5.1 Objective function configuration 

Using the chosen representative days, the simulation of the system with MPC controller was carried out 

and the day-wise results of the MPC implementation using the four different objective function definitions are 

compared to the status quo controller and presented here.   

Figure 16 shows the overview of the thermal demand and supply of the system, and in Table 7 and Table 

8 the energy values are enlisted. As Day 2 and 3 are summer, the thermal energy demand for space heating is 

nil, and only the DHW load (EDHW) of less than 14 kWh had to be supplied. With status quo controllers, the 

power-to-heat (EP2H) did though feed into the storage in the night which led to reduced solar thermal 

production even though solar thermal production alone was good enough on both days. And when using 

MPC, all three definitions could reduce the EP2H to 0 kWh/day from 8.55 kWh/day and to 0.9-1.3 kWh/day from 

3.91 kWh/day on Day 2 and 3 respectively.  

 

Figure 15. Temperatures of the representative days with different objective function definition in Sonnenhaus 

standard single-family house building with status quo controller and with MPC controller using PSO Optimizer 

On Day 3, 𝐽𝑏 functions better than its counterpart with respect to EP2H. Nevertheless, in terms of the solar 

thermal contribution (EST), all three J performs better by increasing the solar thermal production in Day 3 and 

increasing the effectivity of the whole system by reducing the required total thermal energy input in Day 2. 

For Day 4 (autumn day) as shown in Table 8, the ambient temperature (Tamb) is high enough (Figure 15), due 

to which the building heating is not required. Also, the gas boiler thermal energy input is unnecessary. By 

reducing the EP2H, 𝐽𝑏 and 𝐽𝑐 could achieve relatively increased solar thermal production. For Day 5, due to the 

low ambient temperature, the building requires 22.2 kWh heating on that day, and using MPC only 1 kWh is 

reduced in the energy demand.  
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Figure 16. Temperatures of the representative days in Sonnenhaus standard single-family house building with status 

quo controller and with MPC controller using PSO Optimizer with respect to different objective function definitions 
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Table 7. Daily energy values (Day 1 to 3) in kWh/day of the representative days in reference case and with MPC 

implementation for the Sonnenhaus standard single-family house building using PSO Optimizer with respect to 

different objective function definitions 

Energy (kWh/day) 
Day 1 (11.01.2018) Day 2 (13-07-2018) Day 3 (11-08-2018) 

Status 
Quo 

MPC-
ObFnB 

MPC-
ObFnC 

MPC-
ObFnD 

Status 
Quo 

MPC-
ObFnB 

MPC-
ObFnC 

MPC-
ObFnD 

Status 
Quo 

MPC-
ObFnB 

MPC-
ObFnC 

MPC-
ObFnD 

Domestic hot water 
demand (EDHW) 12.70 12.64 12.65 12.65 13.39 13.39 13.38 13.39 7.69 7.69 7.69 7.68 

Space heating 
demand (ESH) 64.72 55.40 54.37 51.83 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Solar thermal supply 
(EST) 3.78 4.33 4.30 4.31 10.04 8.11 6.94 7.83 14.03 15.80 15.48 15.49 

Gas boiler supply 
(EGB) 33.25 54.26 55.20 48.63 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Power-to-heat 
supply (EP2H) 26.30 3.19 3.52 4.19 8.55 0.00 0.00 0.00 3.91 0.90 1.14 1.30 

Photovoltaic 
production (EPV) 2.74 2.74 2.74 2.74 20.88 20.88 20.88 20.88 17.88 17.88 17.88 17.88 

Electrical load 
demand ( Eload,el) 12.34 12.34 12.34 12.34 9.24 9.24 9.24 9.24 9.99 9.99 9.99 9.99 

Grid export (Egrid-exp) 0.00 0.96 0.77 0.65 38.43 22.79 22.82 22.79 39.37 17.91 17.79 17.65 

Fuel cell electricity 
supply (EFC,el) 36.00 12.00 12.00 12.00 36.00 12.00 12.00 12.00 36.00 12.00 12.00 12.00 

Fuel cell thermal 
supply (EFC,th) 3.19 1.06 1.06 1.06 3.19 1.06 1.06 1.06 3.19 1.06 1.06 1.06 

Battery output 
(EBatt,out) 0.01 2.74 2.76 2.79 0.02 0.57 0.57 0.57 0.00 0.33 0.32 0.33 

Direct PV supply 
(EPV,direct) 1.00 1.05 1.05 1.05 2.63 2.81 2.81 2.81 3.19 3.55 3.55 3.55 

Direct FC-CHP supply 
(EFC,direct) 11.33 8.59 8.59 8.59 6.58 5.87 5.87 5.87 6.80 6.12 6.12 6.12 

PV power-to-heat 
conversion (EP2H,PV) 1.63 0.70 0.84 1.38 1.03 0.00 0.00 0.00 1.25 0.17 0.65 0.69 

FC-CHP power-to-
heat conversion 

(EP2H,FC) 24.67 2.49 2.68 2.80 7.51 0.00 0.00 0.00 2.66 0.72 0.49 0.61 

PV grid export  
(Egrid-exp,PV) 0.00 0.04 0.04 0.04 16.52 16.66 16.69 16.66 12.83 12.75 12.41 12.38 

FC-CHP grid export 
(Egrid-exp,FC) 0.00 0.92 0.73 0.61 21.90 6.13 6.13 6.13 26.54 5.15 5.38 5.27 

Grid import (Egrid-imp) 0.00 0.05 0.03 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.00 

But on Day 5, solar production is increased by 4.7 kWh uniformly by all MPC variations, and the power-

to-heat conversion is reduced from 22.17 to 5.35 kWh/day in 𝐽𝑐, slightly more than the others. But surprisingly, 

representative Day 5 does not require the gas boiler input. Thus, highlighting the limitations of the clustering 

technique where a medoid of that cluster is chosen and for the autumn days, these tend to be the ones with no 

auxiliary heating requirement. And finally, in the winter days, Day 6 and Day 1, it can be seen that the space 

heating requirements are reduced by 5 and 13 kWh/day respectively, and this though comes at the cost of a 

negligible amount of room temperature difference (without exactly matching the comfort parameter) as Figure 

15. And on both days, the main differences in the thermal side of the system between the objective function 

variations can be seen. Especially on Day 6, one can see that there is 6 kWh of difference in the reduction of 

the EP2H supply between 𝐽𝑏 and 𝐽𝑑, this is due to the clear definition of penalties for power-to-heat 

differentiating PV power-to-heat and FC power-to-heat and not preferring the latter. EP2H is reduced by ca. 22 

kWh/day on both Day 6 and Day 1, but this obviously comes at the cost of increased gas boiler usage than the 

status quo on both days. While closely analyzing it, on Day 1 with 𝐽𝑑, the gas boiler input requirement is 
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reduced in comparison to 𝐽𝑏 and 𝐽𝑐. And in terms of energy effectivity, on Day 6, the total thermal energy input 

required to satisfy the loads is reduced from 72.88 kWh/day to 60.02 kWh/day using 𝐽𝑑, 10 kWh less than  𝐽𝑐 

but  𝐽𝑏 manages even 10 kWh lesser.   

Table 8. Daily energy values (Day 4 to 6) in kWh/day of the representative days in reference case and with MPC 

implementation for the Sonnenhaus standard single-family house building using PSO Optimizer with respect to 

different objective function definitions 

Energy 

(kWh/day) 

Day 4 (13-10-2018) Day 5 (20-10-2018) Day 6 (25-12-2018) 

Status 

Quo 
MPC-

ObFnB 

MPC-

ObFnC 

MPC-

ObFnD 

Status 

Quo 

MPC-

ObFnB 

MPC-

ObFnC 

MPC-

ObFnD 

Status 

Quo 

MPC-

ObFnB 

MPC-

ObFnC 

MPC-

ObFnD 

EDHW 10.10 10.09 10.09 10.09 9.08 9.08 9.09 9.09 11.90 11.91 11.90 11.83 

ESH 0.00 0.00 0.00 0.00 22.23 21.08 21.08 21.07 57.66 50.45 52.54 52.16 

EST 12.29 13.44 16.83 16.87 18.16 22.87 22.88 22.89 9.64 9.76 9.80 9.76 

EGB 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 38.48 23.35 35.36 46.70 

EP2H 8.65 0.50 0.21 1.13 22.17 5.46 5.54 5.35 24.76 9.40 8.65 3.56 

EPV 18.85 18.85 18.85 18.85 8.93 8.93 8.93 8.93 4.15 4.15 4.15 4.15 

Eload,el 13.89 13.89 13.89 13.89 13.89 13.89 13.89 13.89 12.34 12.34 12.34 12.34 

Egrid-exp 31.52 16.80 15.16 14.23 8.38 0.55 0.76 0.69 0.00 0.44 0.33 0.47 

EFC,el 36.00 13.50 12.00 12.00 36.00 12.00 12.00 12.00 36.00 16.50 16.50 12.00 

EFC,th 3.19 1.20 1.06 1.06 3.19 1.06 1.06 1.06 3.19 1.46 1.46 1.06 

EBatt,out 0.01 0.78 1.34 1.34 0.05 1.73 1.50 1.92 0.01 2.61 2.39 2.74 

EPV,direct 3.45 3.71 3.71 3.71 2.86 2.91 2.91 2.92 1.09 1.14 1.14 1.14 

EFC,direct 10.42 9.42 8.88 8.88 10.98 9.11 9.11 9.11 11.24 8.65 8.86 8.54 

EP2H,PV 0.63 0.21 0.02 0.90 2.41 3.10 3.05 3.01 0.00 1.93 1.33 0.57 

EP2H,FC 8.02 0.30 0.19 0.23 19.76 2.37 2.49 2.34 24.76 7.47 7.32 2.99 

Egrid-exp,PV 13.97 13.01 12.23 11.33 3.12 0.02 0.35 0.14 0.00 0.06 0.01 0.00 

Egrid-exp,FC 17.55 3.78 2.93 2.90 5.26 0.53 0.40 0.55 0.00 0.38 0.33 0.47 

Egrid-imp 0.00 0.00 0.00 0.00 0.00 0.19 0.41 0.00 0.00 0.02 0.03 0.00 

In terms of the electrical system (Figure 17 due to the fuel cell CHP producing almost always more than 

the electricity demand, the power sent to the grid is always high in the reference case. Also, the battery usage 

is much low in the status quo. And with MPC, via reducing the FC-CHP production, grid export is reduced, 

and battery usage is increased. In terms of FC-CHP production, only 𝐽𝑑 manages to keep it to a minimum all 

6 days, thus notably increasing the battery usage and in turn the direct PV use, especially in Day 6 where the 

detailed definition of the objective helps to achieve the desired outcome. The load demand (E load,el) and PV 

production (EPV) remain the same and by reducing the FC-CHP, the grid export is enormously reduced in 

summer and autumn days.  

With PV production in the daytime, the PV supplies the electrical load; the battery is charged (Figure 18); 

and simultaneously, the thermal storage is fed with PV P2H production on Day 5. On contrary, on the other 

transition season day, Day 4, most of the PV production is fed to the grid in the latter part of the day, and 

power-to-heat is avoided so as to enhance the solar thermal supply when using MPC. In the summer days 

(Day 2 and Day 3), with no complexity, with almost no P2H, the load is easily supplied by the PV with 

minimum FC-CHP contribution. Since the grid import penalty is smaller than the grid export penalty, the 

optimizer decides to import a little from the grid instead of increasing the FC-CHP production on Day 1 with 

𝐽𝑏 and 𝐽𝑐, but with 𝐽𝑑, this is avoided. Same trends can be seen on Day 5 and Day 6. This is also partially due 

to increased use of the battery with 𝐽𝑑 as evidently seen in Figure 18. 
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Figure 17. Power demand and supply of the representative days in Sonnenhaus standard single-family house 

building with status quo controller and with MPC controller using PSO Optimizer with respect to different objective 

function definitions 
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Figure 18. Fractional state of charge of the battery during the representative days with different objective function 

definitions in Sonnenhaus standard single-family house building with status quo controller and with MPC controller 

using PSO Optimizer 

 With developed weighted clustering extrapolation, the results of the six representative days are 

extrapolated, as shown in Equation (13). 𝐸𝑦𝑒𝑎𝑟,𝑟𝑒𝑓 is the yearly simulation value of the reference case, 𝐸6𝑑𝑎𝑦,𝑟𝑒𝑓 

is the yearly extrapolation of the reference case from six representative days, 𝐸6𝑑𝑎𝑦,𝑀𝑃𝐶 is the annual energy 

values extrapolation of the MPC from six days and with deviation 𝜎𝑛, 𝐸6𝑑𝑎𝑦,𝑀𝑃𝐶 is corrected. Table 9 lists the 

main yearly energy values. It can be seen that the MPC does bring in some preferred optimizations. With the 

EDHW (4000 kWh/a), EPV (4202 kWh/a), and Eload,el (4140 kWh/a) being the same, the ESH reduces by 13% using 

 𝐽𝑏 from 9504 kWh/a in status quo, mainly due to the implementation of the predictive space heating and gas 

boiler control sequence and also due to the soft constraint of the building temperature (T_BUI). The reduction 

in ESH is enhanced by another 0.5% by  𝐽𝑐 and another 3% by  𝐽𝑑. EST via MPC produces 4799 kWh/a at an 

increase of 14% compared to the status quo using 𝐽𝑑, showcasing 4% increase in EST due to detailed objective 

function. In terms of EP2H, uniformly 83% reduction is achieved by the usage of the MPC controller. On 

contrary, the gas boiler production (EGB) is needed to be increased by ca. 40% in 𝐽𝑏 and 𝐽𝑑 due to the reduction 

of power-to-heat input. MPC also reduces the EFC,el by 52%, which in turn also reduces the grid export by 51%. 

Abnormally, using 𝐽𝑏, gas boiler requires 10% more energy input. 

Table 9. Essential yearly energy values in kWh/a in reference case and the yearly energy values in kWh/a with MPC 

for Sonnenhaus with PSO optimizer with different objective functions via deviation corrected weighted clustering 

extrapolation 

 
𝐸𝑦𝑒𝑎𝑟,𝑟𝑒𝑓  

(kWh) 

ObFnB ObFnC ObFnD 

𝐸6𝑑𝑎𝑦  

(kWh) 

MPC 
Gains 

(%) 

𝐸6𝑑𝑎𝑦  

(kWh) 

MPC 
Gains 

(%) 

𝐸6𝑑𝑎𝑦  

(kWh) 

MPC 
Gains 

(%) 

EDHW  3999 3994 -0.12% 3994 -0.11% 3992 -0.18% 

ESH  9504 8279 -12.90% 8231 -13.39% 7959 -16.26% 

EST  4201 4631 +10.23% 4743 +12.91% 4799 +14.24% 

EGB  5023 6961 +38.59% 7445 +48.23% 7046 +40.28% 

EP2H  5338 894 -83.26% 911 -82.94% 894 -83.25% 

EPV  4202 4202 0.00% 4202 0.00% 4202 0.00% 

Eload,el  4140 4140 0.00% 4140 0.00% 4140 0.00% 

Egrid-exp  7711 3896 -49.47% 3779 -51.00% 3696 -52.06% 

EFC,el  13140 4587 -65.09% 4502 -65.74% 4380 -66.67% 
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Table 10. Secondary yearly energy values in kWh/a in reference case and the yearly energy values in kWh/a with 

MPC via balanced correction of the weighted clustering extrapolation for Sonnenhaus with PSO optimizer with 

different objective functions. 

 
𝐸𝑦𝑒𝑎𝑟,𝑟𝑒𝑓  

(kWh) 

ObFnB ObFnC ObFnD 

𝐸6𝑑𝑎𝑦  

(kWh) 

MPC 
Gains 

(%) 

𝐸6𝑑𝑎𝑦  

(kWh) 

MPC 
Gains 

(%) 

𝐸6𝑑𝑎𝑦  

(kWh) 

MPC 
Gains 

(%) 

EFC,th 1166 407 -65.09% 399 -65.74% 389 -66.67% 

EBatt,out 49 ~494* 913.96% ~508* 942.64% ~541* 1010.5% 

EPV,direct 750 ~849* +13.14% ~849* 13.15% ~849* +13.19% 

EFC,direct 3342 ~2776* -16.94% ~2752* -17.67% ~2743* -17.92% 

EP2H,PV 663 ~472* -28.75% ~472* -28.75% ~526* -20.60% 

EP2H,FC  4675 ~331* -92.93% ~331* -92.93% ~331* -92.93% 

Egrid-exp,PV  2589 ~2300* -11.17% ~2288* -11.63% ~2222* -14.15% 

Egrid-exp,FC  5122 ~1486* -70.98% ~1481* -71.08% ~1460* -71.49% 

Egrid-imp 0 15 - 25 - 0 - 

*subject to: 

𝜎𝑃𝑉(PPV – PBatt,out – PPV,direct – PP2H,PV – Pgrid-exp,PV) = 0 

𝜎P2H(PP2H – PP2H,PV – PP2H,FC)= 0 

𝜎𝑔𝑟𝑖𝑑−𝑒𝑥𝑝(Pgrid-exp - Pgrid-exp,PV - Pgrid-exp,FC) = 0 

𝜎𝑙𝑜𝑎𝑑,𝑒𝑙(Pload,el - PBatt,out - PPV,direct – PFC,direct – Pgrid-imp) = 0 

𝜎𝐹𝐶(PFC – PFC,direct – PP2H,FC – Pgrid-exp,FC) = 0 

Since the other energy values are not feasible for a direct correction factor (𝜎𝑛) powered weighted 

extrapolation, a balanced correction factor linear equation solver estimation method is used to approximate 

the energy values as shown in Table 10. Obviously, from the daily values, it could be safely said that the grid 

import and battery usage is increased. It is trifling to see that the battery usage with the status quo controller 

was only 49 kWh/a, mainly because the FC-CHP almost always supplies the electrical load, even in the evening 

periods. But by reducing the EFC,el, the EP2H,FC is reduced enormously by ca. 92%. This also tends to be the reason 

for pronounced utilization of the battery to ca. 494 kWh/a with the simple objective function and another 14 

kWh due to 𝐽𝑐 and another 33 kWh due to 𝐽𝑑. Also, the reduction of EFC,el, causes a ca 13% increase in direct PV 

use (EPV,direct) and the reduction of EP2H,FC helps the increase of PV utilization for P2H (EP2H,PV) by ca. 28% using 

𝐽𝑏 and the introduction of a small penalty for use of PV as heat in 𝐽𝑑, EP2H,PV reduces by 20%. The grid import, 

on the other hand, is estimated to increase from 0 kWh/a in status quo to 25 kWh/a when 𝐽𝑐 is used and in 𝐽𝑑, 

the MPC manages without any grid import.  

Table 11 lists the energy fraction and the key performance indicators on a yearly scale. It indicates a 9% 

increase in solar thermal production along with a 21% increase also in gas boiler supply fraction and a 32% 

decrease in power-to-heat supply using 𝐽𝑑. 𝐽𝑏 though requires ca. 2% less gas boiler input, does only incur a 

6.5% increase in solar thermal input fraction. On the electrical side of the system, a 14% decrease in the FC-

CHP electricity supply fraction is reported. On the positive side, this 14% decrease in FC-CHP supply is made 

available by PV but comes only at a liability of 1% grid import when 𝐽𝑏 and 𝐽𝑐 is used. For self-consumption, 

it is certain that the thermal system production is solely focused on 100% self-consumption. And for the 

electrical system with the implementation of MPC, a self-consumption fraction difference of +3.5% is achieved. 

With reduced EFC,el also the consumption fraction of PV is increased by +10%. For the total thermal system 

supply fraction, the yearly efficiency with MPC (η
𝑦𝑒𝑎𝑟,𝑀𝑃𝐶

) of 105% with a 11% reduction using 𝐽𝑏 from 116% 

in reference case is very ideal. And the effectivity reduces when more gas boiler input is required, as is the 

case with 𝐽𝑐  and 𝐽𝑑. But the trend could definitely be confirmed by the reduction of the loss factor (energy input 

minus energy output) in the daily energy values, thus indicating the effective use of the system. In terms of 

electricity supply fraction, the total 100% of the electricity could be supplied by the decentral system without 
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grid import using 𝐽𝑑, detailed objective function. Overall, the total decentral system’s supply fraction of 99.9% 

for the load demands of this residential thermal-electrical system is achieved by  𝐽𝑏 and  𝐽𝑐, but  𝐽𝑑 on the other 

hand manages a 100% autonomy. Hence, without reducing the autonomy of the decentral energy system, the 

self-consumption could be boosted by 10% using MPC and in the process, the space heating demand is 

reduced by 16%, and FC-CHP production reduced by 66% 

Table 11. Annual efficiency in reference case and with MPC via deviation corrected weighted clustering extrapolation 

for Sonnenhaus with PSO optimizer with different objective functions. 

 
η𝑦𝑒𝑎𝑟,𝑟𝑒𝑓 

(%) 

ObFnB ObFnC ObFnD 

η
𝑦𝑒𝑎𝑟

 

(%) 

MPC 
Gains 

(% 
Change) 

η
𝑦𝑒𝑎𝑟

 

(%) 

MPC 
Gains 

(% 
Change) 

η
𝑦𝑒𝑎𝑟

 

(%) 

MPC 
Gains 

(% 
Change) 

Energy Supply 
Fraction 

Solar Thermal 31.11% 37.73% +6.62% 38.80% +7.69% 40.16% +9.05% 

Gas Boiler 37.20% 56.72% +19.52% 60.90% +23.70% 58.96% +21.76% 

Power-to-Heat 39.53% 7.28% -32.25% 7.45% -32.08% 7.48% -32.05% 

Fuel cell Thermal 97.31% 37.38% -59.94% 36.82% -60.49% 36.65% -60.66% 

Fuel cell Electrical 80.73% 67.06% -13.67% 66.47% -14.27% 66.27% -14.47% 

Photovoltaics 19.30% 32.43% +13.13% 32.77% +13.47% 33.58% +14.28% 

Self-Consumption 
Fraction 

Fuel cell Electrical 61.02% 67.73% +6.72% 68.47% +7.46% 70.18% +9.17% 

Photovoltaics 34.79% 43.19% +8.40% 43.52% +8.74% 45.60% +10.82% 

Thermal Supply Fraction 116.48% 105.05% -11.43% 110.42% -6.06% 109.85% -6.63% 

Thermal Self Consumption Fraction 100.00% 100.00% 0.00% 100.00% 0.00% 100.00% 0.00% 

Electricity Supply Fraction 100.00% 99.64% -0.36% 99.39% -0.61% 100.00% 0.00% 

Electricity Self Consumption Fraction 54.66% 56.00% +1.34% 56.43% +1.77% 58.15% +3.49% 

Power-to-Heat Self Consumption Fraction 30.78% 10.17% -20.61% 10.46% -20.32% 10.42% -20.36% 

Decentral System Supply Fraction 100.00% 99.91% -0.09% 99.85% -0.15% 100.00% 0.00% 

Decentral System Self Consumption Fraction 72.19% 81.79% +9.59% 82.30% +10.10% 82.31% +10.11% 

The focus of this section is to study the effects of the objective function and to investigate if it is 

worthwhile to have a detailed mathematical definition of the objective function. From the results, it can be 

seen that due to the detailed function for the MPC of the integrated decentral thermal-electrical renewable 

energy system, the potential of the MPC does increase. In this case study, a Sonnenhaus standard building 

with PV and solar thermal along with auxiliary gas boiler and the electrical grid are investigated. As shown 

in Equation (5), the objective is as simple as to increase the renewable energy system contribution and enhance 

self-consumption. But this  𝐽  had to be modified into a minimization problem due to its easiness in the 

optimization as in 𝐽𝑎. The question answered in this research, is if this simple, generalized objective function, 

which can be implemented easily also for other energy system components, performs better? Or is it 

worthwhile to spend more time in developing a time consuming, high-knowledge-personnel consuming 

process of a complicated 𝐽𝑏, where the auxiliary energy usage was further detailed as gas boiler usage, power-

to-heat, and electrical grid import and each was given a penalty factor along with a bonus factor when more 

renewable energy is used. In 𝐽𝑐, this objective was furthermore detailed by differentiating the power-to-heat 

supply by PV and by FC-CHP, so as to not prefer producing electricity by FC-CHP and convert later using 

power-to-heat, which is an inefficient process compared to using natural gas directly in a gas boiler to produce 

heat directly. Also, an additional factor of bonus for the usage of battery is included so as to enhance battery 

usage rather than using FC-CHP electricity. Finally, it was also of interest to study if removing the battery 

discharge control variable, so as to speed up the optimization as in 𝐽𝑑. 

As shown in the results, the outcomes are quite promising. The detailing of the objective function really 

does help in the winter days (Day 1 and Day 6) and also improvements are visible on the autumn days. 

Especially from the space heating demand, around 4% more energy could be saved and 3% more solar thermal 
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fraction with the use of 𝐽𝑑 in comparison to 𝐽𝑏 is evident. All these are achieved even when withholding the 

autonomy of the decentral energy system and in comparison to the status quo controller, 𝐽𝑑 could achieve a 

10% increase in the decentral system self-consumption; 32% less power-to-heat supply fraction; 14% more PV 

supply fraction. 9% more solar thermal fraction; 16% less space heating demand; 491 kWh more battery use; 

66% less FC-CHP production; 83% less power-to-heat thermal energy supply; 6% more thermal system 

effectiveness. The only disadvantage seen in detailing the objective function is that the gas boiler is used more 

due to the non-preference of FC-CHP supplied power-to-heat. 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.  

In this study, it is evident that detailing the objective function can help to improve the function of the 

MPC. However, it is quite complicated to universally implement such complex objective functions. The 

solution would be to include a user interface in which at the commissioning of the MPC, the objective function 

can be customized by the installer where a provision to custom define the objective function can be constituted. 

For example, if there is a heat pump in place of a power-to-heat conversion, the efficiency of importing 

electricity from the grid and using this electricity for the heat pump as auxiliary heat input would be more 

efficient than the gas boiler. So, in simple words, a questionnaire at the commissioning of the MPC can be 

carried out to customize the MPC where a programmed switch case concept to choose the different objective 

function element and a customized penalty value or bonus factor can be made possible.  

5.2 Energy system with MPC for different buildings with different optimizer algorithm 

The aim of the author is to further investigate the developed objective function with different building 

standards and different optimization algorithms so as to explore the opportunities of mass implementation of 

the model predictive controller and to analyze what advantages can an MPC bring with respect to a status quo 

controller in different scenarios. Along with the optimized objective function from Section 5.1 and using the 

clustering technique’s chosen six representative days from Section 4.8, all the four building standards were 

simulated using the three different optimization algorithms and extrapolated for an annual evaluation. As an 

example, Sonnenhaus standard building is explained in detail here. A detailed description of the outcomes for 

KfW55, Passivehouse and WSchVO95 building with FC-CHP is shown in Appendix III. 

The same Sonnenhaus standard single-family house, seen in the previous section, is further investigated 

with the two other selected optimizer algorithms (GA and GPS). All the upcoming investigations are carried 

out with the selected objective function, 𝐽𝑑. The thermal system results on a day-to-day basis are shown in 

Figure 19 and enlisted in Table 12. On Day 2, a summer day, it could be seen that in fact, the solar thermal 

production reduces with the MPC along with the reduction of the EP2H from 8.55 kWh/day to almost nil. This 

could possibly be that the thermal storage is already full and due to the increased carryover energy from the 

previous day, at the start of the day, the storage could not take in more heat. But on Day 3, MPC using all three 

optimizers evenly increases the EST contribution by 1.5 kWh and this is made possible by reducing the EP2H. 

On Day 4, an autumn day, though without ESH demand, the EST production could be increased by reducing 

the EP2H and this is done very well by the GPS algorithm in comparison to the other counterparts. On Day 5, 

similar results could be seen, 4 kWh increase in EST by reducing EP2H by 17 kWh despite having 21 kWh/day 

ESH demand. On both Day 4 and 5, there is no gas boiler energy input required. There could be no major 

differences identified between different algorithms on Day 5. In the winter days, Day 6 and Day 1, major 

differences within different optimizers occur. On Day 6, though the ESH at 57 kWh/day and EST at 9.5 kWh/day 

stays the same, the PSO reduces the power-to-heat from 24.7 kWh to 2.8 kWh and increases EGB to 50 kWh. 

The results of GA are also similar, but GPS approaches it differently by consuming 7 kWh less gas boiler input 

and increasing the EP2H by 3.5 kWh. This is because when the PV is producing, GPS decides to use more PV 

supply to the electrical loads and use the FCel to supply the thermal demand via power-to-heat. And also, as 

seen in Figure 19, the gas boiler production is uniformly distributed over the day than having high hysteresis 

as seen with PSO or GA. And on Day 1, the GPS performs even better, by reducing the ESH from 64.7 kWh in 

status quo to 44.7 kWh which is 3 kWh more savings than PSO. But as seen in Figure 20, this 20 kWh reduction 

in ESH via MPC comes at a cost of 1°C less room temperature. Even though MPC could not manage to 

considerably increase the solar thermal supply, it does manage to increase the effectivity by reducing the EP2H 
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supply from 26 kWh to 4 kWh with PSO and to 5 kWh with GPS. But there is an enormous difference made in 

the EGB optimization where GPS manages to keep the same 33 kWh as the status quo but PSO and GA needs 

10 kWh more gas boiler input to compensate for the reduction of EP2H 

 
Figure 19. Heat demand and supply of the representative days in Sonnenhaus standard single-family house building 

with status quo controller and with MPC controller using PSO, GA, and GPS optimizers
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Table 12. Daily energy values in kWh/day of the representative days in reference case and with MPC implementation for Sonnenhaus 

Energy 

(kWh/day) 

Day 1 (11.01.2018) Day 2 (13-07-2018) Day 3 (11-08-2018) Day 4 (13-10-2018) Day 5 (20-10-2018) Day 6 (25-12-2018) 

Status 

Quo 
MPC-

PSO 
MPC-

GA 
MPC-

GPS 
Status 

Quo 

MPC-

PSO 

MPC-

GA 

MPC-

GPS 

Status 

Quo 

MPC-

PSO 

MPC-

GA 

MPC-

GPS 

Status 

Quo 

MPC-

PSO 

MPC-

GA 
MPC-

GPS 
Status 

Quo 
MPC-

PSO 
MPC-

GA 
MPC-

GPS 
Status 

Quo 
MPC-

PSO 
MPC-

GA 
MPC-
GPS 

EDHW 12.70 12.65 12.64 12.62 13.39 13.39 13.39 13.39 7.69 7.68 7.69 7.69 10.10 10.09 10.09 10.09 9.08 9.09 9.09 9.08 11.90 11.89 11.87 11.91 

ESH 64.72 47.61 48.07 44.73 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 22.23 21.07 21.05 21.07 57.66 56.98 56.90 57.27 

EST 3.78 4.35 4.32 4.25 10.04 7.88 8.42 7.94 14.03 15.47 15.46 15.46 12.29 13.82 16.91 16.84 18.16 22.95 23.05 22.90 9.64 9.56 9.42 9.62 

EGB 33.25 43.00 43.09 33.37 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 38.48 49.97 50.79 43.47 

EP2H 26.30 3.89 3.92 5.02 8.55 0.11 0.00 0.16 3.91 1.20 1.15 1.54 8.65 1.90 1.29 0.71 22.17 5.25 4.77 4.98 24.76 2.83 2.64 6.22 

EPV 2.74 2.74 2.74 2.74 20.88 20.88 20.88 20.88 17.88 17.88 17.88 17.88 18.85 18.85 18.85 18.85 8.93 8.93 8.93 8.93 4.15 4.15 4.15 4.15 

Eload,el 12.34 12.34 12.34 12.34 9.24 9.24 9.24 9.24 9.99 9.99 9.99 9.99 13.89 13.89 13.89 13.89 13.89 13.89 13.89 13.89 12.34 12.34 12.34 12.34 

Egrid-exp 0.00 0.39 0.24 0.00 38.43 22.71 22.79 22.61 39.37 17.60 17.86 17.30 31.52 13.47 13.98 14.85 8.38 0.84 1.19 0.99 0.00 0.77 0.88 0.80 

EFC,el 36.00 12.00 12.00 12.00 36.00 12.00 12.00 12.00 36.00 12.00 12.00 12.00 36.00 12.00 12.00 12.00 36.00 12.00 12.00 12.00 36.00 12.00 12.00 15.00 

EFC,th 3.19 1.06 1.06 1.06 3.19 1.06 1.06 1.06 3.19 1.06 1.06 1.06 3.19 1.06 1.06 1.06 3.19 1.06 1.06 1.06 3.19 1.06 1.06 1.33 

EBatt,out 0.01 2.79 2.79 2.79 0.02 0.57 0.57 0.57 0.00 0.33 0.33 0.33 0.01 1.34 1.34 1.34 0.05 1.92 1.92 1.92 0.01 2.74 2.35 1.84 

EPV,direct 1.00 1.05 1.05 1.05 2.63 2.81 2.81 2.81 3.19 3.55 3.55 3.55 3.45 3.71 3.71 3.71 2.86 2.92 2.92 2.92 1.09 1.14 1.08 1.13 

EFC,direct 11.33 8.59 8.59 8.59 6.58 5.87 5.87 5.87 6.80 6.12 6.12 6.12 10.42 8.88 8.88 8.88 10.98 9.11 9.11 9.11 11.24 8.54 8.54 9.42 

EP2H,PV 1.63 0.87 0.75 1.61 1.03 0.00 0.00 0.00 1.25 0.63 0.52 0.40 0.63 1.39 0.77 0.18 2.41 3.07 2.68 2.86 0.00 0.12 0.06 1.33 

EP2H,FC 24.67 3.02 3.17 3.41 7.51 0.11 0.00 0.16 2.66 0.57 0.63 1.14 8.02 0.51 0.52 0.53 19.76 2.18 2.08 2.12 24.76 2.71 2.57 4.89 

Egrid-exp,PV 0.00 0.00 0.00 0.00 16.52 16.69 16.66 16.65 12.83 12.30 12.61 12.56 13.97 10.85 11.37 12.25 3.12 0.13 0.38 0.21 0.00 0.02 0.00 0.10 

Egrid-exp,FC 0.00 0.39 0.24 0.00 21.90 6.02 6.13 5.96 26.54 5.30 5.25 4.74 17.55 2.61 2.61 2.60 5.26 0.71 0.81 0.78 0.00 0.75 0.88 0.69 

Egrid-imp 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.45 0.00 
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Figure 20. Temperatures of the representative days in Sonnenhaus standard single-family house building with status 

quo controller and with MPC controller using PSO, GA, and GPS optimizers 

In terms of the electrical system, as shown in Figure 22, as without a direct control of PV by MPC, the PV 

production is always the same and also the load demand. By controlling the EFC,el, the fraction of PV supply to 

the load, the amount of EP2H and grid export (Egrid-exp) is influenced. Also, the decision when to charge the 

battery is made by the MPC so as to temporally influence the electrical system energy supply. In the summer 

days, FC-CHP production is kept to a bare minimum, as the PV production in both days is more than the 

electrical demand. Also due to FC-CHP reduction, unwanted electrical production and avoidable grid export 

is prevented. In the autumn days, for the Sonnenhaus, all three algorithms manage to keep the FC-CHP to a 

minimum of 500 W. Following which, the battery usage is enhanced. Also, during autumn days, the 

differences between the optimizers are negligible. However, on Day 6, the optimizers tend to differ. GA and 

PSO select a minimum FC-CHP production as there is enough PV production to cover the electricity demand 

with an increased battery usage. But GPS tends to differ by increasing at the evening peak as there isn’t enough 

power in the battery to support the evening electricity demand peak. As seen in Figure 21, this is due to the 

fact that GPS doesn’t charge the battery enough, as it opts to increase the EP2H during the daytime, so as to 

reduce the EGB and has to pay the price by increasing the FC-CHP production. And again, as usual, the 

optimizer performs uniformly on Day 1, where the battery usage is enhanced, and the FC-CHP production is 

kept to a minimum. But GPS manages this with a slightly higher EP2H usage.  

 
Figure 21. Fractional state of charge of the battery of the representative days in Sonnenhaus standard single-family 

house with status quo controller and with MPC using PSO, GA, and GPS optimizers 
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Figure 22. Power demand and supply of the representative days in Sonnenhaus standard single-family house 

building with status quo controller and with MPC controller using PSO, GA, and GPS optimizers 

On the yearly scale, the estimated extrapolated energy values from the representative days, as shown in 

Table 13, do indicate that GPS could reduce space heating demand by 22% (3% more than PSO and GA) in 
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comparison to the status quo. Also, at the same time solar thermal contribution is increased by 14% despite 

the reduced total thermal energy demand. But GPS could manage only an 80% reduction in EP2H while PSO 

manages to reduce 3% more but this comes at a cost of 29% increase in gas boiler input with PSO, while GPS 

needs only 3% more EGB.   

Table 13. Yearly energy values in kWh/a in reference case and the yearly energy values in kWh/a with MPC via 

deviation corrected weighted clustering extrapolation and balanced correction of the weighted clustering 

extrapolation for Sonnenhaus 

 
𝐸𝑦𝑒𝑎𝑟,𝑟𝑒𝑓  

(kWh) 

PSO GA GPS 

𝐸6𝑑𝑎𝑦,𝑃𝑆𝑂  

(kWh) 

MPC 
Gains (%) 

𝐸6𝑑𝑎𝑦,𝐺𝐴  

(kWh) 

MPC 
Gains (%) 

𝐸6𝑑𝑎𝑦,𝐺𝑃𝑆  

(kWh) 

MPC 
Gains (%) 

EDHW  3999 3993 -0.14% 3993 -0.14% 3992 -0.18% 

ESH  9504 7660 -19.40% 7704 -18.94% 7372 -22.43% 

EST  4201 4614 +9.82% 4834 +15.07% 4792 +14.07% 

EGB  5023 6502 +29.46% 6538 +30.17% 5192 +3.37% 

EP2H  5338 883 -83.45% 815 -84.73% 1023 -80.83% 

EPV  4202 4202 0.00% 4202 0.00% 4202 0.00% 

Eload,el  4140 4140 0.00% 4140 0.00% 4140 0.00% 

Egrid-exp  7711 3632 -52.90% 3695 -52.08% 3654 -52.61% 

EFC,el  13140 4380 -66.67% 4380 -66.67% 4461 -66.05% 

EFC,th 1166 389 -66.67% 389 -66.67% 396 -66.05% 

EBatt,out 49 541 - 531 - 518 - 

EPV,direct 750 849 +13.19% 848 +12.97% 849 +13.16% 

EFC,direct 3342 2743 -17.92% 2743 -17.92% 2766 -17.23% 

EP2H,PV 663 472 -28.75% 504 -23.95% 519 -21.62% 

EP2H,FC  4675 321 -93.13% 309 -93.38% 348 -92.55% 

Egrid-exp,PV  2589 2300 -11.17% 2260 -12.70% 2260 -12.70% 

Egrid-exp,FC  5122 1317 -74.30% 1388 -72.90% 1388 -72.90% 

Egrid-imp 0 0 - 12 - 0 - 

On the electrical side of the system, the grid export is equally reduced by 52% due to a 66% reduction in 

FC-CHP production. And as seen in Table 13, the battery usage is also enhanced when using MPC and more 

so with PSO, 23 kWh more than GPS, mainly due to the differences in Day 6 cluster. It is also worth noting 

that, as an exception, GA needs 12 kWh grid import while PSO and GPS manage to withhold 100% autonomy. 

Table 14 shows the outcome in terms of energy fraction and efficiency at the means of % change. And as seen 

previously, GPS outperforms PSO with GA seeming to be the least performing optimizer algorithm for 

Sonnenhaus standard single-family house. A whopping 11% increase in solar thermal supply fraction is visible 

with GPS, ca. 2.5% more than PSO along with an 8% increase in gas boiler supply (10% lesser than PSO) which 

occurs due to a 30% reduction in power-to-heat supply fraction. In terms of FC-CHP electrical supply, a 14% 

reduction creates a much welcome 14% increase of PV power supplied to the loads. Therefore, by reducing 

the FC-CHP production, the self-consumption of FC-CHP could be increased by ca. 9% and of PV by 10%. The 

effectivity of the thermal system also slightly increases with the use of GPS while electricity supply fraction 

and self-consumption relatively stay uniform.  

The outcomes of the other building energy standards are comprehensively shown in Table 15 and Table 

16. With KfW55, less space heating requiring house, it is obvious to see a change of less solar thermal 

production but an increased solar thermal fraction. With the ESH only being 5745 kWh/a already in the status 

quo scenario, PSO could furthermore reduce the SH demand by 12%, similar to GA but GPS only managing 

an 8% reduction. GA and GPS manage an 11% increase in EST supply, while PSO increases the solar thermal 

supply by an enormous 16%. But on the contrary, MPC with PSO algorithm also requires 1800 kWh/a more 
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EGB which is 72% more gas boiler input and comparatively GA and GPS require 10% less GB input. The reason 

for this could also be the reduced EP2H by PSO (-83% with respect to status quo) while GA uses ca. 50 kWh 

more EP2H than PSO and GPS using ca. 180 kWh more EP2H than PSO. Thus, indirectly slightly more electricity 

is exported to the grid by PSO (-55% w.r.to status quo). In terms of battery usage, similar results as in 

Sonnenhaus is achieved, with PSO being the better optimizer. As expected, in terms of energy fraction, the 

solar thermal supply fraction could only be improved by 9% using PSO (3% even lesser using GPS), 2% less 

than in Sonnenhaus standard, with KfW55 standard due to the reduced energy demand. And in terms of gas 

boiler supply fraction, using MPC 21% more energy fraction is required to be supplied by gas boiler with PSO 

and 4 % less when using GPS and this could be as a result of increased P2H supply fraction in GPS than PSO 

(ca. 2% difference). On the total electricity system self-supply, 100% autonomy could be withheld while 

increasing the self-consumption only by 5.5%. The total decentral system self-consumption is likewise 

increased by 12% from 66% to 79% by the use of PSO optimizer MPC. 

Table 14. Yearly efficiency in reference case and with MPC via deviation corrected weighted clustering extrapolation 

for Sonnenhaus 

 
η

𝑦𝑒𝑎𝑟,𝑟𝑒𝑓
 

(%) 

PSO GA GPS 

η
𝑦𝑒𝑎𝑟,𝑃𝑆𝑂

 

(%) 
MPC Gains 
(% Change) 

η
𝑦𝑒𝑎𝑟,𝐺𝐴

 

(%) 
MPC Gains 
(% Change) 

η
𝑦𝑒𝑎𝑟,𝐺𝑃𝑆

 

(%) 
MPC Gains 
(% Change) 

Energy 
Supply 

Fraction 

Solar Thermal 31.11% 39.59% +8.48% 41.33% +10.22% 42.17% +11.06% 

Gas Boiler 37.20% 55.80% +18.60% 55.90% +18.70% 45.69% +8.49% 

Power-to-Heat 39.53% 7.58% -31.95% 6.97% -32.56% 9.00% -30.53% 

Fuel cell Thermal 8.64% 3.34% -5.30% 3.32% -5.31% 3.48% -5.15% 

Fuel cell Electrical 80.73% 66.27% -14.47% 66.27% -+14.47% 66.82% -13.91% 

Photovoltaics 19.30% 33.58% +14.28% 33.30% +14.00% 33.03% +13.73% 
Self-

Consumption 
Fraction 

Fuel cell Electrical 61.02% 69.97% +8.95% 69.70% +8.68% 69.81% +8.80% 

Photovoltaics 34.79% 44.32% +9.53% 44.80% +10.02% 44.90% +10.12% 

Thermal Supply Fraction 116.48% 106.31% -10.17% 107.52% -8.96% 103.35% -13.13% 

Thermal Self Consumption Fraction 100.00% 100.00% 0.00% 100.00% 0.00% 100.00% 0.00% 

Electricity Supply Fraction 100.00% 100.00% 0.00% 99.72% -0.28% 100.00% 0.00% 
Electricity Self Consumption 

Fraction 54.66% 57.41% +2.75% 57.51% +2.85% 57.73% +3.07% 
Power-to-heat Self Consumption 

Fraction 30.78% 10.29% -20.49% 9.50% -21.28% 11.81% -18.97% 

Decentral System Supply Fraction 100.00% 100.00% 0.00% 99.93% -0.07% 100.00% 0.00% 
Decentral System Self Consumption 

Fraction 72.19% 82.00% +9.80% 82.07% +9.87% 80.84% +8.65% 

The implementation of MPC with the most efficient passive house standard building shows that GPS and 

GA reduce the ESH by a whopping 77% from 2992 kWh/a to 675 kWh/a while PSO manages to reduce 26%. 

Thus, for GPS, the EST remains the same as the status quo, but GA manages to increase the EST by 11% from 

the status quo despite the reduced ESH and PSO achieves a 10% increase. But ineptly GA also increases the gas 

boiler input by 83% w.r.to. status quo which is 40% more than the increase with GPS while PSO manages to 

just increase the gas boiler usage by 30%. The requirement of more EGB for GA optimizer might be reasoned 

due to its 86% reduction in EP2H in comparison to the status quo while PSO and GPS use certainly more power-

to-heat. In terms of grid export, PSO is slightly better with a 56% reduction. The same is valid for battery usage, 

as PSO tends to use the battery a bit more than its counterparts. In the perspective of the annual energy 

fraction, an astonishing 76% solar thermal fraction is achieved by GA, which is 30% more than the status quo. 

And GPS manages a 22% increase while PSO can only result in an 11% increase in solar thermal supply 

fraction. Confusingly, also for gas boiler input, GA requires 21% more supply fraction (from 12% in status quo 

to 33% with GA) while PSO requires the least with only 5.5% GB supply fraction increase. But well, the reason 

for this is that GA optimizer totally reduces the power-to-heat from 61% to 12% while PSO resulting 16% 

supply via P2H and GPS uses 19% from P2H.  
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Table 15. Essential yearly energy values in kWh/a in reference case and the yearly energy values in kWh/a with MPC via deviation corrected weighted clustering extrapolation 

for KfW55, passive house and WSchVO95 

 

KfW55 Passive house WSchVO95 

𝐸𝑦𝑒𝑎𝑟,𝑟𝑒𝑓  

(kWh) 

𝐸6𝑑𝑎𝑦,𝑃𝑆𝑂 

(kWh) 

MPC 
Gains (%) 

𝐸𝑦𝑒𝑎𝑟,𝑟𝑒𝑓  

(kWh) 
𝐸6𝑑𝑎𝑦,𝐺𝐴 

(kWh) 

MPC 
Gains (%) 

𝐸𝑦𝑒𝑎𝑟,𝑟𝑒𝑓  

(kWh) 
𝐸6𝑑𝑎𝑦,𝐺𝑃𝑆  

(kWh) 

MPC 
Gains (%) 

ESH 5745 5030 5030 2992 673 -77.51% 20328 18384 -9.56% 

Egrid-exp 8200 -12.43% -12.43% 8784 3958 -54.95% 7319 4134 -43.52% 

EFC,el 13140 3673 3673 13140 4794 -63.52% 13140 8771 -33.25% 

Table 16. Yearly efficiency in reference case and with MPC via deviation corrected weighted clustering extrapolation for KfW55, passive house and WSchVO95 

 

KfW55 Passive house WSchVO95 

η
𝑦𝑒𝑎𝑟,𝑟𝑒𝑓

 

(%) 

η
𝑦𝑒𝑎𝑟,𝑃𝑆𝑂

 

(%) 
MPC Gains 
(% Change) 

η
𝑦𝑒𝑎𝑟,𝑟𝑒𝑓

 

(%) 

η
𝑦𝑒𝑎𝑟,𝐺𝑃𝑆

 

(%) 
MPC Gains 
(% Change) 

η
𝑦𝑒𝑎𝑟,𝑟𝑒𝑓

 

(%) 

η
𝑦𝑒𝑎𝑟,𝑃𝑆𝑂

 

(%) 
MPC Gains 
(% Change) 

Energy 
Supply 

Fraction 

Solar Thermal 37.20% 46.61% +9.41% 45.62% 68.27% +22.65% 18.69% 22.91% +4.22% 

Gas Boiler 25.22% 47.08% +21.86% 12.09% 25.86% +13.77% 61.78% 60.55% -1.23% 

Power-to-Heat 49.78% 8.70% -41.09% 61.03% 19.40% -41.63% 23.55% 17.10% -6.45% 

Fuel cell Thermal 11.97% 4.31% -7.66% 16.69% 9.11% -7.57% 4.79% 3.09% -1.70% 

Fuel cell Electrical 80.73% 66.27% -14.47% 80.73% 66.97% -13.76% 80.73% 67.94% -12.80% 

Photovoltaics 19.30% 33.58% +14.28% 19.30% 32.89% +13.59% 19.30% 31.93% +12.63% 

Self-
Consumption 

Fraction 

Fuel cell Electrical 58.24% 62.63% +4.39% 54.56% 57.83% +3.27% 63.39% 58.98% -4.41% 

Photovoltaics 31.82% 51.72% +19.90% 29.42% 53.29% +23.87% 36.68% 80.45% +43.77% 

Thermal Supply Fraction 124.18% 106.70% -17.48% 135.43% 122.64% -12.78% 108.82% 103.65% -5.17% 

Thermal Self Consumption Fraction 100.00% 100.00% 0.00% 100.00% 100.00% 0.00% 100.00% 100.00% 0.00% 

Electricity Supply Fraction 100.00% 100.00% 0.00% 100.00% 100.00% 0.00% 100.00% 100.00% 0.00% 

Electricity Self Consumption 
Fraction 51.84% 57.29% +5.45% 48.47% 55.71% +7.24% 56.92% 66.61% +9.69% 

Power-to-Heat Self Consumption 
Fraction 27.96% 9.14% -18.82% 24.59% 10.07% -14.52% 33.04% 31.62% -1.41% 

Decentral System Supply Fraction 100.00% 100.00% 0.00% 100.00% 100.00% 0.00% 100.00% 100.00% 0.00% 

Decentral System Self Consumption 
Fraction 66.65% 79.00% +12.35% 61.03% 71.44% +10.41% 80.78% 87.77% +6.99% 
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In terms of the electrical system, apart from the 13 kWh grid import needed by the GA optimizer in 

comparison to the 100% autonomy achieved by PSO and GPS, all other characteristics are similar to that of the 

other buildings' standards. In terms of self-consumption, GA consumes FC-CHP production better while PSO 

consumes the PV production better. Regarding the thermal system effectiveness, due to the relatively small 

energy demand, the heat losses are visibly higher. The decentral system self-consumption with all three 

optimizers is only 72% which is 11% more than the status quo. Only in GA optimizer, an external grid import 

reduces the total system supply fraction to 99.8%. 

Finally, the last type of building standard, WSchVo95, Being the most energy-consuming building of the 

selected four-building standards, on a yearly scale, 12% annual energy value reduction (ca. 5000 kWh) in space 

heating demand is made possible with PSO optimizer which is 2.5% more than GPS. Eventually, PSO also 

works better in increasing the solar thermal production (ca. 10%). But when it comes to the reduction of gas 

boiler production, PSO only achieves 12% reduction for EGB with respect to status quo, while -15% is reported 

by GPS. Nevertheless, PSO and GA manage to reduce the EP2H by 34% while GPS by 18%. With MPC, via 

decreasing the EFC,el during the summer days, more efficiently by PSO, the grid export is also brought down 

relatively more by PSO. To make the selection easier, also the battery usage is enhanced from 49 kWh to 476 

kWh using PSO while GA and GPS could only manage 252 kWh and 350 kWh respectively. Ultimately, when 

analyzing the annual energy fraction, the solar thermal supply could only be merely increased by 4.5% from 

18.5% in the status quo to 23% with PSO. In the perspective of auxiliary energy usage, PSO prefers more gas 

boiler supply with only -1% supply fraction change but -6% in the P2H supply fraction. On the other hand, 

GPS reduces P2H supply fraction by only 2.5% and reduces the gas boiler supply fraction by 5%. In terms of 

fuel cell electricity supply fraction, -12% is achieved by MPC leading to a 12% increase in PV supply fraction. 

In terms of the total decentral system supply fraction, 100% autonomy is kept as in the case of status quo 

controller but also at the same time enhancing the self-consumption fraction by 7%. The thermal effectivity of 

the system is also improved uniformly by 5%.  

5.3 Outcomes without FC-CHP for different buildings with best-case optimizer 

algorithm 

The implementation of MPC even without an FC-CHP is interesting to see how the system works with 

less interaction between the thermal and electrical side. Even though the problem becomes a bit simpler 

without FC-CHP, it is nevertheless alluring to see if an MPC could improve the system control and by how 

much. Since from the previous section, it is clear that the GA algorithm doesn’t perform much to the 

expectation, in this section, only GPS and PSO are chosen to investigate the same four building standards. As 

an example, Sonnenhaus standard building is explained in detail here and the other three types of building 

standards are comprised here. A detailed description of the outcomes for KfW55, Passivehouse and 

WSchVO95 building without FC-CHP is shown in Appendix I. 

With the Sonnenhaus standard, the thermal system outcomes on a day-to-day basis with the 

representative days are shown in Figure 24 and Table 17. On the summer days, Day 2 and 3, it can be seen that 

without ESH, the MPC via PSO could manage to increase the EST production from 16 kWh to 30 kWh on Day 2, 

while GPS manages only 3 kWh. Also, in terms of EP2H, a small amount of increase is reported. But is to be 

noted, that EP2H now is solely from PV and in this case, it would be better to export the excess PV production 

to the grid so the solar thermal production can be enhanced. But the objective is defined such that self-

consumption of the total decentral system should be high, thus a compromise of not full utilization of the solar 

thermal system is eventuated. On Day 3, there is no visible change due to MPC implementation. On Day 4, a 

warm autumn day, the solar thermal contribution in fact reduces due to increased effectivity of the system. 

On Day 5, even with space heating demand, the solar thermal contribution remains unchanged. On Day 6, 

with PSO ESH could be reduced from 57 kWh to 51 kWh, which also reduces EGB input by 4 kWh. But GPS on 

the other hand without an ESH reduction, reduces EGB by 6 kWh, the reason for this being a smooth control of 

the gas boiler while PSO due to its randomness in the optimizer does have a hysteresis effect, which also 

seemingly increases the system losses. On Day 1 though, PSO reduces both ESH and EGB better than GPS, ca. 20 

kWh and 24 kWh respectively (ca. 3 kWh more than GPS).  
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Figure 23. Temperatures of the representative days in Sonnenhaus standard single-family house without FC-CHP 

(status quo controller vs.  MPC controller) using GPS and PSO optimizers 

 

Figure 24. Heat demand and supply of the representative days in Sonnenhaus standard single-family house building 

without FC-CHP (status quo controller vs. MPC controller) using GPS and PSO optimizers 
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Table 17. Daily energy values in kWh/day of the representative days in reference case and with MPC implementation 

for Sonnenhaus without FC-CHP 

Energy (kWh/day) EDHW ESH EST EGB EP2H EPV Eload,el Egrid-exp EBatt,out EPV,direct Egrid-imp 

Day 1 

(11.01.2018) 

Status Quo 12.73 64.25 3.90 61.90 0.00 2.74 12.34 0.00 1.06 1.37 9.94 

MPC-GPS 12.11 47.42 4.36 50.23 0.00 2.74 12.34 0.00 1.06 1.37 9.94 

MPC-PSO 12.30 44.76 4.38 47.91 0.00 2.74 12.34 0.00 1.06 1.37 9.94 

Day 2 

(13-07-2018) 

Status Quo 13.39 0.00 16.23 0.00 0.00 20.88 9.24 10.07 4.69 4.69 0.00 

MPC-GPS 13.39 0.00 19.21 0.00 3.19 20.88 9.24 6.99 4.69 4.69 0.00 

MPC-PSO 13.37 0.00 30.40 0.00 4.54 20.88 9.24 5.68 4.69 4.69 0.00 

Day 3 

(11-08-2018) 

Status Quo 7.70 0.00 26.00 0.00 1.95 17.88 9.99 4.14 4.02 6.09 0.00 

MPC-GPS 7.70 0.00 26.08 0.00 2.03 17.88 9.99 4.00 4.02 6.09 0.00 

MPC-PSO 7.68 0.00 25.96 0.00 3.38 17.88 9.99 2.70 4.02 6.09 0.00 

Day 4 

(13-10-2018) 

Status Quo 10.08 0.00 24.72 0.00 0.00 18.85 13.89 5.47 6.11 6.38 1.58 

MPC-GPS 10.09 0.00 18.31 0.00 1.01 18.85 13.89 4.28 5.91 6.59 1.57 

MPC-PSO 10.06 0.00 18.94 0.00 0.85 18.85 13.89 4.49 6.06 6.39 1.62 

Day 5 

(20-10-2018) 

Status Quo 9.13 21.10 28.05 0.00 0.00 8.93 13.89 0.00 3.73 4.31 5.96 

MPC-GPS 9.13 20.21 28.48 0.00 0.00 8.93 13.89 0.00 3.73 4.31 5.96 

MPC-PSO 9.13 20.21 28.55 0.00 0.00 8.93 13.89 0.00 3.73 4.31 5.96 

Day 6 

(25-12-2018) 

Status Quo 11.91 57.20 10.32 60.89 0.00 4.15 12.34 0.00 2.12 1.56 8.72 

MPC-GPS 11.90 57.04 10.24 53.66 0.21 4.15 12.34 0.00 1.85 1.66 8.88 

MPC-PSO 11.25 51.17 10.57 55.91 0.00 4.15 12.34 0.00 2.20 1.56 8.65 

 

The room temperatures, as shown in Figure 23, there is just a maximum of one-degree change in the 

winter, to reduce the heating. And in terms of the FSOC of the battery (Figure 25), just in the summer because 

of the battery charging control, the time when the battery is charged is changing on the Days 2, 3, and 4 

between the different optimizers. In terms of the electrical system, as seen in Figure 26, during the summer 

days, Day 2 and 3, except for the reduced grid export due to increased EP2H, no other change is achieved by 

the MPC. The same applies also for the autumn days (Day 4 and 5). On Day 6, a small increase in battery usage 

is visible, which reduces slightly the grid import. Also during Day 1, only negligible change is reported on the 

electrical side.  

 

Figure 25. Fractional state of charge of the battery in Sonnenhaus standard single-family house building without FC-

CHP (status quo controller vs. MPC controller) using PSO, GA and GPS optimizers 
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Table 18. Essential yearly energy values in kWh/a in reference case and the yearly energy values in kWh/a with MPC via deviation corrected weighted clustering extrapolation 

 

Sonnenhaus w/o FC-CHP KfW55 house w/o FC-CHP Passive house w/o FC-CHP WSchVO95 house w/o FC-CHP 

𝐸𝑦𝑒𝑎𝑟,𝑟𝑒𝑓 

(kWh) 

𝐸6𝑑𝑎𝑦,𝑃𝑆𝑂  

(kWh) 
MPC Gains (%) 

𝐸𝑦𝑒𝑎𝑟,𝑟𝑒𝑓 

(kWh) 
𝐸6𝑑𝑎𝑦,𝑃𝑆𝑂  

(kWh) 
MPC Gains (%) 

𝐸𝑦𝑒𝑎𝑟,𝑟𝑒𝑓 

(kWh) 
𝐸6𝑑𝑎𝑦,𝐺𝑃𝑆  

(kWh) 
MPC Gains (%) 

𝐸𝑦𝑒𝑎𝑟,𝑟𝑒𝑓 

(kWh) 
𝐸6𝑑𝑎𝑦,𝑃𝑆𝑂  

(kWh) 
MPC Gains (%) 

EDHW  4002 3938 -1.60% 4001 3935 -1.65% 4001 3988 -0.33% 4003 4000 -0.08% 

ESH  9386 7160 -23.72% 5568 4058 -27.11% 2777 682 -75.44% 19722 15828 -19.74% 

EST  5675 6144 +8.27% 5170 5985 +15.77% 4873 5074 +4.12% 6019 7063 +17.33% 

EGB  9165 7374 -19.55% 5934 3892 -34.42% 3512 3086 -12.13% 19077 14373 -24.66% 

EP2H  176 672 +281.11% 142 553 +288.89% 132 336 +154.92% 206 656 +218.17% 

EPV  4202 4202 0.00% 4202 4202 0.00% 4202 4202 0.00% 4202 4202 0.00% 

Eload,el  4140 4140 0.00% 4140 4140 0.00% 4140 4140 0.00% 4140 4140 0.00% 

Egrid-exp  1108 726 -34.47% 1142 731 -36.01% 1152 941 -18.32% 1078 831 -22.92% 

EBatt,out 1312 1312 0.00% 1312 1312 0.00% 1312 1312 0.00% 1312 1312 0.00% 

EPV,direct 1277 1278 0.00% 1277 1277 0.00% 1277 1277 0.00% 1277 1277 0.00% 

Egrid-imp 1589 1590 0.00% 1589 1591 +0.11% 1589 1598 +0.52% 1589 1634 +2.83% 

Table 19. Essential yearly energy values in kWh/a in reference case and the yearly energy values in kWh/a with MPC via deviation corrected weighted clustering extrapolation 

 

Sonnenhaus w/o FC-CHP KfW55 house w/o FC-CHP Passive house w/o FC-CHP WSchVO95 house w/o FC-CHP 

η𝑦𝑒𝑎𝑟,𝑟𝑒𝑓 

(%) 

η
𝑦𝑒𝑎𝑟,𝑃𝑆𝑂

 

(%) 

MPC Gains 
(% Change) 

η𝑦𝑒𝑎𝑟,𝑟𝑒𝑓 

(%) 

η
𝑦𝑒𝑎𝑟,𝑃𝑆𝑂

 

(%) 

MPC Gains 
(% Change) 

η𝑦𝑒𝑎𝑟,𝑟𝑒𝑓 

(%) 

η
𝑦𝑒𝑎𝑟,𝐺𝑃𝑆

 

(%) 

MPC Gains 
(% Change) 

η𝑦𝑒𝑎𝑟,𝑟𝑒𝑓 

(%) 

η
𝑦𝑒𝑎𝑟,𝑃𝑆𝑂

 

(%) 

MPC Gains 
(% Change) 

Energy Supply 
Fraction 

Solar Thermal 42.39% 55.36% +12.97% 54.03% 74.88% +20.85% 71.89% 108.65% +36.76% 25.37% 35.62% +10.25% 

Gas Boiler 68.46% 66.44% -2.01% 62.01% 48.68% -13.33% 51.81% 66.08% +14.27% 80.41% 72.49% -7.92% 

Power-to-Heat 1.32% 6.06% +4.74% 1.49% 6.92% +5.43% 1.94% 7.19% +5.24% 0.87% 3.31% +2.44% 

Thermal Supply Fraction 112.16% 127.86% +15.70% 117.53% 130.48% +12.95% 125.64% 181.92% +56.27% 106.65% 111.42% +4.77% 

Thermal Self Consumption Fraction 100.00% 100.00% -0.00% 100.00% 100.00% +0.00% 100.00% 100.00% 0.00% 100.00% 100.00% 0.00% 

Electricity Supply Fraction 62.56% 62.56% 0.00% 62.56% 62.51% -0.05% 62.56% 62.35% -0.21% 62.56% 61.48% -1.07% 

Electricity Self Consumption 
Fraction 

65.82% 77.62% +11.80% 65.01% 74.74% +9.73% 64.76% 69.41% +4.65% 66.53% 76.17% +9.64% 

Power-to-Heat Self Consumption 
Fraction 

4.20% 15.99% +11.80% 3.39% 13.16% +9.78% 3.13% 7.99% +4.85% 4.90% 15.60% +10.70% 

Decentral System Supply Fraction 90.93% 89.57% 1.36% 88.41% 86.89% -1.52% 85.44% 81.86% -3.58% 94.30% 93.18% -1.12% 

Decentral System Self Consumption 
Fraction 

94.18% 95.90% +1.72% 92.54% 94.81% +2.27% 90.84% 92.39% +1.54% 96.32% 96.76% +0.44% 
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Figure 26. Power demand and supply of the representative days in Sonnenhaus standard single-family house 

building without FC-CHP (status quo vs. MPC controller) using PSO, GA and GPS optimizers 

On a yearly scale, as in Table 18, even though GPS manages a 19% reduction in ESH, EST could not be 

increased by the MPC. But on the other hand, PSO achieves an 8% increase in solar thermal energy production. 

And with the 23% reduction in ESH, a 19.5% reduction in gas boiler input is achieved by PSO. Also, a 500 kWh 

increase in EP2H is reported which directly influences the grid export positively. On the other hand, battery use 

or grid import is never influenced. In the perspective of the energy fraction, as in Table 19, the electrical system 

is solely affected by the improvements in power-to-heat use. An 11% increase in power-to-heat by PSO and 

an 8% increase with GPS is the only change.  On contrary, there are noticeable improvements in the thermal 

side of the system. PSO functions better than GPS with 13% more solar thermal fraction along with 2% more 

GB supply fraction and 5% more P2H supply fraction. But it is worth noting that with GPS, due to the smooth 

control of the gas boiler, the effectiveness is better than PSO but the losses are more than the status quo, which 

is surprising.  
As already mentioned, due to the page restrictions, the detailed results of the other buildings are 

presented in the Appendix I. Without the FC-CHP, as shown in Table 18 and Table 19, for Sonnenhaus single-

family house almost the same -23% for ESH is reported. But without much EP2H potential, the gas boiler has to 

be used more and with respect to status quo 20% reduction in gas boiler energy usage is also made possible. 

Though on the electrical side, only with the UBCC as the MPC control variable, just the use of EP2H could be 
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enhanced by reducing the grid export. Otherwise, the electrical system relatively stays similar with different 

types of buildings. In terms of solar fraction, even without FC-CHP, +13% is achieved with Sonnenhaus. But 

it should be noticed that due to the already seen effect of increased hysteresis in the EGB due to PSO, the 

effectivity of the system is more so reduced with increased losses with no FC-CHP. For the KfW55 building, 

the outcomes are quite similar, with PSO being the better performer resulting in higher EST production while 

GPS shows sign of a better reduction in EGB. With PSO, ESH is decreased by 27% and EST is increased by 15% 

while reducing the EGB by 34%. On the other hand, GPS manages only 4.65% increase in EST and a 42% 

reduction in ESH. This can be reasoned also with the increased hysteresis in the GB control. This hysteresis 

effect by PSO in GB control is also seen in different scenarios. In passive house, one significant discrepancy is 

that on Day 6, is that PSO does not converge to the solution because of the already seen UGB discrepancy. And 

due to this, GPS can reduce more space heating demand than PSO and could also reduce the gas boiler use. 

Thus, indicating a need to stop implementing the MPC control inputs into the real system if the MPC outcomes 

are worse than the status quo, and instead, with an override, the status quo should be used as it is. This again 

indicates that the whitebox MPC with complex building models do need more than 12 hours (with Intel i7-

4790 CPU @ 3.6GHz computer) in some complicated days with all the system components and demands being 

active, especially in the low energy consumption buildings where a small trifle can change a lot in the system 

balance. Thus, confirming that the 12 hours maximum optimization time is not enough for this whitebox MPC. 

With GPS for passive house, the control for that particular day, Day 6, is better than the PSO. Thus, on a yearly 

scale, much less EGB demand is required. And on contrary to Day 6, on Day 1 both the optimizers manage to 

keep the SH demand to zero. For the WSchVO95 house, the PSO seems to perform better than GPS. With Day 

4 already needing space heating, it was expected to increase EST, but to the surprise, GPS has the same EST 

while PSO increases EP2H with a further reduced EST. But one big discrepancy is the very high reduction of the 

room temperature, which is ought to be, of any chance, not the ideal solution. With the room temperatures 

reducing to a detrimental <19°C, it indicates that a seemingly low penalty for building temperature violation 

is present with the current MPC configuration. Along with the extreme reduction of the TBUI, with which the 

building heating could be reduced by 20%, there is a 17% increase from the solar thermal contribution (+10% 

supply fraction). This results in a 25% reduction in gas boiler input energy (-8% supply fraction). A common 

observance on the day-to-day basis is the increase of ST contribution on Day 2; an increase of SH demand on 

Day 6 due to the day starting with relatively low temperature; an established hysteresis on the GB control on 

the winter days. With GPS, it can be seen that the ST contribution is relatively low and an even more reduction 

in the GB energy production due to a smooth control is eventuated.  

6 Final Results  

6.1 Objective Function (improvised) 

With the results obtained from the sensitivity analysis of the MPC with and without FC-CHP; with PSO, 

GA and GPS optimizers; and with different objective functions, it could be seen that there are still some 

discrepancies in the outcomes, and these can be changed with a small improvement in the mathematical 

definition of the objective function. As shown in Equation (14) – (20), the following changes are made to the 

mathematical objective function from the previous one in Equation (12): 

 The integrated daily penalty for gas boiler usage with µ𝐺𝐵 was eventually not good enough especially with 

PSO optimizer where the hysteresis with the gas boiler control could not be understood by the optimizer, 

therefore a new penalty factor, as in Equation (19), 𝜌𝑔𝑏 is introduced where the gas boiler contribution (QGB) 

is quadratically penalized at every timestep with a factor 𝜆 and the µ𝐺𝐵 is reduced to 400.  

 The increased P2H via FC in fact endorses the production of electricity via natural gas and conversion of 

this electricity to heat via P2H which is eventually not as efficient as to use natural gas directly via gas 

boiler to produced heat. To counteract this, the µ𝑅𝐸𝑃2𝐻−𝐹𝐶
 is increased to 2000.  

 As an aftereffect, the grid export of the decentrally produced electricity was seen to be sent to the grid and 

to avoid this, especially in the winter (Oct-Feb), the penalty for grid export (µ𝐺𝑟𝑖𝑑𝐸𝑥𝑝
) as shown in Equation 

(20) is increased to 4000 during winter and kept as 2000 for the rest of the time. 
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 It was also unfortunately evident that during the winter days (Day 1 and Day 6) when there is no sun, the 

MPC decides to comfortably set the room temperature between 19°C and 19.5°C for most of the time with 

only few hours of the room temperature during the daytime reaching the setpoint (20°C). Therefore, as in 

Equation (16), if the building temperature falls below 0.5°C the setpoint room temperature, penalty arises.  

 And due to its different characteristics, the WSchVO95 building needs certain special modifications. 

Because the room temperature drop is faster in comparison to other building types, the penalty factor for 

the building setpoint temperature 𝛼, had to increase to 120. Also due to the fact, the heating demand is 

higher, and that comfort is more important than reducing the auxiliary usage fluctuations, the changes in 

QGB had to be penalized with a 𝜆 of 0.1. Also due to the increased energy demand, the P2H penalization 

from FC-CHP (µ𝑅𝐸𝑃2𝐻,𝐹𝐶) is increased to 3200. 

 From the outcomes of the sensitivity analysis, it is evident that the 12 hours maximum optimization time 

cap does not fetch a final steady-state solution, therefore it can be declared that the whitebox MPC is taking 

more time than expected and to have a best-case solution, it is decided to run the optimization until a 

steady-state result (best objective function value) is achieved with the maximum optimization time as 48 

hours.  
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with respect to 

𝜌 = 𝜌𝑠ℎ + 𝜌𝑑ℎ𝑤 + 𝜌𝑒𝑙 + 𝜌𝑔𝑏 (15) 

𝜌𝑠ℎ = {
∫ 𝛼(𝑇𝑟𝑜𝑜𝑚_𝑠𝑒𝑡 − 𝑇𝑟𝑜𝑜𝑚)

2
24ℎ

0ℎ

,    𝑇𝑟𝑜𝑜𝑚𝑠𝑒𝑡
− 𝑇𝑟𝑜𝑜𝑚 − 0.5 < 0

0         ,    𝑇𝑟𝑜𝑜𝑚𝑠𝑒𝑡
− 𝑇𝑟𝑜𝑜𝑚 − 0.5 ≥ 0

 (16) 

𝜌𝑑ℎ𝑤 = {
∫ 𝛽(𝑇𝑑ℎ𝑤_𝑠𝑒𝑡 − 𝑇𝑑ℎ𝑤)

 
24ℎ

0ℎ

,    𝑇𝑑ℎ𝑤𝑠𝑒𝑡
− 𝑇𝑑ℎ𝑤 − 2 < 0

0         ,    𝑇𝑑ℎ𝑤𝑠𝑒𝑡
− 𝑇𝑑ℎ𝑤 − 2 ≥ 0

 (17) 

𝜌𝑒𝑙 = ∫ 𝛾 (𝑃𝑒𝑙𝑙𝑜𝑎𝑑
− 𝑃𝑒𝑙𝑠𝑦𝑠2𝑙𝑜𝑎𝑑

)
24ℎ

0ℎ

 (18) 

𝜌𝑔𝑏 = ∫ 𝜆(𝑄𝐺𝐵)2
24ℎ

0ℎ

 (19) 

µ𝐺𝑟𝑖𝑑_𝐸𝑥𝑝𝑜𝑟𝑡 = {
2000 ,  1400 ℎ < 𝑡𝑖𝑚𝑒 < 7300 ℎ

4000 ,  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 (20) 

where, 
       𝛼 = 30; 𝛽 = 1000; 𝛾 = 1000; 𝜆 = 1 ; µ𝐺𝐵  = 400; µ𝐺𝑟𝑖𝑑_𝐼𝑚𝑝𝑜𝑟𝑡  = 1000; µ𝐺𝑟𝑖𝑑_𝐸𝑥𝑝𝑜𝑟𝑡  = 2000; µ𝑅𝐸_𝑡ℎ = 9;                                           

       µ𝑅𝐸_𝑒𝑙  = 15; µ𝑆𝑒𝑙𝑓  = 15; µ𝑅𝐸𝑃2𝐻,𝑃𝑉  = 700; µ𝑅𝐸𝑃2𝐻,𝐹𝐶  = 2000; µ𝐹𝐶𝑒𝑙
 = 7; µ𝐵𝑎𝑡𝑡 

= 40; 

       Except for WschVO95, where 𝛼 = 120; µ𝑅𝐸𝑃2𝐻,𝐹𝐶  = 3200; 𝜆 = 0.1; 
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6.2 Final results for building standards with FC-CHP 

The results with MPC implementation in all four building types are summarized in Table 20 and Table 

21. In this section, only the results of Sonnenhaus are discussed in detail and the detailed results of other 

building standards are described in Appendix V. The thermal energy results on a day-to-day basis for 

Sonnenhaus are shown in Figure 27. During the summer days Day 2 and Day 3, it is visible that the power-to-

heat is reduced, more so optimally with PSO than GPS, which also leads to a slightly increased EST production. 

On the transition season day, Day 4, there is a clear advantage of using PSO where PSO produces 16.92 kWh 

from solar collectors while GPS only manages 13.64 kWh. On Day 5, with space heating demand of 22 kWh, 

the MPC manages to reduce the ESH only by 1 kWh. By reducing the EP2H from 22 kWh to 5 kWh both PSO and 

GPS manages to supply the loads by increasing the EGB production from 18 kWh to 22 kWh. 

 

Figure 27. Heat demand and supply of the representative days in Sonnenhaus standard single-family house building 

(status quo controller vs. MPC controller) using GPS and PSO optimizers 



Final Results 

57 
 

On Day 6, as seen in Figure 28, the MPC manages to keep the same room temperature while reducing the 

ESH from 58 kWh to 56 kWh using PSO and to 52 kWh with GPS.  

 

Figure 28. Space heating temperatures of the representative days in Sonnenhaus standard single-family house 

building (status quo controller vs. MPC controller) using PSO and GPS optimizers 

 

Figure 29. Power demand and supply of the representative days in Sonnenhaus standard single-family house 

building (status quo controller vs. MPC controller) using GPS and PSO optimizers 
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It can be seen that the previously known problem of hysteresis with PSO for GB control is still present, it 

is reduced but still visible in comparison to the GPS control, especially on Day 6. Otherwise, the grid export 

during winter days is diminished with the improved objective function. On Day 1, PSO slightly performs 

better in reducing the ESH from 64 kWh to 51 kWh while GPS manages to reduce to 52 kWh. But both do have 

a 0.25°C difference in the room temperature which is a compromise for the saved 13 kWh. But due to the 22 

kWh reduction in EP2H, the EGB had to be increased from 32 kWh to 42 kWh using GPS and to 45 kWh with 

PSO. This 3 kWh difference might possibly be the result of the hysteresis on the GB control using PSO. 

In terms of the electrical system as in Figure 29, the increase in optimization time and increased penalty 

for P2H via FC did the trick of reducing the unwanted increase in production via FC-CHP. During the summer 

days, Day 2 and Day 3, with increased direct use of the PV using MPC the excess electricity is used by GPS 

slightly more for power-to-heat while PSO feeds more electricity to the grid. Thus expectedly, PSO paving 

way for increased use of solar thermal collectors. On Day 4 and Day 5, it is clearly visible that when there is a 

space heating demand, then PSO, as in Day 5 uses more P2H, especially via PV and when there is no SH 

demand, P2H is kept as minimum as possible. On the contrary GPS tends to always use more P2H which in 

fact leads to less grid export than using PSO, especially on Day 4. On Day 6 the outcomes of the optimizers 

are almost same with higher P2H utilization using MPC and also an increased battery usage. One visible 

difference is the use of 0.08 kWh grid import using GPS, which is hardly visible in the temporal graph. With 

almost no PV production on Day 1, the only changes between GPS and PSO are that PSO confusingly exports 

FC produced electricity (0.13 kWh) to the grid instead of using it as power-to-heat.  

Table 20. Essential yearly energy values in kWh/a in reference case and the yearly energy values in kWh/a with MPC 

via deviation corrected weighted clustering extrapolation 

 

Sonnenhaus KfW55 house 

𝐸𝑦𝑒𝑎𝑟,𝑟𝑒𝑓  

(kWh) 

𝐸6𝑑𝑎𝑦,𝑃𝑆𝑂 

(kWh) 

MPC 
Gains 

(%) 

𝐸6𝑑𝑎𝑦,𝐺𝑃𝑆 

(kWh) 

MPC 
Gains 

(%) 

𝐸𝑦𝑒𝑎𝑟,𝑟𝑒𝑓  

(kWh) 
𝐸6𝑑𝑎𝑦,𝑃𝑆𝑂 

(kWh) 

MPC 
Gains 

(%) 

𝐸6𝑑𝑎𝑦,𝐺𝑃𝑆 

(kWh) 

MPC 
Gains 

(%) 

EDHW  3999 3992 -0% 3990 -0% 3996 3981 -0% 3980 -0% 

ESH  9504 8015 -16% 8004 -16% 5745 3764 -34% 4799 -16% 

EST  4201 4791 +14% 4579 +9% 3624 4383 +21% 3771 +4% 

EGB  5023 6611 +32% 6209 +24% 2457 1900 -23% 2964 +21% 

EP2H  5338 947 -82% 1157 -78% 4849 744 -85% 1222 -75% 

EPV  4202 4202 0% 4202 0% 4202 4202 0% 4202 +0% 

Eload,el  4140 4140 -0% 4140 0% 4140 4140 0% 4140 +0% 

Egrid-exp  7711 3595 -53% 3411 -56% 8200 3765 -54% 3977 -51% 

EFC,el  13140 4380 -67% 4380 -67% 13140 4380 -67% 4937 -62% 

EFC,th 1166 389 -67% 389 -67% 1166 389 -67% 438 -62% 

EBatt,out 49 541 - 540 - 49 519 - 474 - 

EPV,direct 750 849 +13% 848 +13% 750 848 +13% 759 +1% 

EFC,direct 3342 2743 -18% 2743 -18% 3342 2743 -18% 2824 -15% 

EP2H,PV 
663 472 -29% 654 -1% 538 738 +37% 1301 

+142
% 

EP2H,FC  
4675 321 -93% 423 -91% 4311 0 

-
100% 0 

-
100% 

Egrid-exp,PV  2589 2270 -12% 2169 -16% 2713 2010 -26% 1548 -43% 

Egrid-exp,FC  5122 1322 -74% 1224 -76% 5487 1685 -69% 2468 -55% 

Egrid-imp 0 0 - 2 - 0 23 - 11 - 

On the yearly scale, as enlisted in Table 20, both GPS and PSO manages to reduce the space heating 

demand by 15%, which leads to an increased solar thermal production of 14% via PSO while GPS only 

manages to increase by 9%. The reason for this, as seen in day-to-day analysis can be narrowed down to 
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increased use of P2H. PSO manages to reduce the P2H contribution by -82% while GPS to only -78%. And on 

the other hand, PSO requires more GB input energy, ca. 8% more in comparison to GPS. This increased GB 

use could be due to reduced P2H and partly also due to the hysteresis in the GB control using PSO. On the 

electrical side, not many differences between the optimizers could be seen, except for the almost negligible 

grid import, the increased use of P2H and thereby reduced grid export from GPS in comparison to PSO. The 

same results, as shown in Figure 30, are acknowledged in terms of energy supply and consumption fraction 

with PSO slightly better than the GPS in terms of solar fraction and P2H consumption while GPS is slightly 

better in terms of GB usage.  

With the KfW55 building, there is no building heating demand also on the transition season 

representative days and thereby Day 2-5 can be more or less treated the same. During the days without ESH 

demand, PSO performs better with an increased solar thermal production and a reduced EP2H. On Day 1, the 

difference is huge with ESH reduced from 45 kWh to 26 kWh with PSO while GPS only manages to reduce it 

down to 36 kWh. It is also worth noting that on Day 1 the total energy demand is ca. 40 kWh, but this energy 

demand is met with only 22 kWh with PSO. The reason for this being that the previous two days in the 

simulation is a sunny day and the winter day’s energy demand is met partly with the carryover of energy 

from the previous days’ which is stored in the thermal storage. This in fact is a problem when it comes to the 

extrapolation on an annual scale. On the electrical side, during Days 2-5, the outcomes are quite similar except 

for the Day 2 and 3 where the grid export is higher with PSO due to the non-utilization of the P2H. On Day 6, 

astonishingly, despite being a summer day, both GPS and PSO decide to use grid import for the electrical 

loads and utilize the PV to produce heat. Possibly because P2H-PV is more efficient in delivering the heat 

directly on that respective node in the thermal storage while GB induces more losses and with PSO, the 

hysteresis in the control process leading to a slightly increased use of P2H and later take electricity from the 

grid to satisfy the electrical loads. The reason for this is that on Day 6, GPS decides to increase the FC-CHP 

production during the evening peak which leads to reduced grid import. One can see that the extrapolated 

thermal supply fraction drops to 96% which is in fact impossible because as per the day-to-day analysis, all 

the energy demands are met. Thus, indicating a discrepancy in the yearly extrapolation which arises from Day 

1 due to the initial state of that particular day where both thermal and electrical storage does have carryover 

energy from the previous day. This could have been addressed with the deviation factor and the only reason 

it has not could be that also on the previous day, the system via MPC is subject to better management which 

leads to an enhanced opportunity to use the carryover energy on the next day. This could mean that the solar 

thermal supply fraction could be increased in this particular Day 1 but it might not hold true for all days in 

the cloudy winter day category. Thus, indicating a percentage of uncertainty to be declared from the outcomes 

on an annual scale via extrapolation. Nevertheless, it is better than analysing just on the day-to-day basis or 

on a particular week without knowing in what range one could expect the MPC to influence the results on a 

full year. Overall, with 34% reduction in ESH demand over the year along with better use of PV and battery, 

PSO performs better than GPS for KfW55. But this comes at the compromise of increased grid import for PSO 

and at the compromise of increased FC-CHP production for GPS. Also, the decentral system self-consumption 

is improved by PSO a bit more than by GPS. 

With the most energy-efficient passive house (Table 21), during the summer and transition days, the trend 

with PSO and GPS is the same as in KfW55: overall reduced P2H which enhances EST production more so with 

increased P2H use by GPS than PSO; and more EST production with PSO except for in Day 2. On Day 6 and 1, 

winter days, GPS manages to reduce the ESH demand enormously, especially on Day 1 which leads to -77% SH 

reduction over the year while PSO manages only -27%. And due to this, the PSO requires +80%, ca. 700 kWh 

more GB input, but also the solar thermal contribution is seen to be increased. On the electrical side of the 

system, there are no major surprises during Day 2-5, with PSO having more grid export due to reduced P2H 

which leads to increased EST production. On Day 6 too, the same trends are seen and along with that, there is 

also a grid import required by the system for electrical load demands as P2H is used during the day. On Day 

1 there are no notable major differences between PSO and GPS, except the battery is better charged by PSO, 

and GPS decides to utilize the excess energy as heat via P2H. Also in the electrical side, the PSO clearly 

outperforms the GPS with enhanced PV self-consumption and supply fraction. And in terms of decentral self-

consumption, both GPS and PSO could achieve +12% with 11 kWh grid import necessary. 
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Figure 30. Comparison of thermal and electrical fraction of all four building standards with FC-CHP (status quo 

controller vs. MPC controller) using GPS and PSO optimizers 

Table 21. Essential yearly energy values in kWh/a in reference case and the yearly energy values in kWh/a with MPC 

via deviation corrected weighted clustering extrapolation 

 

Passive house WSchVO95 house 

𝐸𝑦𝑒𝑎𝑟,𝑟𝑒𝑓  

(kWh) 
𝐸6𝑑𝑎𝑦,𝑃𝑆𝑂 

(kWh) 

MPC 
Gains 

(%) 

𝐸6𝑑𝑎𝑦,𝐺𝑃𝑆 

(kWh) 

MPC 
Gains 

(%) 

𝐸𝑦𝑒𝑎𝑟,𝑟𝑒𝑓  

(kWh) 
𝐸6𝑑𝑎𝑦,𝑃𝑆𝑂 

(kWh) 

MPC 
Gains 

(%) 

𝐸6𝑑𝑎𝑦,𝐺𝑃𝑆 

(kWh) 

MPC 
Gains 

(%) 

EDHW 3996 3995 -0% 3995 -0% 3999 4003 +0% 4002 +0% 

ESH 2992 2172 -27% 691 -77% 20328 19880 -2% 19937 -2% 

EST 3188 3514 +10% 3263 +2% 4547 5014 +10% 4523 -1% 

EGB 845 1530 +81% 876 +4% 15030 15959 +6% 15644 +4% 

EP2H 4265 748 -82% 897 -79% 5730 1978 -65% 2423 -58% 

EPV 4202 4202 0% 4202 +0% 4202 4202 0% 4202 +0% 

Eload,el 4140 4140 -0% 4141 +0% 4140 4140 0% 4140 +0% 

Egrid-exp 8784 3861 -56% 3561 -59% 7319 3449 -53% 3190 -56% 

EFC,el 13140 4380 -67% 4380 -67% 13140 5433 -59% 5501 -58% 

EFC,th 1166 389 -67% 388 -67% 1166 482 -59% 488 -58% 

EBatt,out 49 532 - 530 - 49 494 - 523 - 

EPV,direct 750 848 +13% 849 +13% 750 847 +13% 849 +13% 

EFC,direct 3342 2743 -18% 2744 -18% 3342 2794 -16% 2761 -17% 

EP2H,PV 437 734 +68% 895 +105% 742 1748 +135% 2371 +219% 

EP2H,FC 3828 0 -100% 0 -100% 4987 228 -95% 36 -99% 

Egrid-exp,PV 2814 2072 -26% 1852 -34% 2509 1027 -59% 432 -83% 

Egrid-exp,FC 5970 1722 -71% 1702 -71% 4810 2420 -50% 2715 -44% 

Egrid-imp 0 11 - 11 - 0 0 - 0 - 
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For the WSchVO95, the oldest of the four selected, on both the autumn days already SH demand exists. 

Except for the already seen increased use of EP2H during the summer by GPS, on the winter day, Day 6, the old 

building requires 138 kWh heating and this could be reduced via the MPC by 7 kWh without any big changes 

in the room temperature. On the electrical side of the system, there are no major surprises during Day 2-5, 

with both PSO and GPS performing much similar to the status quo. On Day 6, PSO decides to use more P2H 

during the morning & evening peaks and increases FC-CHP electricity production. But GPS manages to use 

only an increase during the morning peak. Also, P2H-PV is higher with PSO than with GPS and thus the usage 

of the battery is reduced for the PSO. On Day 1, quite the opposite happens, with GPS producing more via FC-

CHP as electricity and increasing the P2H more than the PSO. Moreover, it could be observed that the FC-

CHP increase in electricity production during the winter days is only recommended for the old WschVO95 

house while all the other selected energy standard buildings could manage just without it. On a yearly scale, 

both PSO and GPS could only manage to reduce the ESH by 2% but PSO does a better job in increasing the solar 

thermal production with a lesser P2H contribution. Both MPC optimizers require more EGB with a reduced 

P2H. Better battery usage can be seen with GPS than by PSO. And in terms of supply fraction, only 2% more 

solar thermal fraction could be achieved by PSO while GPS couldn’t even achieve this. For gas boiler fraction, 

5% more is required by PSO and a little bit less by GPS because it tends to use more P2H. In terms of electricity 

self-consumption, GPS does a better job by increasing it by 10% (reduced FC supply and increased PV usage) 

but on the decentral system level, the self-consumption is increased uniformly by both the optimizers by 8%.  

6.3 Final results for building standards without FC-CHP 

With the new objective function which for a system without FC-CHP, as shown in Appendix VIII, does 

only change in terms of increased setpoint temperature penalty for GB, and a different penalty value for grid 

export in winter and summer. Thus, not much changes from the previously obtained results in Section 5.3 are 

expected. For the Sonnenhaus building, the results of the thermal side of the system are shown in Figure 32. 

On Day 2 and 3, as they are summer representative days, no SH demand, no GB usage and hence the 

optimization is easier. As seen before on Day 2, PSO increases the EST at the expense of lesser EP2H than GPS 

but more than the status quo. But on Day 3, vice versa PSO increases the EP2H with the same ST production as 

status quo. On Day 4, an autumn day without SH demand, GPS manages to increase P2H conversion without 

any significant changes in the ST production but PSO on the other hand reduces the ST production. The reason 

for this might be the thermal storage’s carryover from the previous day which in fact increases the storage 

effectiveness. On Day 5 with 21 kWh SH demand, both GPS and PSO manages to reduce the ESH by 1 kWh and 

both result in a small negligible amount of increase of EST. On Day 6, a sunny winter day, PSO achieves to 

reduce the SH demand from 57 kWh to 52 kWh while GPS doesn’t achieve such savings. As a result, 10 kWh 

less GB input is required by PSO than that of GPS. And, in fact, as seen in Figure 31, PSO achieves better 

building temperature. Finally, on Day 1, a cloudy winter day, EST is slightly increased with MPC and on this 

particular day, GPS achieves 13 kWh less SH demand in comparison to status quo while PSO only reduces it 

by 11 kWh. This also converts to a higher reduction of GB input by GPS than PSO.  

  

Figure 31. Temperatures of the representative days in Sonnenhaus without FC-CHP (status quo vs. MPC) using PSO 

and GPS optimizers 
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Figure 32. Heat demand and supply of the representative days in Sonnenhaus without FC-CHP (status quo vs. MPC) 

using PSO and GPS optimizers 

On the electrical side of the system, as seen in Figure 33, without FC-CHP, P2H is only possible when 

there is excess PV production. Also, the MPC can only influence the P2H and the temporal charging of the 

battery. Thus except for EP2H, the results vary very nominally between different building standards. With 

Sonnenhaus on the summer day, Day 2, GPS has an increased P2H while on Day 3 PSO has an increased P2H. 

On Day 4, the battery usage is slightly decreased by both optimizers due to the increase of direct PV usage. 

On Day 4, 5 and 6, there is no notable change on the electrical side irrespective of the use of MPC via PSO or 

GPS. Also, the P2H is zero since no excess PV power is available. The FSOC also shows that only during Days 

2-4, there is a temporal shift of battery charging.  
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Figure 33. Power demand and supply of the representative days in passive house without FC-CHP (status quo vs. 

MPC) using PSO and GPS optimizers 

On a yearly scale, as shown in Table 22, the SH demand reduces by 14.5% with both GPS and PSO. But 

GPS manages a 7% more solar thermal production and also a 3% lesser GB usage than PSO. In terms of P2H, 

PSO uses slightly more PV electricity as heat, thus also a decreased grid export using PSO. In terms of energy 

fraction, as seen in Figure 34, with the reduced SH demand, the gas boiler supply fraction though increases by 

4% with PSO and 3% with GPS in comparison to status quo. Moreover, GPS reports a 12% increase in a solar 

thermal fraction which is 4% more than PSO. Finally, due to increased power-to-heat usage, more so in PSO 

than GPS, the grid export is reduced which leads to an 8% increase in electricity self-consumption with PSO 

which eventually increases the self-consumption by 1.5%. It is also worth noting that the effectivity of the 

system reduces with MPC.  

With the KfW55 building, summer days have a better ST production, a bit more with PSO than with GPS. 

This comes at the effect of reduced P2H with PSO. On Day 6, a sunny winter day, GPS increases the SH 

demand by 2 kWh while PSO decreases it by 8 kWh in comparison to status quo. As a result, GPS could only 

manage to reduce the GB input from 51 kWh to 36 kWh but PSO reduces it to a mere 13.41 kWh and the 

building temperature of PSO is also better than that of GPS also on Day 6. On Day 1, quite the opposite 
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happens, with GPS reducing the SH demand from 50 kWh to 27 kWh while PSO only manages to reduce it to 

37 kWh, but on the GB input requirement, only 3 kWh difference between the two optimizers could be seen. 

Nevertheless, PSO manages to reduce GB requirement by 10 kWh from the status quo. On the electrical side 

of the system, there is no notable change in comparison to Sonnenhaus results except for the use of P2H during 

Days 2-4. Although even during Days 2-4, the same trend follows with GPS having a bit more P2H than PSO.  

On an annual scale, the reduction of ESH via MPC is 22% using PSO and an extra 2% with GPS. Also, in 

terms of ST production, GPS has a slight edge. Moreover, GPS manages to reduce the GB input by 41% and 

PSO to -35%. And as usual, the P2H is used more by GPS which results in lower grid export. In terms of energy 

fraction, GPS manages to perform better in all aspects with PSO improving the solar fraction by 12.6% and 

decreasing the GB requirement by 15%. On the other hand, 3% more GB reduction and 3% less ST fraction 

with GPS could be seen. As an effect of reduced grid export, a 7.5% increase in electricity self-consumption 

with GPS which is 1% more than PSO is seen. Thus, finally adding up to a 1.2% increase in decentral system 

self-consumption, but this comes at the cost of increased grid import which leads to a 1.45% reduction is 

decentral system supply fraction. When it is quite astonishing to see that GPS performs better in all aspects, it 

comes as a disappointment to see (as described in detail in Appendix VI.b) that the GPS has a bad objective 

function fitness value on the winter days, which in this case is seemingly due to the non-supply of the demands 

of DHW or a reduced building temperature on Day 6.  

Table 22. Essential yearly energy values in kWh/a in reference case and the yearly energy values in kWh/a with MPC 

via deviation corrected weighted clustering extrapolation 

 

Sonnenhaus w/o FC-CHP KfW55 house w/o FC-CHP 

𝐸𝑦𝑒𝑎𝑟,𝑟𝑒𝑓 

(kWh) 

𝐸6𝑑𝑎𝑦,𝑃𝑆𝑂   

(kWh) 

MPC 
 Gains (%) 

𝐸6𝑑𝑎𝑦,𝐺𝑃𝑆   

(kWh) 

MPC 
Gains (%) 

𝐸𝑦𝑒𝑎𝑟,𝑟𝑒𝑓 

(kWh) 
𝐸6𝑑𝑎𝑦,𝑃𝑆𝑂   

(kWh) 

MPC 
Gains (%) 

𝐸6𝑑𝑎𝑦,𝐺𝑃𝑆   

(kWh) 

MPC 
Gains (%) 

EDHW  4002 3932 -2% 3914 -2% 4001 3952 -1% 3852 -4% 

ESH  9386 8032 -14% 8003 -15% 5568 4342 -22% 4237 -24% 

EST  5675 6015 +6% 6489 +14% 5170 5528 +7% 5573 +8% 

EGB  9165 8660 -6% 8371 -9% 5934 3830 -35% 3495 -41% 

EP2H  176 538 +205% 511 +190% 142 401 +182% 464 +227% 

EPV  4202 4202 0% 4202 0% 4202 4202 0% 4202 0% 

Eload,el  4140 4140 0% 4140 0% 4140 4140 0% 4140 0% 

Egrid-exp  1108 821 -26% 842 -24% 1142 875 -23% 822 -28% 

EBatt,out 1312 1303 -1% 1304 -1% 1312 1312 -0% 1303 -1% 

EPV,direct 1277 1287 +1% 1287 +1% 1277 1280 +0% 1280 +0% 

Egrid-imp 1589 1587 -0% 1587 -0% 1589 1587 -0% 1596 +0% 

For the efficient passive house, with MPC, PSO increases the EST more on Day 2 better than GPS, with 

GPS increasing the P2H. On Day 4, GPS reduces the EST from 25 kWh in status quo to 15 kWh with a notable 

increase in EP2H while PSO withholds the same EST production. On Day 5 without SH demand, it is almost 

similar to Day 2 with a mere 2 kWh increase of EST by both optimizers. On Day 6, as seen in the previous 

buildings, GPS decreases the SH demand enormously from 26 kWh to 10 kWh while PSO withholds the same 

SH demand. Therefore, the GB input is reduced only by 2 kWh from 28 kWh to 26 kWh in the case of PSO 

while GPS could manage to bring it down to 1.5 kWh. The reason for this is that PSO starts with a slightly 

lower temperature during the day and ending with a better building temperature. Finally, on Day 1, both GPS 

and PSO could bring down the SH demand to zero but as in the previous instances, this is seemingly the 

aftereffect of the previous two sunny winter days and in terms of GB input there is still 16 kWh required (5 

kWh less than in status quo) by both optimizers. On the electrical side of the system, on all 6 days no significant 

changes except for the increased use of P2H which leads to a reduced grid export, more so with GPS than with 

PSO. Also, on Day 1 and Day 4, it is visible that GPS requires more grid import than its counterpart and 

reference case. On an annual scale, as seen in Table 23, understandably GPS reduces the space heating demand 

by a marvellous 91% which leads to a 40% reduction of the gas boiler energy supply. And with PSO, still, a 

commendable 75% reduction of ESH could be seen but though GB usage could only be reduced by 18%. Also, 

the grid export is reduced with GPS by 28% while PSO could reduce only by 18% as the P2H usage by PSO is 

less. But this comes at a compromise of a 2% reduced battery usage by GPS and thus requiring grid import for 
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this 2%. In terms of energy fraction, the ST supply fractions for GPS is still 5% more than PSO (+55% with 

respect to status quo). For gas boiler supply fraction, PSO requires +9% while GPS could manage with 2% less.  

Due to increase power-to-heat usage, more so in GPS than PSO, the grid export is reduced which leads to a 

7% increase in electricity self-consumption with GPS which is 3% more than PSO. Nevertheless, in total the 

thermal supply fraction of the decentral energy system is increased with respect to the status quo and also the 

self-consumption is uniformly increased by 2%. Moreover, as seen in the Sonnenhaus and KfW55 without FC-

CHP, on Day 6, the objective function fitness value with GPS optimizer seems to be including a penalty for the 

lesser building temperature than the setpoint. 

 

Figure 34. Comparison of thermal and electrical fraction of all four building standards without FC-CHP (status quo 

controller vs. MPC controller) using PSO and GPS optimizers 

Table 23. Essential yearly energy values in kWh/a in reference case and the yearly energy values in kWh/a with MPC 

via deviation corrected weighted clustering extrapolation 

 

Passive house w/o FC-CHP WSchVO95 house w/o FC-CHP 

𝐸𝑦𝑒𝑎𝑟,𝑟𝑒𝑓 

(kWh) 

𝐸6𝑑𝑎𝑦,𝑃𝑆𝑂   

(kWh) 

MPC 
 Gains (%) 

𝐸6𝑑𝑎𝑦,𝐺𝑃𝑆   

(kWh) 

MPC 
Gains (%) 

𝐸𝑦𝑒𝑎𝑟,𝑟𝑒𝑓 

(kWh) 
𝐸6𝑑𝑎𝑦,𝑃𝑆𝑂   

(kWh) 

MPC 
Gains (%) 

𝐸6𝑑𝑎𝑦,𝐺𝑃𝑆   

(kWh) 

MPC 
Gains (%) 

EDHW  4001 3985 -0% 3956 -1% 4003 4000 -0% 4002 -0% 

ESH  2777 685 -75% 246 -91% 19722 17677 -10% 17652 -10% 

EST  4873 5725 +17% 5366 +10% 6019 6716 +12% 6046 +0% 

EGB  3512 2856 -19% 2075 -41% 19077 15875 -17% 15827 -17% 

EP2H  132 314 +139% 449 +241% 206 768 +273% 953 +363% 

EPV  4202 4202 0% 4202 0% 4202 4202 0% 4202 0% 

Eload,el  4140 4140 0% 4140 0% 4140 4140 -0% 4140 -0% 

Egrid-exp  1152 941 -18% 829 -28% 1078 827 -23% 740 -31% 

EBatt,out 1312 1312 -0% 1278 -3% 1312 1252 -5% 1229 -6% 

EPV,direct 1277 1287 +1% 1283 +0% 1277 1284 +0% 1284 +0% 

Egrid-imp 1589 1579 -1% 1614 +2% 1589 1637 +3% 1659 +4% 
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Finally, with the WSchVO95, old energy standard building, it can be seen that without FC-CHP on Day 

2, PSO could manage to double the EST production with a slight increase in the EP2H conversion while GPS 

increases the EP2H even further but only acquires 10 kWh less EST production. And on Day 3, both PSO and GPS 

slightly increase the ST and P2H contribution equally. On Day 4, with 5 kWh SH demand, both PSO and GPS 

could only produce 20 kWh with ST while in status quo 28 kWh could be produced and the reason for this 

might be the better carryover energy from the previous day in the storage with the use of MPC, such that there 

is not enough space on the current day. But also using MPC, there is no GB input required with a slight increase 

in P2H conversion. With a slight decrease in SH demand from 50 kWh on Day 5, MPC could manage to 

increase the EST by 4 kWh and reduce the EGB enormously from 21 kWh to 2 kWh with PSO and to 4 kWh with 

GPS. On Day 6 and 1, ESH via MPC could be reduced from 137 kWh, 132 kWh to 121 kWh and 116 kWh 

respectively (by both optimizers). Thus, an equivalent amount of savings could be seen in the GB requirement 

with a little bit increase of EP2H on Day 6. But this comes at a controversial compromise of a reduced building 

temperature with early morning temperatures between 18.5°C and 19°C and during the latter part of the day 

going above 19°C.  On the electrical side of the system, on Days 2-5, no major difference could be seen except 

for a lesser grid import due to increased P2H. On Day 6, battery usage is also considerably reduced by the 

MPC in comparison to status quo because of the increased use of P2H, thus leading to more grid import to 

supply the electrical loads in the evening peak. Also, on Day 1 with GPS, battery use is reduced while with 

PSO no change to status quo could be seen.  

On a yearly scale, both PSO and GPS manages to reduce the SH by 10% but though with a slightly reduced 

building temperature and as a result, as seen in the previous outcomes, PSO manages a better ST contribution 

and an increased battery usage while GPS increases the P2H contribution. Thus the grid export is reduced by 

GPS a lot more than PSO which comes at a cost of increased grid import. In terms of energy fraction, PSO 

performs a bit better in increasing the solar fraction from 25% to 31% while GPS could increase only to 28%. 

In both cases, GB supply fraction could be reduced by 7%. Though on the electrical side GPS reports an 

increased electricity self-consumption, this clearly comes with an increased usage of P2H which also causes to 

reduce the battery usage and increases the grid import. And comparatively, for the WSchVO95 building, the 

advantages of using an MPC is limited with only 1% increase in decentral system self-consumption which 

clearly indicates that the playroom for such an old building without FC-CHP is very limited and advanced 

control could only reduce the primary energy consumption with a small compromise on the comfort 

temperature. 

6.4 Emission Savings 

Finally, using the results obtained in Section 6.2 and 6.3, the CO2-Equivalent emissions of the building 

consumption for all the four buildings with and without FC-CHP is calculated. The calculations are done with 

the use of the German electricity mix from 2020 from [123] and the energy system as per 2017 along with 

supply chain from [124]. The values are listed in Figure 35. As seen in Figure 35 on the top left, when the 

system includes a FC-CHP, already by using renewable energy system (RES), the emissions can be reduced 

by 39-55% already with classical controllers in comparison to a simple traditional gas boiler and electrical grid 

system. With the use of MPC an additional 11-44% emission could be saved, more in new buildings than the 

old, in terms of percentage. But quantitatively, WSchVO95, Sonnenhaus and passive house do have ca. 0.55 

tonnes of emissions saved by MPC implementation while KfW55 alone has the maximum savings of 0.91 

tonnes. On the other hand, as seen Figure 35 on the top right, when the FC-CHP is removed from the system, 

ca. 4% more emissions are caused with RES and classical controllers in all buildings compared to the 

traditional system. However, relatively, when MPC is integrated, for WSchVO95, the savings of 0.72 tonnes 

are the highest in comparison to the newer buildings. The savings are the lowest for the Sonnenhaus and 

passive house with just ca. 0.1 tonnes saved. The reason could be that the simple energy system, perfectly sized 

or having a very efficient house, could lead to less playroom for the intelligent controllers contribution. 

Nevertheless, for KfW55 building, still 0.5 tonnes could be saved.  
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Figure 35. Emissions save via implementation of the renewable energy system (RES) with classical controllers and 

with MPC in comparison to simple fossil fuel system  

6.5 Optimization time  

Another important criterion to help the selection of best performing optimizer is the optimization time 

required by the different buildings, algorithms and seasons. The optimizer tries to get to an optimized solution 

with a maximum of 48 hours of optimization time (with Intel i7-4790 CPU @ 3.6GHz computer). It also stops 

if it converges to a solution which leads to a lesser tolerance to the objective function fitness value than that 

specified as a stop criterion.  

 
Figure 36. 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 

As shown in Figure 36, it could be clearly seen that the winter days take a lot of time in comparison to the 

summer days and transition season representative days. In the left, when the optimization is for a system with 

FC-CHP, it is visible that there is a clear distinguishment between PSO and GPS with PSO being faster. As on 

the right, the difference though without FC-CHP, between the two optimizers are quite negligible. With both 

summer days and autumn days almost always ending the optimization before 6 hours. Nevertheless, PSO on 

an average with FC-CHP still takes 8 hours during summer; 12 hours during autumn; and 42 hours in winter 

days, which clearly is too much for a 24-hour-horizon system optimization. Thus, clearly indicating that the 
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winter days are of a bigger problem with such a whitebox-TRNSYS MPC models. It could be safely implied 

that during winter, the detailed building model creates a convergence issue where with active control of the 

building space heating input and of the gas boiler control, making the optimization slower. This could be 

confirmed by Figure 37 showing the average simulation time taken for the optimizer to execute on TRNSYS 

24-hour simulation (with 48h pre-simulation). It could be clearly seen that during winter at least 10 seconds 

more than the summer is required with FC-CHP and without FC-CHP at least 20 seconds more. In addition, 

it is interesting to see that including the FC-CHP also increases the simulation time. Also, possibly, due to FC-

CHP and thereby an increased P2H trend with GPS, it is also visible that GPS takes more time for one 

simulation with FC-CHP. On contrary, without FC-CHP, the difference between PSO and GPS is almost 

negligible. 

 

Figure 37. Average simulation time taken by the whitebox TRNSYS model to execute one optimizer call for all four 

building standards with and without FC-CHP using PSO and GPS optimizers 

7 Discussion 
With the FC-CHP, the opportunity to self-supply the electrical loads are at one’s disposal. With the 

implementation of MPC, this is further optimized by reducing the FC-CHP production to the minimum 

possible 500 W, which leads the way to a better use of the battery. Thus, with all four buildings not only ca. 

10% more electricity demand is supplied with the battery but also the direct use of PV is enhanced. But the 

reduction of FC-CHP to a bare minimum holds true only with PSO for the new building, while for the older 

WSchVO95 building the FC-CHP electricity production helps in keeping the gas boiler energy supply on the 

check. Due to the -14% reduced production of FC-CHP, 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.  

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 for the Sonnenhaus 

with both optimizers could be reduced by 15% while for WSchVO95 building (with not much flexibility due 

to an enormous heating demand) only 2% could be reduced. With KfW55 and passive house, things get a bit 

complicated with PSO achieving ca. -30% in both the buildings and GPS achieving -16% for KfW55 and -77% 

for passive house.  

 On the thermal energy supply, with MPC, solar thermal supply fraction is vastly increased with ca. 10% 

more in the new buildings (Sonnenhaus, passive house, KfW55). The KfW55 building results in +19% ST 

supply fraction with PSO and passive house reporting +24% with GPS, due to a heavily reduced SH demand 

with only PSO and GPS in both cases respectively. But on the other hand, with the WSchVO95 old building, 

only a mere 2% increase could be achieved. Except for the passive house, where GPS reports a 24% increase in 

solar thermal fraction, partly due to enormously reduced SH demand, PSO always has a better solar thermal 

supply fraction. The reason for the lesser improvement of the solar fraction with GPS could be zeroed on the 

higher use of the power-to-heat by GPS which leads to a lesser storage availability for solar thermal. With GPS, 

the power-to-heat supply fraction could be reduced ca. 30-45% with the new buildings and as already 
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mentioned earlier in the old building, the power-to-heat does, in fact, reduce the use of gas boiler with its 

constant low power input in the storage node which enhances the direct use of the thermal energy that is fed 

in. Thus, the higher use of power-to-heat leads to increased production of electricity via FC-CHP and 

conversion of the same into thermal energy, indicating a better use of FC-CHP with the older building. And 

with GPS, even with KfW55 and passive house, the FC-CHP had to produce more electricity via FC-CHP 

during the winter because more PV was subject to be used as power-to-heat. Thus, during the day and the 

evening electricity demand peak was subject to be supplied by FC-CHP electricity. 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%). While the PSO reduces the 

P2H more than GPS, it obviously had to increase the gas boiler production more. For the sonnenhaus +18% is 

required, passive house +13% and for WSchVO +5%. For the KfW55 due to the reduced SH demand via PSO, 

PSO manages to not require more supply from gas boiler. On the whole, the decentral system self-

consumption fraction could be increased by 8-12% with all the buildings and optimizers when using FC-CHP.  

Without the FC-CHP, theoretically, the SH demand reduction should still be the same and this proves to 

be true only with the Sonnenhaus where on both cases 15% reduction of the SH demand could be seen. Barring 

Sonnenhaus, all other buildings report an increased saving of the SH demand. The KfW55 reduces the SH 

demand by 22% while passive house could reduce it by 75% with PSO and by 90% with GPS. All these 

buildings could achieve these by just reducing the building temperature to up to 19.5°C. On the other hand, 

though a 10% decrease in SH demand could be achieved 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 electrical side of the system, without FC-CHP, except for the fact of increased PV production being 

used as power-to-heat, not many changes could be seen. With the increased use of PV power as heat, the grid 

export could be reduced by ca. 25%. But in terms of battery usage or of reducing grid import, not many changes 

could be noticed. 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. On the other hand, for WSchVO95, due to the fondness of power-to-heat, the battery use is 

reduced by 5% and the grid import increased therefore by 4%. With MPC, on the thermal supply side, similar 

solar thermal fraction gains can be seen as with FC-CHP, but confusingly the gains are better with GPS than 

with PSO. The main reason for this is sadly through more reduction of the SH demand, which leads to higher 

objective function fitness value, indicating a non-global (local) minima with GPS where the building 

temperature is a bit lower than that achieved via PSO. The same is seen in terms of gas boiler usage where 

with all buildings, gas boiler, the sole auxiliary thermal energy input, could be reduced, by 6% for Sonnenhaus; 

-35% for KfW55; ca. -18% with passive house and WSchVO95. Nevertheless, this reduction of GB input energy 

could not be assigned to better use of solar energy. This could be due to the fact that the SH demand was also 

reduced. And it could be noted that the heat losses increase along with the increased solar thermal 

contribution. On the whole, without FC-CHP, using the current configuration only 2% increase in the total 

decentral system self-consumption is witnessed.  

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 in this research analysis, there is 

no notable improvement of the electrical side, without the FC-CHP, except for the power-to-heat.  

Evaluating the performance of MPC with FC-CHP, for WSchVO95, the active management of space 

heating with MPC brings only 2% reduction, which totally could be removed from the MPC’s control, which 

might speed up the optimization. An enormous potential could be seen in KfW55 building where not only the 

energy fraction is improved but also primary energy requirements are brought down. Even though passive 

house tends to already be the most efficient without MPC, the MPC could still improve the system.  

As a novelty from the usual economic MPC approach (as seen in [26],[33],[38] and [39] to name a few), 

this research approaches the control optimization from the renewable energy utilization point of view via a 

supervisory MPC and as shown in the results, the outcomes are quite promising. [41] had a similar system 

with PV and ST and a decentral sector coupling for a heating system but they only evaluated for 48 hours and 



Investigation of Model Predictive Controllers for Maximum Renewable Energy Utilization in Single-Family Houses 

70 
 

focused on the hardware implementation and autonomy of the system thus a direct comparison is not possible. 

[46] with a hypothetical 10 m2 building at 90 kWh/m2a space heating demand in Turin, Italy and reported a 

19% reduction in energy demand in a solar thermal system with latent heat storage for the analysed one 

particular week. Here in this thesis, as a result of soft constraint control (0.5°C setpoint tolerance) a 16% 

reduction is visible with Sonnenhaus (similar building). For a solar combisystem in a single-family house, the 

MPC developed by [27] could only result in a 2 to 4% increase in solar fraction and later to 5% in [28]. A 7% 

increase in the solar thermal fraction is reported by [42] where the solar thermal was investigated along with 

a wood boiler using an MPC. In this paper, KfW55 is a similar building and ca. 15% increase in solar fraction 

could be reached for the designed energy system in comparison to the reference case. With most of the 

previous results only managing to do an analysis for a certain period of time and not on an annual scale, 

during the course of this thesis, an annual extrapolation methodology using clustering technique with 

representative days adapted from [79] is developed. Zemann et al. [42], also quite achieved something similar 

with representative days with Passau, Germany weather for a solar thermal and wood boiler hybrid system 

in a three-family house. But one difference is that they never weighted extrapolated their research and ended 

up comparing the MPC outcomes of the 5 days directly to the 5 days sum of the reference case. Still, they only 

achieved 1% increase in solar thermal fraction with reduced buffer storage losses. On the electrical side, a 

PV+Battery system reported by [47] could achieve 3.8% more renewable energy utilization via MPC; in [35], 

3.5% increase in PV self-consumption for a PV+HP system is achieved; while this thesis achieves a similar 3.5% 

more decentral electrical system utilization with a 14% increase in PV utilization with FC-CHP and without 

FC-CHP, the PV utilization falls to ca. 7% increase on an average and the decentral system self-utilization to a 

mere +2%.  

Natural gas-powered high-temperature SOFC-CHP is a somewhat complicated system component in this 

energy 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 the DC side of the 

system and eventually terminating the possibility to charge the batteries in the DC side. Thus, there is more 

grid export because of the constrained control flexibility. But for a future case, a total shut down of the FC-

CHP in summer could be evaluated. SOFC-CHP is quite a hiccup in this 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. Moreover, in comparison to results without FC-CHP, an increased self-supply of 

the electrical load demands could be eventuated with FC-CHP. The FC-CHP though brings the possibility to 

autonomize the electrical use, the SOFC-CHP does make it complicated with its sluggish control which leads 

to a poor and difficult self-consumption. A PEM-FC-CHP could be an attractive alternative via higher control 

flexibility due to its lower operating temperature and an added advantage as PEM-FC-CHP uses hydrogen, 

which could be produced in summer with excess renewable electricity.  

Though until now (to name a few) [31], [32], [38], [71], and [72] 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. However, when it comes to choosing the best performing 

optimization algorithm, it is not easy. PSO, on one hand, increases the solar thermal fraction better with 

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 function 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 minima as seen in the summer days 

with FC-CHP due to higher P2H 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.  

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 
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the objective function had to be analyzed. As the results show, the detailing of the objective function really 

does help in the winter days (Day 1 and Day 6) and also improvements are visible in the autumn days. 

Especially from the space heating demand, where more energy could be saved and more solar thermal fraction 

with the use of complex objective function could be achieved. All these are achieved even when withholding 

the autonomy of the decentral energy system. 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. 

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. But from the perspective of universally implementing such complex 

objective functions, it is quite tricky with different consumer behaviour, different energy system 

configurations and different building types. As seen in this thesis, 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 large change in the objective function definition and only older building standard 

needing special attention with an increased penalty value and change of weightage for certain factors. A 

typical selection tree with a user interface questionnaire to get the combinations right at the first 

commissioning could be a great idea for universalization of MPC. The solution could also be to include a user 

interface in which at the implementation of the MPC, the objective function can be user or installer customized 

where a provision to custom define the objective function can be indulged. For example, if there is a heat pump 

in place of a power-to-heat conversion, the efficiency of importing electricity from the grid and using this 

electricity for the heat pump as auxiliary heat input would be more efficient than the gas boiler. Moreover, 

with the energy certificate provided for the building, the data of the building heating could be acquired with 

which the objective function can be configured. So, in simple words, a questionnaire at the installation of the 

MPC can be carried out by the installer and the user to customize the MPC where a programmed switch case 

to choose the different objective function element and a customized penalty value or bonus factor can be made 

possible. For the electrical load demands and hot water load demands, AI-based monitoring of the user 

behaviour for a certain period of time is necessary so as to have a better load forecast and thereby a compatible 

MPC optimization.  

With regards to the whitebox MPC, in this research, the outcomes from [31] could be reconfirmed. 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, 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 analyse the potential of parallel computing with more parallel runs of 

TRNSYS model to make the optimization process faster. Though as stated by [37] 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.  

It is certainly interesting to see the outcomes of the MPC on the extreme boundary conditions, to evaluate 

the potential of the MPC in comparison to status quo controllers, and validate the results acquired from the 

representative days. Yet as seen in the day wise analysis, the extreme boundary conditions could not be 

analyzed by the clustering methodology. But the compromise of not selecting the extreme conditions via 

clustering technique had to be made to evaluate and compare the MPC implementation for the system on a 

yearly scale. Also, it is to be mentioned that the annual extrapolation is just an estimation and as seen in KfW55 
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building results with FC-CHP, there could be a level of inaccuracy constituted and this could not be 

ascertained to a percentage in this study.  

Despite the commendable results obtained, one has to keep in mind that the weather forecast here in this 

study is assumed to be 100% accurate which in reality is not the case, and also that the energy demand profile 

(DHW and electricity) is also assumed to be 100% accurate. But as seen in the previous literature, the use of 

energy storage, in the thermal side with an auxiliary volume in the thermal storage, the effects of the 

production-demand forecast mismatch can be less of a problem and on the electrical side, the availability of 

electrical grid, in this case, reduces the risk of supply unavailability which holds up being critical in a 

standalone system. Another limitation is not considering the economic aspect of the system optimization as it 

is already investigated in the previous literatures with an economic objective function. But to ascertain the 

outcomes with an economic objective function or how to integrate economic and energy-based objective 

function, a conventional economic objective function of this system must be executed and compared. Also, 

from the results, it can be seen that the MPC only looks to find a better objective function fitness value in the 

given maximum objective function, and this may not be optimum and in the worst case, also a non-convergent 

non-viable worse than the status-quo outcome, during which status quo control should spring in as the backup 

solution. 

It is also important to understand that, even though the chosen four building standards are meant to 

cover the whole spectrum, the outcomes of MPC implementation might vary with various factors. This is 

because the same size for energy system, the same energy system configuration a certain weather, a certain 

consumption profile and certain building envelope is chosen here, so as to have a meaningful comparison. But 

in reality the volume, floor area and window ratio might vary with different buildings and it is also to be noted 

that for an energy system with just PV and battery or with a different energy system component such as heat 

pump, the quantitative savings or renewable use via MPC could be different. In this thesis, the focus lies on 

developing a universally compatible MPC and the chose four case study building standards are only a method 

to investigate the outcomes. However, it could be ascertained that the MPC implementation gains are higher 

in newer buildings than the older buildings as seen in Figure 38 on the right. But in terms of CO2 savings and 

energy efficiency, the quantity is almost similar when the system includes FC-CHP. FC-CHP brings in more 

advantages for the older buildings. It is also seen, the emissions savings are much higher with MPC when the 

system is more complex with sector coupling (components like fuel cell). Without FC-CHP, as seen, the 

potential of MPC reduces for newer buildings, while older buildings, the CO2 savings in fact increases. It can 

be seen that the very efficient passive house or perfectly designed simple renewable energy system have their 

limitations in how advantageous it could be, to implement the MPC, especially without FC-CHP. 

Nevertheless, due to the architecture of the MPC, the deviations in consumption profile or weather could 

possibly not affect the performance of the MPC. It is worth noting, that space heating reduction via soft 

constraint plays an important role in flexibility of the system which contributes to better use of renewables. 

As shown in Figure 38 on the left, as the building gets more efficient, the possibility to reduce more SH 

consumption is visible.  

 

Figure 38. Space heating reduction (on the left) and emissions savings (on the right) achieved via the use of MPC in 

accordance to building efficiency.  
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The results obtained from this thesis could be further extended in the following directions: 

 Different energy system: PEM-FC-CHP instead of SOFC-CHP with renewable hydrogen production; PV 

or/and grid import operated heat pump instead of auxiliary energy production by gas boiler and sector 

coupling by electrical heating elements.  

 District level sector-coupled optimization: The same multi-generation optimization with a focus on 

renewable energy contribution on a district level with decentral prosumers and central power plants with 

electricity and thermal sector coupling. 

 Prediction accuracy: Extending the analysis with consumption (electrical and domestic hot water) and 

disturbances prediction (occupancy, weather - irradiation, and ambient temperature). 

 Economical MPC: Along with the renewable fraction and self-consumption in the mathematical definition 

of the objective function, also an economic optimization quotient could be included so as to also utilize 

the potential of time of use pricing or the CO2 pricing or renewable electricity feed-in pricing, on which 

enormous research is already carried out. 

 Greybox model MPC: To decide if for this particular system-level MPC, a less accurate but faster MPC 

with greybox MPC would be good enough. A greybox MPC for the same system characteristics could be 

created to evaluate the computation time and model accuracy and be compared with the whitebox MPC. 

 MPC real-time implementation: The next step of research is the application of the developed MPC 

framework directly as whitebox MPC or as a greybox MPC with Python or IoT or cloud-based MPC in a 

real system. 

 Demand-side management: The electrical loads in this study is a standard profile that could be developed 

to movable and immovable electrical loads where movable loads such as washing machine, dishwasher 

or an electric vehicle, etc. could be scheduled when renewable energy production is present. Also 

evaluating demand-side management on the thermal side with the use of a thermally activated building 

system could be evaluated. 

 Different consumption profiles: A sensitivity analysis of the MPC applied to multi-family houses or to 

buildings with different consumer types (single-person or two-person household, different family 

consumption profiles, non-residential applications, etc.) could be carried out. 

8 Conclusion 
In this thesis, the author focused on developing a model predictive controller for a decentral sector 

coupled (thermal-electrical) renewable energy system for residential single-family houses. The novelty lies in 

developing an MPC framework for a combined performance of the energy components and the energy 

demand as a system and not focusing on single components. Primarily, four different building standards for 

single-family houses were chosen, such that different building standards are investigated. The selected 

building standards are Sonnenhaus (high renewable fraction house with 61 kWh/m2a heating demand), KfW55 

(modern building with 31 kWh/m2a heating demand), Passive house (low primary energy house with 16 

kWh/m2a heating demand), and WSchVO95 (old building characteristics with 111 kWh/m2a heating demand). 

The chosen buildings were simulated in TRNSYS as whitebox MPC model. Along with that, also a renewable 

energy system consisting of solar thermal collectors, PV, fuel cell CHP, gas boiler, thermal and electrical 

storage were also integrated in TRNSYS and simulated together as a time-varying deterministic discrete-time 

model. This whitebox model is then as status quo simulated with simple SISO controllers with component 

level PID and On-Off control. Furthermore, a simple predictive controller for gas boiler using the 

characteristics of thermal storage with stratified lance and use of power-to-heat was developed in this thesis.  

Subsequently, due to its detail of accuracy, it was decided to use this developed whitebox model for the 

MPC, to investigate the outcomes of MPC implementation in the selected system in detail. Real-time 

implementation of the whitebox MPC is not considered here. So, with the model, an overall system-based 

MPC framework is developed with the consideration of the boundary conditions for such Building-HVAC 

nonlinear deterministic discrete-time problem. Also, historical weather data with 100% accuracy from load 

and weather prediction is assumed. Consequently, with MATLAB, the optimizer is designed 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. With the adapted six-day annual evaluation of the MPC, the 

three algorithms are investigated. It is evident from the study that the objective function is the brain of the 
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MPC and does require complex mathematical definition which is time-consuming. But on the brighter side, 

the definition of objective function does not vary with the different type of building standards, except in the 

case of WSchVO95 where a small change in the penalty value was required. Irrespective of the art of the 

intelligent controller - MPC, ANN, or deep learning, the objective function investigation carried out in this 

study will be applicable. And with respect to the optimizer algorithm, it is indicative that PSO and GPS 

function better than GA. Though GPS does perform smooth control of the gas boiler it still is critical at some 

cases with solutions that are not global minima. On the other hand, PSO with a more detailed objective 

function could overcome its disadvantage of randomness and hysteresis in its gas boiler control and function 

slightly better in all four building standards with increased reliability by reducing the power-to-heat supply 

and eventuating increased solar thermal production. 

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. Without FC-

CHP, the MPC for WSchVO95 building decides to let the building temperature fall a bit outside the comfort 

zone, leading to -10% SH demand reduction. On the energy supply, 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) which is to an extent 

okay while the gas to electricity to heat production via FC-CHP is avoided to use gas directly in the gas boiler 

to produce heat. It is also worth noting that the use of gas boiler instead of FC-CHP increases the system losses 

even though the production efficiency is high. On the electrical side of the system, due to the -14% reduced 

production of FC-CHP, PV supply could be increased by 14% 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 decentral system 

self-consumption fraction could be increased by 8-12% with all the buildings and optimizers with FC-CHP.  

When the FC-CHP was removed from the system, the MPC could focus on: reducing the gas boiler supply 

(by -6% for Sonnenhaus; -35% for KfW55; ca. -18% with passive house and WSchVO95); 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 or of reducing the 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. SOFC-CHP though increases the decentral electricity production and reduces the autonomy, it 

still is a bit problematic with its direct AC coupling and limited control flexibility. Thereby SOFC-CHP also 

abases the potential of the MPC, thus making PEM-FC-CHP a more interesting option to be considered for 

increasing the decentral electricity production.  

Higher the energy efficiency and the more complex the energy system (such as FC-CHP) with sector-

coupling is, the potential of 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 the production and demand. The MPC savings on emissions on 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 percentage of emissions saved via MPC. On older 

buildings, even though percentagewise, the savings are small, quantitatively, 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 

different energy system, component size, consumption profile and weather, the objective function has to be 

respectively modified with respective prediction of weather (renewable energy availability) and energy 

consumption 

Overall, the use of MPC brings a remarkable improvement for the newer building standards, especially 

on the demand side where the space heating soft constraint could strive to improve the renewable energy 
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supply. 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.  

At the start of the research, the aim of this work was to investigate the possibility of a system-level MPC 

and how universally compatible is it with different single-family houses and to evaluate the MPC framework 

with whitebox MPC. It is also worth mentioning that this study contemplated a new approach to the objective 

function by focusing on developing an objective function to increase the renewable energy fraction and self-

utilization of the decentral production. From the results, it is conclusive that the detailed definition of the 

objective function is though time-consuming and personnel with in-depth knowledge is required, the detailing 

of objective function improves the outcome of the MPC by increasing the intelligence of the optimization. 

Anyhow, in this research, no establishment of the developed energy-based objective function performing 

better than the economic objective function is affirmed. In fact, this could be a future topic, to compare and 

develop a combined objective function, addressing the economic and energy-based goals.  

It is also evident that the whitebox MPC still does take a high computation time and the computation gets 

complex and time-consuming especially during the winter days with space heating as soft constraint leading 

up to 48 hours of optimization time (with Intel i7-4790 CPU @ 3.6GHz computer) for a 24-hour control horizon. 

Thus, making it incompatible in the current configuration for direct implementation in a real system even with 

the development of computers in recent time, thereby confirming the earlier research outcomes. May be 

parallel computation of the solver using duplicated TRNSYS models could speed up the process. Also, 

commercially available optimization software could be a possibility to speed up the optimization.  

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 does not 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. Besides, it is to be borne that throughout this study 100% accuracy of weather and load (DHW 

& electricity) forecast is assumed. But in the real case, an AI-based identification of the user behaviour for load 

forecast and acquirement of weather forecast from weather providers is to be taken into account.  

Regarding universalization, it could be determined that for the new buildings with almost no change in 

the MPC, the same MPC could be implemented without a problem for the same energy system configuration. 

And for the old buildings, the inferences indicate that a change in the weightage factor and penalty values are 

necessary. 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 programmed switch-case.  
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Appendix 

I. System Simulation 

a. Storage Tank Simulation 
In regular thermal storage, the mixing of water always exists due to the convection and the disturbances 

or turbulences caused between thermal nodes due to the charging or discharging of the storage. The recent 

advances in sensible heat storage have led to the development of stratifiers or lances with which an efficient 

stratification in the storage is made possible. The thermal stratifiers are connected to the inlet or the outlet of 

the sensible thermal storage with which the charging efficiency of the storage is increased by feeding the inlet 

water into the specific thermal node, where the temperature is the same as inlet water, by stratification. 

Stratification is a natural process where the thermal storage is segregated into separate thermal zones or 

volumes or nodes according to the temperature of the medium (using the inverse proportional properties of 

the temperature and density), thus having the hot water on the top and cold water on the bottom, see details 

in [125]. SolvisMax [126] from Solvis GmbH was one of the first in the market where they introduced a PVC 

pipe with flaps at the end, as shown in Figure 39 on the left; On the right are the lances developed by Sailer 

GmbH from Hybrid Quattro storage tanks [127] where several angled hollow plate-like elements are placed 

together to facilitate the stratification of the inlet.  

 

Figure 39. Stratification lances from Solvis GmbH (on the left) [126] and Sailer GmbH (on the right) where the middle 

lance is used for solar energy i.e. natural convection input [127]. 

With such stratification elements, the opportunity to improve the efficiency of the storage is enhanced. A 

detailed investigation of the commercial Sailer and Solvis stratification devices can be seen in [128]. Dragsted 

et al. [129] showed that by using an inlet stratification device in a solar domestic hot water storage, up to 10% 

more thermal performance is gained. For this study, the stratified storage Hybrid Quattro from Sailer GmbH 

[127] is taken. The performance parameters obtained from the solar combistore performance test analysis done 

by Stuttgart University, according to EN 12977-4 [130], is used to simulate the stratified storage tank. The Sailer 

Hybrid Quattro tank was simulated using the Type 340 model in TRNSYS created by Drück [131] as shown in 

Figure 40 on the right. The stratified storage consists of a heat exchanger lance combo for the solar thermal 

collector where the glycol water mixture from the solar collector transfers the heat inside the heat exchanger 

unit, and the heated water inside the storage, by natural convection, moves to its respective temperature node. 

In the middle of the storage, there are two other stratifiers: one directed to the top, for the charging of the 

return from the gas boiler and the other, directed to the bottom, for the return flow of the space heating. A 

stratifier lance for the return of the DHW is also situated at the bottom.  
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Figure 40. Sectional view of the Hybrid Quattro tank with the stratification lances [127] on the left and schematic of 

the multiport store model from TRNSYS type 340 component model [131] 

In most of the combistores, there is an auxiliary boiler and is also connected to radiators or floor heaters 

for space heating (SH). The principle of the SH operation is that it takes out warm water from the middle of 

the storage i.e. from the top of a lance and returns back to the bottom of the same lance which inserts the water 

in the relevant temperature. Vice versa, for the auxiliary boiler, in this project a gas boiler, the warm water is 

taken from the middle of the tank i.e. from the bottom of another lance and is heated. The hot water from the 

gas boiler is fed back to the tank via the top of the same lance so that the hot water reaches the layer with 

relevant temperature. One more advantage of this configuration is that during the winter days, without using 

the tank as a buffer, the gas boiler can directly power the space heating radiators. One necessary equipment 

for this setup is a two-way pump which is missing in the TRNSYS library. Most importantly, type 340 is 

modelled or coded in such a way that always the input and output of each lance are two different ports, and 

only with the direction of the lance, the component model defines if it is charging energy or discharging. Also, 

it is designed that the mass flow in between these input and output ports is constant and hence if one of the 

ports is not connected, it gives an error. Therefore, it is practically possible to use a stratification lance with 

just one port but mathematically, neither in TRNSYS for type 340 nor in any other platform is possible. 

Therefore, this configuration setup had to be varied in simulation which differs from reality, but the working 

principle is still the same. The real operation is that the freshwater station takes hot water from the top of the 

storage, via a direct port and exchanges the heat to the fresh cold water and the return warm water is fed to 

the lances which in turn delivers to the respective layer in the tank. Instead of this setup in the tank, the inlet 

and outlet to the freshwater station are connected to the single lance.  

b. Gas boiler control 
In the conventional case, as shown in Table 24, the gas boiler is connected with a regular on-off controller, 

which has the storage temperature sensor at 0.65 relative height (H '). In this control methodology, the whole 

auxiliary volume (Vaux), as shown in Figure 41 on the left, is heated up to the DHW delivery temperature, and 

only three temperature sensors are required inside the storage, two of them for the solar thermal and just one 

for the gas boiler. This is the easiest solution but incurs more losses, as the auxiliary volume set temperature 

(Taux,set) has to be always at 60°C. Moreover, in this case, for the storage, it does not make a difference if there 

is a radiator, which uses 60°C feed-in temperature, or a floor heating with a 40°C feed-in temperature 
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requirement. The control here is straight forward, if the temperature at 0.65 H' is 3 K less than the DHW feed-

in then the gas boiler is turned on and runs until the sensor reads 3 K higher than the setpoint.  

Table 24 Parameters of the auxiliary energy system controllers 

 Conventional Status Quo Predictive Controller 

Gas boiler 
Maximum power - 7 kW; Minimum turn down ratio – 0.10; 

Mass flow rate - 200 kg/hr; Boiler efficiency - 0.85; Combustion efficiency - 0.9; 
Storage outlet - 0.41 H’; Storage inlet via lance - 0.85 H’ to 0.41 H’ 

Taux,set 60°C 60°C / 40°C TDHW,in / TSH,in 

TGB,out set 65°C 65°C TDHW,in + 3 / TSH,in + 3 

TGB on 57°C 57°C / 37°C Taux,set -3 

TGB off 63°C 63°C / 43°C Taux,set +3 

Taux,check Ttank,65 
Taux,DHW = Ttank,50; 
Taux,SH = Ttank,65; 

 

Taux,DHW = or Ttank,80 
or Ttank,72 or Ttank,65 ; 

Taux,SH = Ttank,57 or Ttank,50 

Vaux 1000 liters 
VDHW = 700 liters; 

VSH = 300 liters 

VDHW = 200 liters or 400 liters 
or 560 liters or 700 liters 

VSH = 140 liters or 300 liters 

Others   

Weather Forecast Horizon (h) = 6 hours 
Control horizon (n) = 6 hours 

DHW Demand Forecast Horizon (i) = 4 hours 
SH Demand Forecast Horizon (j) = 2 hours 
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Figure 41. 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 

As shown in Figure 41 in the middle, the auxiliary volume, as presented by Haller [132], could be divided 

into a red zone and an orange zone. The orange zone for the space heating auxiliary volume and the red zone 

for the DHW. The red zone is usually greater for a building with floor heating and a bathtub. It makes more 

sense to have two zones only if floor heating is used as there is a notable temperature difference between the 

SH and DHW demand. In this case, the control would need four temperature sensors and the gas boiler would 

be switched on with the respective auxiliary zone setpoint temperature, as the gas boiler setpoint temperature, 

if one of them does not satisfy the boundary condition. The volume of the auxiliary zone is fixed and meets 

with the maximum load condition. Moreover, it is maintained all through the year, since the demand data are 

not known for the current period nor for the particular building, or the particular consumer. With predictive 

controllers, by knowing the future consumption for space heating and domestic hot water through previous 

data set and forecasting, a possibility to manage the storage effectively is available. For more optimum control, 
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there are more temperature sensors needed, as shown in Figure 41 on the right side. Depending on the 

required volume for DHW, the yellow zone can be assigned to high temperature, high loss red zone, or 

assigned to low temperature, low loss orange zone, and the orange zone can also be reduced according to the 

demand for the space heating. The SH feed-in setpoint for the floor heating varies according to the ambient 

temperature, and this is mirrored for the setpoint in the orange zone, as shown in Figure 41. 

 

Figure 42. Space heating inlet temperature setpoint for a floor heating with respect to ambient temperature 

With the solar irradiation forecast and the ambient temperature forecast, first, the space heating load has 

to be calculated. This evaluation can be a simple mathematical, physical equation model as used by [30] or a 

blackbox state-space model as used by [28]. But here a whitebox simulation model is used. 
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Figure 43. Required inputs and outputs of the predictive controller for the auxiliary energy system 

Thus firstly, with the disturbances forecast, the future solar thermal production and what would be the 

incurring auxiliary energy input in the status quo controller is evaluated. With this data, as shown in Figure 

43, it is decided if the room temperature setpoint (TBUI,set) could be reduced. If there is enough solar thermal 

production (QST) and passive solar irradiation gains to reduce the space heating demand (QSH), and eventually 

reduce the auxiliary energy demand (Qaux), then TBUI,set is reduced by 2 K. With the ambient temperature 

forecast and the TBUI,set forecast, the space heating inlet setpoint (TSH,in) and the required volume for the space 

heating (VSH) is calculated. Then with the DHW forecast, the required auxiliary volume for the DHW (VDHW) 

is calculated, and as for TDHW,in, a constant value of 58°C is taken. With these values as input, the auxiliary 

controller checks the current storage temperature at the respective auxiliary volume's temperature sensor and 

calculates if the auxiliary production has to be switched on (Ctrlaux) and what the auxiliary setpoint 

temperature (Taux,set) should be. This solution could manage the storage space effectively, especially in the 

(°C) 

(°
C

) 
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morning hours of the transition seasons (spring and autumn) when it is cold and space heating demand is 

required, and at the same time, there is enough solar irradiation forecasted in the upcoming hours. 

The detailed flow chart shows in Figure 44 the process of the predictive controller. For a forecast horizon 

h from current time k to k+h, the solar irradiation, ambient temperature, and DHW load forecast are acquired. 

With this on a status quo TRNSYS model, the outcome of the system is evaluated for the control horizon, n. If 

the solar thermal can produce more than the auxiliary production in the next n hours, then the room setpoint 

temperature (TBUI,set,k→k+h) is reduced by 2K, thus indicating to incur a reduction of the SH demand, which 

eventually helps in reducing the auxiliary energy production and the buffer storage SH auxiliary zone. With 

the new TBUI,set,k→k+h the system model is evaluated once more, to find the exact auxiliary volume in the DHW 

zone (VDHW,k→k+i) in i hours and SH zone (VSH,k→k+j) in the next j hours. Using the calculated VDHW, VSH, and the 

maximum temperature required in the next respective i and j hours are also acquired. With these values and 

having a 200 L minimum or 400 L or 560 L or maximum 700 L for DHW, the VDHW for the storage at current 

time k for the next i hours is decided. Similarly, for SH, VSH at k is set as 160 L or 320 L. A different demand 

forecast horizon (i and j) is chosen because of the different auxiliary zone values and since demand forecast 

can be more accurate for the DHW if the horizon is larger and for the SH zone, preferably shorter. Once the 

required auxiliary volumes and the required respective temperature sensors from the storage are found out, 

the real-time temperature (Taux,DHW and Taux,SH) at the storage is then compared with the required setpoint of 

the DHW (Taux,set-DHW) and SH (Taux,set-SH)  auxiliary zone for the demand forecast horizon. If the DHW zone 

requires auxiliary energy, Ctrlaux,DHW is 1 and if SH requires auxiliary input Ctrlaux,SH is 1. If both of them are 1, 

there is prioritizing required, hence the temperature sensor above the Taux,DHW is checked and if that is more 

than the required TDHW,in, then the SH auxiliary zone temperature setpoint (TSH,in) is set as the auxiliary 

generator setpoint (Taux,set) and Taux,check, auxiliary generator monitoring sensor is taken as the Taux,SH and the 

auxiliary generator is switched on. Vice versa if Ctrlaux,SH is 0 or the previous zone DHW sensor is less than the 

setpoint, then DHW is switched on and the setpoint and monitoring temperature is taken as Taux,DHW, and 

TDHW,in respectively. In this study, the fixed dual auxiliary volume method is taken as the status quo and the 

variable dual-auxiliary volume method explained in this section is used for the MPC simulation. The forecast 

horizon h, and control horizon n is taken as 6 hours. The DHW demand forecast horizon i is taken as 4 hours 

and SH demand forecast horizon j is set as 2 hours. That means if there are solar thermal gains forecasted in 

the next 6 hours and if there is an auxiliary production requirement, the room temperature setpoint is reduced 

by 2 K. For example, if VDHW,k→k+4 is 300 L and VSH,k→k+2 is 200 L, the Taux,DHW, and Taux,SH is taken as temperature 

sensor value at 80 H' and 50 H' (Ttank,80 and Ttank,50). Now say that maximum TDHW,in in the next 4 hours is 58°C 

and maximum TSH,in in the next 2 hours is 34°C and that both Ttank,80 and Ttank,50 are below the required 

temperatures, Ctrlaux,DHW and Ctrlaux,SH are 1. Now to decide what temperature gas boiler should monitor and 

use as a setpoint, the temperature sensor above Taux,DHW (in this case Ttank,90) has to be checked, so if Ttank,90 is 

more than 58°C, then Taux,set is taken as 37°C and the Taux,check to be Ttank,50.  

Finally, as always, in real-time, the predictive controller acquires what the setpoint temperature is and 

which storage temperature sensor to monitor, and with a 3 K upper deadband temperature and 3 K lower 

dead band temperature, controls the auxiliary energy input. The temperature sensors installed at 0.90 H', 0.80 

H', 0.72 H', 0.65 H', 0.57 H' and 0.50 H' are used for this predictive controller. The respective temperature 

sensor, which has a volume higher than the minimum auxiliary volume for that zone, is taken as the 

monitoring temperature sensor. Now the temperature in that zone is maintained at the set point respectively 

for the DHW (Taux,DHW-set) and the SH (Taux,DHW-set). Thus, with this process, the temperature to maintain is found 

out, and then for every 15 minutes (timestep), the predictive controller decides on the control of the gas boiler. 

If the temperature at the relevant temperature sensor is less than the setpoint in one of the zones and if the gas 

boiler and the respective pump for storage feed-in are activated.  
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Troom,set,k k+n Calculation

Taux,SH and Taux,DHW Calculation

Taux,set, Taux,check, and Ctrlaux Calculation

Get GSol,k k+h  Solar Irradatian Forecast
Get Tamb,k k+h Ambient Temperature Forecast

Get VDHW,k k+hDHW Load Forecast

QST,k k+n > QDHW,k k+n + 
QSH,k k+n

Troom,set,k k+n  = 
Troom,set = 20°C

TBUI,set,k k+n  = 
TBUI,set -2 = 18°C

NO

YES

Qaux,k k+n > 0

YES NO

TBUI,set,k k+n

Calculate VSH,k k+j

Calculate maximum TSH,in

Calculate VDHW,k k+i

Calculate maximum TDHW,in

VDHW,k k+i > 0.10*Vtank

VDHW,k k+i > 0.10 Vtank && 
VDHW,k k+i < 0.20 Vtank

VDHW,k k+i > 0.20 Vtank && 
VDHW,k k+i < 0.28 Vtank

VSH,k k+j > 0.08*Vtank

Taux,DHW = Ttank,90

Taux,DHW = Ttank,80

Taux,DHW = Ttank,72

Taux,DHW = Ttank,65

Taux,SH = Ttank,57

Taux,SH = Ttank,50

If Taux,SH  > TSH,in

If Taux,DHW   > 
TDHW,in

Taux,DHW 

Taux,SH Ctrlaux,SH = 1

Ctrlaux,DHW = 1

Ctrlaux,SH = 0

Ctrlaux,DHW = 0

Ctrlaux,DHW == 1 Ctrlaux,DHW

Ctrlaux,SH

Ctrlaux,SH == 1

YES

Taux,set = TDHW,in + 3
Taux,check = Taux,DHW 

Ctrlaux = 1

Taux,set = TSH,in + 3
Taux,check = Taux,SH 

Ctrlaux = 1

If T(aux,DHW – 1)  
> TDHW,in

YES

YES

NO

NO

NO

NO

YES

YES

YES

NO

YES

YES

NO

YES

NO

Ctrlaux,SH == 1

Ctrlaux = 0

NO

NOYES

Initial Evaluation 1

Initial Evaluation 2

NO

where  
k – Current time
h – Weather forecast horizon
n – Control horizon
i – DHW demand forecast horizon
j – SH demand forecast horizon
GSol – Solar irradiation
Tamb – Ambient temperature
TBUI,set – Building setpoint temperature
QST  – Solar thermal production
QSH  – Space heating demand
QDHW – Domestic hot water demand
Qaux  – Auxiliary heat production
Vtank  – Total storage tank volume
VDHW – DHW auxiliary zone volume
VSH  – SH auxiliary zone volume
Ttank,xx – Value of the storage temperature from the respective 

sensor from the xx relative height
Taux,DHW – Monitoring temperature value for the DHW auxiliary 

zone
Taux,SH     – Monitoring temperature value for the SH auxiliary zone

TDHW,in – Delivery temperature of the DHW loads
TSH,in – Delivery temperature of the DHW loads
Ctrlaux,DHW – DHW auxiliary volume controller
Ctrlaux,SH – SH auxiliary volume controller
T(aux,DHW – 1) – Value of one sensor above the respective monitoring 

sensor for the DHW auxiliary zone
Taux,set – Auxiliary energy input setpoint temperature
Ctrlaux  – Auxiliary energy system controller

 

Figure 44. Logic-Flowchart of the predictive controller for the auxiliary production 
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Table 25: Building input parameters for the respective building standards along with the used component types used in TRNSYS for Simulation 

Category Component Type 
Parameter defined conditions 

Sonnenhaus KfW55 Passive house WSchVO95 

T
h

er
m

al
 S

y
st

em
 

Solar Collector 

Type 539, 110, and 2b 

for Focus AR Solar 

Collector and Sailer 

Master Controller 

• 26 m2, 15 l/hm2, 55° slope, glycol-water mix with 3.81 kJ/kg.K and Fokus AR properties 

• Control dT 6/2 K 

Gas Boiler 
Type 700, 110 and 

Type 2 

• 7 kW, 200 kg/h, 0.1 turndown ratio, set point 60°C,  

• Boiler efficiency 85%, Combustion efficiency 90%  

• Control dT 3/-3 K 

• Set temperature in storage 60°C @ Ttank,65 and 40°C @ Ttank,50 

• 15 kW, 250 kg/h, 0.1 

turndown ratio, set point 

60°C,  

• Boiler efficiency 85%, 

Combustion efficiency 90% 

• Control dT 3/-3 K 

• Set temperature in storage 

60°C @ Ttank,50 

FC-CHP Type 42 and Equa 

• 2 kWel (single-phase AC) and 0.6 kWth (Reducing with increasing input temperature from 30°C 

and 0 kW after 60°C) with 90 kg/h 

• Round the year operation 

• Valve controlled tank feed-in to match the SH setpoint 

Thermal 

Storage 

Type 340 for Sailer 

Hybrid Quattro 

• 2 m3 and 1.7 m, 0.62 W/mK thermal conductivity, 4.11 W/K total heat loss capacity, 100 nodes 

• Heat exchanger + Lance for the solar collector from the bottom middle and convective transfer in 

lance - 1382 kJ/h.K 

• Gas boiler: Storage in/out - 0.85/0.41 H' via lance, sensor @ 0.65 H' and 0.50 H' 

• FC-CHP: Storage in/out - 0.3/0.03 H' via lance 

• Heating Element: 2 kW @ 0.55 H', 1 kW @ 0.85 H' and 1kW @ 0.13 H'  

• DHW:  Storage in/out - 0/1 H' via lance; SH: Storage in/out - 0.17/0.65 H' via lance 

 

DHW 

Type 11h, 11b, and 

5b for Sailer 

FriWasta 

4000 W/K heat transfer coefficient, 10-12°C cold water inlet. Set temperature 57°C. VDI4655 load – 

4140 kWh/a 

SH 

Type 11h, 11b, 647, 

649 and 361 with 23, 

2d and Equa 

• 100 m2 floor heating with PID control for mass flow 200-700 kg/h  

• Inlet set temperature: 25-38°C & increasing on a slope with 

respect to decreasing ambient temperature. Set room temperature 

at 20°C with night reduction to 16°C (22:00 to 06:00) 

 

• 45 kW radiator heating with 

PID control for mass flow 200-

1200 kg/h  

• Inlet set temperature: 35-

57°C & increasing on a slope 
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Category Component Type 
Parameter defined conditions 

Sonnenhaus KfW55 Passive house WSchVO95 

 with respect to decreasing 

ambient temperature. Set 

room temperature at 20°C 

with night reduction to 16°C 

(22:00 to 06:00) 

B
u

il
d

in
g

 

Internal Gains 

Type 56 

Occupants, electrical load, thermal storage 

Ventilation 

0.46 exchanges per 

hour without heat 

recovery 

0.43 exchanges per hour with 75% heat 

recovery 

0.38 exchanges per hour 

without heat recovery 

Shade/Window 

Opening 
Window jalousie when ambient above 24°C and window opened when ambient above 26°C 

Infiltration 
0.14 exchanges per 

hour 
0.07 exchanges per hour 0.42 exchanges per hour 

E
le

ct
ri

ca
l 

S
y

st
em

 

PV Type 94a 2.9 kW of 12 Aleo Solar S295 modules; MPPT efficiency - 0.97 

Battery Type 47a 
6.8 kWh Steca SolUse 2503-48 with BMZ ESS 7.0 having 0.8 depth of discharge and 0.97 charging 

efficiency 

Inverter Type 48b Inverter Stecagrid 3203 – 0.979 efficiency, 3.3 kW 

Heating 

Element 

Equa and Type 340 

inbuilt 

In built in Type 340 2 kW @ 0.55 H', 1 kW @ 0.85 H' and 1kW @ 0.13 H' with a maximum switch-on 

condition of 85°C 

 

Load Demand Equa VDI4655 profile 4140 kWh/a 
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c. Simulation Summary 

In Table 25, a summary of the simulation model boundary conditions of the energy system and the 

buildings for all the building standards are comprehensively shown. The notable variations between the 

different building standards in the energy system configurations are the space heating characteristics and the 

resulting change in the gas boiler boundary conditions. Since the different building standards have a different 

space heating energy influx, the area of the floor heating in the buildings – Sonnenhaus, KfW55, and Passive 

house had to be changed. Thus, leading to a different maximum and minimum space heating mass flow. Apart 

from that due to the inability to use floor heating in WSchVO95 building, a radiator system is used, thus an 

increased space heating inlet setpoint temperature and an increased heat influx requirement. This changes the 

dynamics of the gas boiler too. Thereby requiring an increased gas boiler production capacity. 

All the assumptions of the systems are: 

 Since the storage tank model (type 340) cannot have a lance with one port or have an open loop with 2 

lances, (as the mass flow in a lance should be constant as inlet and outlet port) there is a modification in 

the space load, gas boiler and DHW lances which are used for the Sailer’s Hybrid Quattro in the simulation 

and reality.  

 The fresh cold water is assumed to be 10°C in winter and 12°C in summer and the delivered DHW water 

is assumed to be 55°C. 

 The pipes are not modelled in the simulation as this is just an energy simulation and the heat loss through 

pipes is overlooked. 

 The glycol-water solution in the collector circuit is assumed to have a constant fluid specific heat and 

density irrespective of the temperature of the solution. 

 The solar collector flow rate is kept at a medium constant flow rate in the simulation, while in the real 

system the master controller controls the mass flow rate 

 Night reduction of desired room temperatures to 16°C from the usual 20°C is assumed. 

 The lead-acid battery simulation model had to be adapted and the values of the battery are modified and 

input so as a lithium-ion battery can be simulated. 

 

II. Status Quo Controllers & their Simulation 

a. Base Case Results of Sonnenhaus (thermal and electrical) 

The simulation for the Sonnenhaus building was carried out with the above-mentioned parameters. 

Figure 45 shows the thermal energy system results and on the left, the monthly energy production or 

consumption is shown in form of a bar diagram. The respective month’s solar fraction and heating element 

contribution is also shown as a line graph. The same parameters as collector production, gas boiler input, 

DHW demand, SH demand, and power to heat production are shown in yearly energy values in the first graph 

on the right (Energy/a). Then in the right extreme bottom, the specific collector production per unit area per 

annum (EColl-spec) is plotted and the total energy fraction from each system (EF/a) is separated in terms of gas 

boiler, power-to-heat, and solar collector heat shown in the top right plot.  

The annual requirement for space heating is 9504 kWh/a (52 kWh/m2a) and for DHW is 4000 kWh. The 

solar collector and excess decentral electricity contribute to almost 71% of the total load requirement for space 

heating (SH) and domestic hot water (DHW). The solar thermal fraction alone is only 31%. It also shows that 

the fuel cell CHP produced energy, as power-to-heat, contributes a lot in the winter months, which has the gas 

boiler production restricted. As a result, a 7 kW gas boiler is enough for this building demand and contributes 

5022 kWh/a. The collector with 26 m2 area is quite underutilized with specific collector production of less than 

200 kWh/m2a and this might be due to the utilization of excess electricity in the transition seasons and partly 

also due to a small tank. 
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Figure 45 Thermal system results of Sonnenhaus building 

Going back to satisfying the Sonnenhaus requirements, the 50% solar fraction can be reached by either 

utilizing the energy produced using solar thermal collectors or the PV. This should be viable with the current 

specifications but if a 50% solar fraction is to be achieved only by solar thermal, then the storage tank volume 

should be increased to 3.5 m3 from 2 m3; or 3 m3 storage with 35 m2 thermal collectors will achieve the 50% 

solar thermal fraction. In the graph on the left, it can be seen that the DHW demand (in blue) is almost constant 

all through the year with a small amplitude increase in the winter. But the SH demand in pink is non-uniform 

with the months of Dec, Jan, and Feb having the highest demands. Therefore, to satisfy the demand, the gas 

boiler (light blue) has to be switched on but when the solar radiation is enough from the transition seasons, 

the requirement of the gas boiler is less while the solar collector (in brown) and the excess electrical energy 

(green and as line graph in percent) contribute. Also, the PV production along with electrical demand, grid 

import, and export is plotted in the graph. 

One of the common practices in Sonnenhaus is not using a heat recovery forced ventilation system as this 

is not part of the requirements of the Sonnenhaus institute for certifying the building. But the Sonnenhaus 

building with a heat recovery ventilation system same as that of KfW55 will lead to a mere 5537 kWh/a of 

space heating demand per annum, which is less than 50% of the current SH demand and is in fact similar to 

that of KfW55. In theory, the building in terms of Sonnenhaus requirements is as efficient as that of KfW55 but 

has one weak point which is the ventilation system. With such a change in the Sonnenhaus institute’s 

certification requirements, the building can function a lot more efficiently. Of course, there is electricity being 

consumed by the forced ventilation, and the opinion about it is divided, but using forced ventilation is 

definitely an energy-efficient method. Above all, in terms of the capital & maintenance cost required to be 

invested in the system, it will definitely be lower if fewer solar collectors have to be installed with a smaller 

tank and lesser auxiliary energy is required by the system. 

On the other hand, for the electrical demand, there is a lot of surplus energy, especially due to the fuel 

cell CHP production which cannot charge the battery. Thus, a 2.9 kWp PV array can only deliver 19% of the 

total decentral-produced electricity while the CHP produces a whopping 13140 kWh/a. As shown in Figure 

47, due to the excess production by the fuel cell which can also not be stored in the battery, 7111 kWh is fed to 

the grid, which is 45% of the produced decentral energy. There is also another 31% fed to the thermal store 
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and only the other 24% is being delivered to the load. No extra energy is required as grid import though. Of 

the 4142 kWh supplied to the loads, only a mere 49 kWh is delivered by the battery. Due to the fact that the 

FC-CHP always produces 1500 W, the need for batteries is quite low, thus resulting in an underutilization of 

the battery. Moreover, only 19% of the produced CHP’s electricity (81% of the loads are met by CHP’s 

electricity) is being delivered to the electrical loads. The remaining 19% electrical load is being delivered either 

directly by PV or through the battery storage. 

Case without Fuel Cell 

To understand the system without fuel cell CHP, a reference system without fuel cell was simulated for 

Sonnenhaus. The results are shown in Figure 46. With FC-CHP, the major change in the thermal side is that 

the excess electrical energy is almost nil (1.3%).  

 
Figure 46 Thermal system results of Sonnenhaus building without fuel cell CHP 

Thus, demanding a lot of auxiliary energy via the gas boiler for satisfying the loads during winter. Due 

to this, the annual gas boiler requirement shoots up to 9165 kWh which is 68% of the total annual thermal 

demand. But also, the solar thermal contribution increases to 42% due to no power-to-heat contributions in 

the summer months. On the electrical side, since the system has no concurrency between FC-CHP and PV, the 

4202 kWh of PV production is the only self-production, and only 2589 kWh (63%) of the total 4142 kWh 

electrical loads are supplied by the system. The other 1590 kWh is taken from the grid. The excess 1108 kWh 

in the summer months are fed to the grid and a mere 176 kWh are the only electrical energy fed to the thermal 

storage. As expected, also the battery utilization is increased, with 1312 kWh being delivered via battery.  
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Figure 47 Electrical system results of Sonnenhaus 

building (a) Top left: Results with FC-CHP (b) Bottom 

left: Results without FC-CHP (c) Right: Key 

performance indicators of the Sonnenhaus electrical 

system with and without FC-CHP  

b. KfW55 Results 

With the same system for the actual KfW55 building, the heating demand of the building decreases to 

5744 kWh/a which is 60% of the Sonnenhaus building’s SH demand. As a result of the decreased energy 

demand, the thermal solar fraction is 37%. Moreover, the power-to-heat fraction also increases to 50% and 

hence the gas boiler fraction reduces to 25%. In terms of energy utilization of the solar collector, the 

Sonnenhaus has the upper hand as the specific thermal collector production is only 140 kWh/m2a, indicating 

in an oversized solar collector combined with an overutilized power-to-heat input. In the electrical system, all 

the components' sizes are the same while the same load profile is used. But what changes is how the excess 

electrical energy is used and whether it goes to the thermal store or the grid. The amount of produced 

electricity utilized by the loads is the same at 4142 kWh, but the amount sent to the storage tank has 

considerably increased to 28% and the remaining 48% (8200 kWh) is fed to the grid.  

with CHP System Indicators 
without 

CHP 

23.6% 
Direct utilization fraction of decentral 

production 
30.4% 

98.8% 
Demand covered directly using the 

decentral system 
30.85% 

4.6% 
Direct PV energy consumed of 

decentral production 
61.6% 

19.3% 
PV + Battery fraction of decentral 

production 
62.56% 

4.91% 
PV Power-to-Heat Consumption 

Fraction 
1.32% 

31.1% Solar Fraction (Thermal) 42.4% 

37.2% Gas boiler Fraction (Thermal) 68.4% 

19.3% 
Direct FC-CHP utilization of decentral 

production 
- 

80.7% 
Direct FC-CHP utilization of electrical 

demand 
- 

43.3% 
Direct FC-CHP utilization of thermal 

demand (Thermal + Power-to-Heat) 
- 

6570 h Capacity FC-CHP - 

9 Battery full cycle equivalent 241 

24% Self-utilization of decentral production 62% 

100% Demand covered by decentral system 63% 
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Figure 48 Thermal system results of KfW55 building 

c. Results Passive house 

 

Figure 49 Thermal system results of Passive house building 
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With the same building geometry, the results of a passive house are quite astonishing. The SH demand 

goes down to 2992 kWh/a which is just ca. one-third of the Sonnenhaus’s demand. Solar thermal contributes 

46% of the demand. Even though the solar thermal was quite oversized, the same no. of collectors is used in 

the simulation so that the comparison is much meaningful. Similar to KfW55, the passive house also has heat 

recovery ventilation.  With an excess energy fraction of 61%, only 12% energy input has to be supplied by the 

gas boiler. With 4264 kWh power-to-heat conversion, 8784 kWh is being fed to the grid. Apart from this, the 

electrical side of the system is the same as the base case.  It is to be also noticed from Figure 49 that the specific 

collector production is reduced, and this is due to the reduced heat demand and oversized solar collector. In 

fact, the DHW load is higher per annum than the SH load. 

d. Results WSchVO95 

When the same system is simulated for the same house with Wärmeschutzverordnung 1995 

requirements, the results are quite opposite. Since this is an old house scenario with a higher U-value of the 

building, the losses are higher, and the radiators present in such houses require higher temperature operation. 

The SH demand is 20,328 kWh/a which is twice the demand of Sonnenhaus and ca. four times of KfW55. Thus, 

the peak SH power demand rises up to 10.8 kW. To satisfy such a heating demand, the gas boiler is designed 

at a capacity of 15 kW. This is due to the fact that the space heating loop has a mass flow of 200-1200 kg/h and 

the temperature of the hot water sent to the radiators have to be in the range of 35-57°C depending on how 

cold the ambient temperature is. The difference in WSchVO95 is that the radiator model (Type 362) is used to 

simulate the SH demand. 45 kW radiator with 70% radiative fraction is used where radiator exponent is 1.3 

and a thermal capacitance inside the radiator is assumed to be 200 kJ/K. The solar fraction dropped down to 

19% where the solar collector annual production is 4547 kWh. The remaining 62% being provided by the gas 

boiler and 24% contributed from the electrical production as power-to-heat. 7320 kWh of electrical energy has 

to be fed into the grid. From the results shown in Figure 50, it can be seen that 100% solar thermal fraction is 

never reached also in the summer months due to the simple control of the power-to-heat conversion. 

 

Figure 50 Thermal system results of WSchVO95 building 
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e. Comparison of the status quo controllers in different buildings 

Even though the sizing of the system is kept the same in this case study, the parameters or the control 

logic had to be fitted with each of the building types. In this chapter, it is shown how large is the difference 

between buildings of different standards. From the inferences obtained in this simulation, it can be seen that 

the building plays an important role in the design and performance of the thermal energy system. More than 

the energy parameters, the reaction, and approach to each building type vary. The KfW55 and passive house 

are quite reactive to the changes in the heating implementation. Both buildings need less time to reach the 

desired set point temperature, especially on an early winter morning where the set point temperature is varied 

from 16°C to 20°C after the night reduction for energy savings. But in a similar situation for an old house like 

WSChVO95, the heating has to be switched on quite earlier in the morning like 4 am, if at 7 am the building 

has to be at 19°C at least. Also, the inlet temperature and the mass flow has to be varied such that the desired 

room temperature is reached. The approach for a WSchVO95 building is that the inlet temperature has to vary 

in an increased slope value to reach the required room temperature along with an increased maximum mass 

flow so that the heat transfer rate is better. But for a passive house or KfW55, the slope of the inlet temperature 

algorithm has to smaller, and the mass flow should be set such that not a lot of heat is transferred in one go 

which otherwise will create a hysteresis, where the heating unit has to be switched on and off a lot of time. 

Not only the U-value (losses) of the building is to be taken into account, but also the g-value (the gains: solar 

and other) should be considered. For a passive house on a spring day, 3 hours of sun in the mid-day will be 

more than sufficient to keep up the heat and reduce the space heating consumption for the remaining of the 

day. This can be seen by the distribution of the space heating demand’s difference between the months for 

each building type. In well-insulated houses, it is evident that the space heating demand is 90% in the four 

winter months. And in the other months, the solar thermal fraction is already above 70%, for e.g.: passive 

house. 

Without the fuel cell and the excess energy being fed to the thermal storage, a 7-10% increase in solar 

thermal production is experienced in all 4 buildings. The constant flow instead of the matched flow would 

create no change in the gained solar collector energy but with the constant flow, the achieved temperature is 

not always optimum, which is a disadvantage in the summer as there will be less usable high-grade water in 

the storage. The pipes are also losing energy during transport and this is overlooked here and with bad piping, 

this could already be 10-20% of the total energy demand. But all the energy values used here are useful input 

energy to the storage. As it is seen in the above-shown results, the transition season is the most important time 

period to gain an increased renewable fraction and efficient energy utilization. And the concurrences between 

the solar thermal and power-to-heat has to be eliminated to have better solar thermal contributions in summer 

while utilizing the power-to-heat in transition seasons. 

As for the differences in the building itself, it can be seen that their responses to the change in the climatic 

conditions are different. Even though KfW55 and passive house have less energy requirement, they are 

vulnerable to small changes in the parameters like occupant behaviour and ventilation frequency. Thus, the 

heating control has to adapt to the situation and heat up the building according to the current requirement. It 

cannot be expected that the building could store heat using thermal mass since the building is too sensitive 

while the building cannot store a lot of heat due to the heavy insulation and airtightness; therefore, the thermal 

comfort zone is very small. Also, the ventilation is more important in passive house and KfW55 than the other 

two standards due to its forced ventilation and considering the comfort of the persons living there. On the 

other hand, the WSchVO95 and Sonnenhaus are buildings with high heating energy demand and the building 

can be used to store heat in the thermal mass. Sonnenhaus is also a good efficient house but because of some 

small discrepancies, especially without forced ventilation, these houses are not as efficient as KfW55 and 

passive house. Moreover, in Sonnenhaus, the solar fraction should be 50% and for this, the system has to be 

sized bigger than that for the other building types. In terms of control logic, a lot of changes have to be made 

between the different buildings. For example, as seen here, the gas boiler configurations, the space heating 

mass flow, and the setpoint temperature had to be changed according to building type. These are due to the 

account of the changes in the mass flow in the floor/radiator heating along with the power required by the 

space heating. The comparison of the building and their optimized energy system shows that for each of the 

building type, the response and demand of the building is different. Thus, the control strategy is important, 

and a simple on/off controller does not satisfy the needs. With these simulations, the importance of buildings 
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in an energy system is emphasized. This simulation case study pronounces the importance of buildings in the 

energy system design and why space heating is a node point for a better efficient system. This is difficult since 

buildings are not always the same and react differently for different scenarios and building types, thus the 

necessity of an intelligent control system for this purpose is high.  

 

III. Outcomes with FC-CHP for other building standards 

a. KfW55 

Now as the building is changed to a KfW55, less space heating requiring house, it is obvious to see a 

change of less solar thermal production but an increased solar thermal fraction. As the graph in Figure 52 and 

the enlisted Table 26 shows, on Day 2, a summer day, GPS performs better with slightly increased EST and on 

contrary, PSO functions better on Day 3. Even during the autumn day, GPS seems to be off as PSO has ca. 3 

kWh more solar thermal production, but when considered carefully, the reason for increased EST could also be 

because there is more chargeable space in the thermal storage made available as a result of reduced energy 

effectiveness. On Day 5, despite ambient temperature falling up to 3°C (Figure 51), the efficient KfW55 

building needs no external space heating input. The differences in the thermal side of the system are negligible 

between the optimizers where a 4 kWh increase in EST is achieved in comparison to the status quo. And on 

Day 6, against the usual, ESH increases and that to from 38 kWh/day in status quo to 43 kWh/day with PSO 

and even higher, to 50 kWh/day with GPS algorithm.  

 
Figure 51. Temperatures of the representative days in KfW55 standard single-family house building with status quo 

controller and with MPC controller using PSO, GA, and GPS optimizers 

Now since the demand has unusually increased, the total supply also had to be increased. As EP2H is not 

preferred, this reduces from 25 kWh in status quo to 3.5 kWh with MPC and to compensate for the input 

energy deficiency, gas boiler production is increased from 30 kWh/day in status quo to 44 kWh/day with PSO 

and another 6 kWh more with GPS due to the increased ESH demand with GPS. On Day 1, with limited solar 

irradiation, for the winter day, 7 kWh ESH reduction is uniformly achieved with MPC. But confusingly in terms 

of gas boiler usage, GPS performs efficiently by using 27.5 kWh (10 kWh more than the status quo) while PSO 

requires 32 kWh. Also, a 1 kWh difference in EP2H is to be noted between PSO and GPS.  
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Figure 52. Heat demand and supply of the representative days in KfW55 standard single-family house building with 

status quo controller and with MPC controller using PSO, GA, and GPS optimizers
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Table 26. Daily energy values in kWh/day of the representative days in reference case and with MPC implementation for KfW55 

Energy 

(kWh/day) 

Day 1 (11.01.2018) Day 2 (13-07-2018) Day 3 (11-08-2018) Day 4 (13-10-2018) Day 5 (20-10-2018) Day 6 (25-12-2018) 

Status 

Quo 
MPC-

PSO 
MPC-

GA 
MPC-

GPS 
Status 

Quo 

MPC-

PSO 

MPC-

GA 

MPC-

GPS 

Status 

Quo 

MPC-

PSO 

MPC-

GA 

MPC-

GPS 

Status 

Quo 

MPC-

PSO 

MPC-

GA 
MPC-

GPS 
Status 

Quo 
MPC-

PSO 
MPC-

GA 
MPC-

GPS 
Status 

Quo 
MPC-

PSO 
MPC-

GA 
MPC-
GPS 

EDHW 12.69 12.65 12.60 12.59 13.39 13.38 13.38 13.39 7.69 7.69 7.69 7.69 10.10 10.09 10.09 10.09 9.08 9.09 9.09 9.08 11.90 11.91 11.71 11.88 

ESH 45.42 37.22 35.46 37.57 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 38.68 43.23 49.47 50.38 

EST 3.80 4.39 4.36 4.47 9.57 6.06 6.28 7.98 13.62 15.48 15.45 14.72 11.66 16.95 13.23 13.33 11.71 16.37 16.55 16.21 9.69 9.78 9.91 9.84 

EGB 17.49 32.27 28.73 27.48 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 29.75 44.01 47.60 51.29 

EP2H 26.30 3.65 4.50 5.02 9.54 0.00 0.00 0.17 3.91 1.27 1.15 2.06 8.65 0.86 1.64 0.72 11.03 4.46 3.53 4.25 24.76 3.53 2.95 3.61 

EPV 2.74 2.74 2.74 2.74 20.88 20.88 20.88 20.88 17.88 17.88 17.88 17.88 18.85 18.85 18.85 18.85 8.93 8.93 8.93 8.93 4.15 4.15 4.15 4.15 

Eload,el 12.34 12.34 12.34 12.34 9.24 9.24 9.24 9.24 9.99 9.99 9.99 9.99 13.89 13.89 13.89 13.89 13.89 13.89 13.89 13.89 12.34 12.34 12.34 12.34 

Egrid-exp 0.00 0.08 0.16 0.00 37.44 22.82 22.79 24.10 39.37 17.53 17.87 16.85 31.52 14.50 13.47 14.48 19.52 1.47 2.40 1.72 0.00 1.16 0.94 0.99 

EFC,el 36.00 12.00 12.00 12.00 36.00 12.00 12.00 13.50 36.00 12.00 12.00 12.00 36.00 12.00 12.00 12.00 36.00 12.00 12.00 12.00 36.00 12.00 12.00 13.50 

EFC,th 3.19 1.06 1.06 1.06 3.19 1.06 1.06 1.20 3.19 1.06 1.06 1.06 3.19 1.06 1.06 1.06 3.19 1.06 1.06 1.06 3.19 1.06 1.06 1.20 

EBatt,out 0.01 2.79 2.79 2.79 0.02 0.57 0.57 0.57 0.00 0.33 0.33 0.33 0.01 1.34 1.34 1.34 0.05 1.92 1.92 1.92 0.01 2.74 2.74 1.87 

EPV,direct 1.00 1.05 1.05 1.05 2.63 2.81 2.81 2.81 3.19 3.55 3.55 3.55 3.45 3.71 3.71 3.71 2.86 2.92 2.92 2.92 1.09 1.14 1.14 1.13 

EFC,direct 11.33 8.59 8.59 8.59 6.58 5.87 5.87 5.87 6.80 6.12 6.12 6.12 10.42 8.88 8.88 8.88 10.98 9.11 9.11 9.11 11.24 8.54 8.54 9.39 

EP2H,PV 1.63 0.31 1.25 1.61 1.03 0.00 0.00 0.00 1.27 0.83 0.42 0.74 0.63 0.63 1.19 0.35 0.63 3.03 2.27 3.03 0.00 1.17 0.37 0.49 

EP2H,FC 24.67 3.33 3.25 3.41 8.50 0.00 0.00 0.17 2.64 0.44 0.72 1.31 8.02 0.23 0.45 0.37 10.40 1.43 1.26 1.22 24.76 2.36 2.58 3.12 

Egrid-exp,PV 0.00 0.00 0.00 0.00 16.52 16.69 16.66 16.65 12.82 12.09 12.71 12.29 13.97 11.61 10.80 11.72 4.90 0.01 0.76 0.04 0.00 0.06 0.05 0.00 

Egrid-exp,FC 0.00 0.08 0.16 0.00 20.91 6.13 6.13 7.45 26.56 5.44 5.15 4.56 17.55 2.89 2.68 2.76 14.62 1.46 1.63 1.68 0.00 1.10 0.88 0.99 

Egrid-imp 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
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For the electrical system, as in Figure 54, during the summer days, weirdly on Day 2, GPS does produce 

more than the minimum possible EFC,el, thus an increased grid export. On the other hand, the MPC with PSO 

does reduce the EP2H and Egrid-exp by reducing the EFC,el. And on the autumn days, the differences between the 

optimizers are negligible, with more battery usage due to reduced FC-CHP production. Finally on the winter 

day, Day 6, there is a small amount of grid export with the use of MPC which is a discrepancy, as due to the 

cold day, the excess electricity could obviously be used as thermal energy, resulting in a reduced gas boiler 

usage. Temporally analyzing, this grid export comes during the day time where PV production is present but 

makes no sense as the battery is not full either (Figure 53). Moreover, GPS underperforms due to increased 

FC-CHP production. Clearly, over the six days, GPS doesn’t perform up to the expectation due to many 

irregularities. This could either indicate that the control becomes complex when the playroom reduces due to 

less space heating demand with KfW55 or could indicate that GPS could not converge to an optimum solution 

within 12 hours while PSO and eventually also GA could manage to do so. 

 
Figure 53. Fractional state of charge of the battery of the representative days in KfW55 standard single-family house 

building with status quo controller and with MPC controller using PSO, GA, and GPS optimizers 

On a yearly scale, as enlisted in Table 27, with the ESH only being 5745 kWh/a already in the status quo 

scenario, PSO could furthermore reduce the SH demand by 12%, similar to GA but GPS only managing an 8% 

reduction. GA and GPS manage an 11% increase in EST supply, while PSO increases the solar thermal supply 

by an enormous 16%. But on the contrary, MPC with PSO algorithm also requires 1800 kWh/a more EGB which 

is 72% more gas boiler input and comparatively GA and GPS require 10% less GB input. The reason for this 

could also be the reduced EP2H by PSO (-83% with respect to status quo) while GA uses ca. 50 kWh more EP2H 

than PSO and GPS using ca. 180 kWh more EP2H than PSO. Thus, indirectly slightly more electricity is exported 

to the grid by PSO (-55% w.r.to status quo). In terms of battery usage, similar results as in Sonnenhaus is 

achieved, with PSO being the better optimizer.  

As expected, in terms of energy fraction (Table 28), the solar thermal supply fraction could only be 

improved by 9% using PSO (3% even lesser using GPS), 2% less than in Sonnenhaus standard, with KfW55 

standard due to the reduced energy demand. And in terms of gas boiler supply fraction, using MPC 21% more 

energy fraction is required to be supplied by gas boiler with PSO and 4 % less when using GPS and this could 

be as a result of increased P2H supply fraction in GPS than PSO (ca. 2% difference). Other than that, the 

electrical system achieves a 14% reduction in FC-CHP supply fraction, and the same 14% increase in PV supply 

fraction can be seen. On the total electricity system self-supply, 100% autonomy could be withheld while 

increasing the self-consumption only by 5.5%. And in terms of the thermal system, the effectiveness of the 

system is, on the whole, improved via MPC implementation. The total decentral system self-consumption is 

likewise increased by 12% from 66% to 79% by the use of PSO optimizer MPC. 
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Figure 54. Power demand and supply of the representative days in KfW55 standard single-family house building 

with status quo controller and with MPC controller using PSO, GA, and GPS optimizers 
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Table 27. Essential yearly energy values in kWh/a in reference case and the yearly energy values in kWh/a with MPC 

via deviation corrected weighted clustering extrapolation for KfW55 

 
𝐸𝑦𝑒𝑎𝑟,𝑟𝑒𝑓  

(kWh) 

PSO GA GPS 

𝐸6𝑑𝑎𝑦,𝑃𝑆𝑂  

(kWh) 

MPC 
Gains (%) 

𝐸6𝑑𝑎𝑦,𝐺𝐴  

(kWh) 

MPC 
Gains (%) 

𝐸6𝑑𝑎𝑦,𝐺𝑃𝑆  

(kWh) 

MPC 
Gains (%) 

EDHW  3996 3991 -0.10% 3981 -0.36% 3985 -0.28% 

ESH  5745 5030 -12.43% 5025 -12.53% 5267 -8.32% 

EST  3624 4205 +16.05% 4004 +10.49% 4042 +11.55% 

EGB  2457 4248 +72.90% 4003 +62.93% 3979 +61.95% 

EP2H  4849 785 -83.82% 837 -82.74% 960 -80.19% 

EPV  4202 4202 0.00% 4202 0.00% 4202 0.00% 

Eload,el  4140 4140 0.00% 4140 0.00% 4140 0.00% 

Egrid-exp  8200 3673 -55.21% 3690 -55.00% 3694 -54.95% 

EFC,el  13140 4380 -66.67% 4380 -66.67% 4503 -65.73% 

EFC,th 1166 389 -66.67% 389 -66.67% 400 -65.73% 

EBatt,out 49 541 - 541 - 519 - 

EPV,direct 750 849 +13.19% 849 +13.19% 849 +13.17% 

EFC,direct 3342 2743 -17.92% 2743 -17.92% 2765 -17.26% 

EP2H,PV 538 783 45.59% 817 +51.80% 884 +64.34% 

EP2H,FC  4311 0 -100.00% 0 -100.00% 0 -100.00% 

Egrid-exp,PV  2713 1982 -26.96% 1920 -29.22% 1920 -29.22% 

Egrid-exp,FC  5487 1677 -69.43% 1740 -68.29% 1740 -68.29% 

Table 28. Yearly efficiency in reference case and with MPC via deviation corrected weighted clustering extrapolation 

for KfW55 

 
η

𝑦𝑒𝑎𝑟,𝑟𝑒𝑓
 

(%) 

PSO GA GPS 

η
𝑦𝑒𝑎𝑟,𝑃𝑆𝑂

 

(%) 
MPC Gains 
(% Change) 

η
𝑦𝑒𝑎𝑟,𝐺𝐴

 

(%) 
MPC Gains 
(% Change) 

η
𝑦𝑒𝑎𝑟,𝐺𝑃𝑆

 

(%) 
MPC Gains 
(% Change) 

Energy 
Supply 

Fraction 

Solar Thermal 37.20% 46.61% +9.41% 44.46% +7.25% 43.70% +6.49% 

Gas Boiler 25.22% 47.08% +21.86% 44.45% +19.22% 43.01% +17.79% 

Power-to-Heat 49.78% 8.70% -41.09% 9.29% -40.49% 10.38% -39.40% 

Fuel cell Thermal 11.97% 4.31% -7.66% 4.32% -7.66% 4.32% -7.65% 

Fuel cell Electrical 80.73% 66.27% -14.47% 66.27% -14.47% 66.80% -13.93% 

Photovoltaics 19.30% 33.58% +14.28% 33.58% +14.28% 33.05% +13.75% 
Self-

Consumption 
Fraction 

Fuel cell Electrical 58.24% 62.63% +4.39% 62.63% +4.39% 61.41% +3.17% 

Photovoltaics 31.82% 51.72% +19.90% 52.52% +20.70% 53.60% +21.78% 

Thermal Supply Fraction 124.18% 106.70% -17.48% 105.51% -18.67% 104.41% -19.78% 

Thermal Self Consumption Fraction 100.00% 100.00% 0.00% 100.00% 0.00% 100.00% 0.00% 

Electricity Supply Fraction 100.00% 100.00% 0.00% 100.00% 0.00% 100.00% 0.00% 
Electricity Self Consumption 

Fraction 51.84% 57.29% +5.45% 57.68% +5.84% 57.64% +5.80% 
Power-to-Heat Self Consumption 

Fraction 27.96% 9.14% -18.82% 9.75% -18.21% 11.03% -16.93% 

Decentral System Supply Fraction 100.00% 100.00% 0.00% 100.00% 0.00% 100.00% 0.00% 
Decentral System Self Consumption 

Fraction 66.65% 79.00% +12.35% 78.44% +11.79% 78.63% +11.98% 
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b. Passive house 

In this section, the implementation of MPC with the most efficient passive house standard building is 

evaluated. The daily energy values of the representative days are shown in Figure 55 and Table 29. As it can 

be seen, the summer days (Day 2 and 3) are not much different to Sonnenhaus and KfW55, as there is only 

DHW demand.  

 
Figure 55. Heat demand and supply of the representative days in passive house standard single-family house 

building with status quo controller and with MPC controller using PSO, GA, and GPS optimizers
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Table 29. Daily energy values in kWh/day of the representative days in reference case and with MPC implementation for passive house 

Energy 

(kWh/day) 

Day 1 (11.01.2018) Day 2 (13-07-2018) Day 3 (11-08-2018) Day 4 (13-10-2018) Day 5 (20-10-2018) Day 6 (25-12-2018) 

Status 

Quo 
MPC-

PSO 
MPC-

GA 
MPC-

GPS 
Status 

Quo 

MPC-

PSO 

MPC-

GA 

MPC-

GPS 

Status 

Quo 

MPC-

PSO 

MPC-

GA 

MPC-

GPS 

Status 

Quo 

MPC-

PSO 

MPC-

GA 
MPC-

GPS 
Status 

Quo 
MPC-

PSO 
MPC-

GA 
MPC-

GPS 
Status 

Quo 
MPC-

PSO 
MPC-

GA 
MPC-
GPS 

EDHW 12.74 12.73 12.73 12.73 13.39 13.39 13.39 13.39 7.69 7.69 7.69 7.69 10.09 10.09 10.09 10.09 9.06 9.08 9.09 9.08 11.90 11.91 11.91 11.91 

ESH 24.09 16.89 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 29.24 24.06 26.53 26.44 

EST 2.59 3.24 3.24 3.28 10.04 7.33 8.33 7.96 13.91 15.48 15.49 14.12 15.06 16.95 16.95 13.38 11.57 16.03 15.90 14.16 9.49 8.86 9.04 9.10 

EGB 1.44 2.41 0.91 0.21 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 12.25 13.98 28.90 24.29 

EP2H 24.63 6.82 2.50 3.41 8.80 0.50 0.00 0.22 3.91 1.58 1.27 3.38 8.90 1.03 0.76 1.56 9.12 3.84 3.81 3.87 24.76 2.59 2.08 5.22 

EPV 2.74 2.74 2.74 2.74 20.88 20.88 20.88 20.88 17.88 17.88 17.88 17.88 18.85 18.85 18.85 18.85 8.93 8.93 8.93 8.93 4.15 4.15 4.15 4.15 

Eload,el 12.34 12.34 12.34 12.34 9.24 9.24 9.24 9.24 9.99 9.99 9.99 9.99 13.89 13.89 13.89 13.89 13.89 13.89 13.89 13.89 12.34 12.34 12.34 12.34 

Egrid-exp 1.67 0.48 0.91 0.00 38.18 22.33 22.80 22.53 39.37 17.40 17.74 20.03 31.27 14.34 14.61 13.72 21.42 2.12 2.04 2.05 0.00 1.44 1.60 1.32 

EFC,el 36.00 15.00 12.00 12.00 36.00 12.00 12.00 12.00 36.00 12.00 12.00 16.50 36.00 12.00 12.00 12.00 36.00 12.00 12.00 12.00 36.00 12.00 12.00 15.00 

EFC,th 3.19 1.33 1.06 1.06 3.19 1.06 1.06 1.06 3.19 1.06 1.06 1.46 3.19 1.06 1.06 1.06 3.19 1.06 1.06 1.06 3.19 1.06 1.06 1.33 

EBatt,out 0.01 2.79 2.79 2.79 0.02 0.57 0.57 0.57 0.00 0.33 0.33 0.33 0.01 1.34 1.34 1.34 0.05 1.92 1.92 1.92 0.01 2.74 2.32 1.84 

EPV,direct 1.00 1.05 1.05 1.05 2.63 2.81 2.81 2.81 3.19 3.55 3.55 3.46 3.45 3.71 3.71 3.71 2.86 2.92 2.92 2.92 1.09 1.14 1.05 1.13 

EFC,direct 11.33 8.59 8.59 8.59 6.58 5.87 5.87 5.87 6.80 6.12 6.12 6.21 10.42 8.88 8.88 8.88 10.98 9.11 9.11 9.11 11.24 8.54 8.54 9.42 

EP2H,PV 1.63 0.88 0.00 0.00 1.03 0.34 0.00 0.00 1.27 0.87 0.44 1.24 0.75 0.71 0.34 0.94 0.75 2.80 2.43 2.37 0.00 0.47 0.13 0.83 

EP2H,FC 23.00 5.93 2.50 3.41 7.76 0.16 0.00 0.22 2.64 0.72 0.83 2.14 8.15 0.32 0.42 0.62 8.37 1.04 1.38 1.50 24.76 2.12 1.95 4.39 

Egrid-exp,PV 0.00 0.00 0.00 0.00 16.52 16.37 16.67 16.62 12.82 12.24 12.69 11.89 13.84 11.54 11.90 11.22 4.78 0.26 0.53 0.66 0.00 0.10 0.09 0.13 

Egrid-exp,FC 1.67 0.48 0.91 0.00 21.65 5.96 6.13 5.91 26.56 5.16 5.05 8.15 17.43 2.81 2.70 2.50 16.65 1.86 1.52 1.39 0.00 1.34 1.51 1.19 

Egrid-imp 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.49 0.00 
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On Day 2, there are only negligible differences between the optimizers, where EP2H is reduced to almost 

nil and due to effective management of the storage, the EST though 100%, is in terms of energy value, reduced. 

On Day 3, due to relatively same EP2H, with GPS optimizer w.r.to. status quo, also the EST supply does not 

change, but with PSO and GA, there is ca. 2 kWh reduction in EP2H which makes way to increased EST. During 

the autumn days, due to the efficient building, there is no SH requirement and there is a similar reduction as 

during summer days where EP2H is reduced from 9 kWh in status quo to 1 kWh and 4 kWh on Day 4 and Day 

5 respectively. But though PSO slightly has a better EST  production in comparison to GPS as mentioned earlier, 

this might also be an effect of reduced thermal storage effectiveness. 

 

Figure 56. Temperatures of the representative days in passive house standard single-family house building with 

status quo controller and with MPC controller using PSO, GA and GPS optimizers 

On the winter day, Day 6, again PSO seemingly performs better as it reduces the ESH from 29 kWh/day in 

status quo to 24 kWh, while GA and GPS only manage to reduce to 26 kWh/day. But this also comes with a 

reduced EST (from 9.5 kWh in status quo to 8.8 kWh) when using PSO, even though EP2H is also reduced (24.7 

kWh to 2.5 kWh). But PSO requires only 2 kWh more gas boiler input (from 12 to 14 kWh), while GPS requires 

24 kWh (12 kWh difference) and GA, 4 kWh even more. Moreover, incongruity is also seen in EP2H, where GPS 

uses 5 kWh in comparison to just 2.5 kWh EP2H by PSO. This also seemingly is due to the previous energy 

capacity available in the thermal storage because the total thermal energy demand with GPS is 38.2 kWh and 

38.7 kWh energy is input. But for PSO, with 36 kWh thermal energy demand only 25.5 kWh energy is input, 

suggesting the remaining 10 kWh is already made available from the previous day’s carryover. Astonishingly, 

on the contrary, for Day 1, the ESH from 24 kWh in status quo could be completely reduced to 0 kWh with GA 

and GPS but PSO only manages to reduce to 17 kWh. This leads to make the GPS a better performer on that 

particular day with EGB almost reduced to nil with also EP2H reduced from 24 kWh to 3.5 kWh. In Figure 56, 

one could see how GPS reduces the ESH on Day 1 by allowing a small 0.5°C difference in the latter part of the 

day. 

From the electrical system point of view, as shown in Figure 57, on Day 2, by reducing the FC-CHP 

production, all three optimizers uniformly increase the self-consumption of the system as PV alone is sufficient 

enough to supply the electrical load. And one would expect the results are also going to be similar to Day 3 

but unfortunately the GPS is again creating an irregularity which can’t be explained reasonably, where the 

FC-CHP production is increased which results in an unwarranted increase in grid-export. On the autumn 

days, which is relatively the same as the summer days, without the SH demand, GPS closes the gap between 

itself and the other two optimizers' performance. On Day 6, again the same problem as in KfW55 of grid export 

of ca. 1.5 kWh even when there is a possibility to charge the battery or to supply EP2H is existent. Other than 

that, the EFC,el is slightly increased by GPS so as to cover a part of the evening peak electricity demand. This 

leads to reduced battery usage (even though the FSOC of the battery is indicating a better capacity available – 

Figure 58) and increased EP2H supply. On Day 1, with contradicting performance of the GPS optimizer, the 

total grid export could be avoided by decreasing EFC,el and enhancing the battery usage is enhanced.  
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Figure 57. Power demand and supply of the representative days in passive house standard single-family house 

building with status quo controller and with MPC controller using PSO, GA, and GPS optimizers 
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Figure 58. Fractional state of charge of the battery of the representative days in passive house standard single-family 

house building with status quo controller and with MPC controller using PSO, GA, and GPS optimizers 

Table 30. Essential yearly energy values in kWh/a in reference case and the yearly energy values in kWh/a with MPC 

via deviation corrected weighted clustering extrapolation for passive house 

 
𝐸𝑦𝑒𝑎𝑟,𝑟𝑒𝑓  

(kWh) 

PSO GA GPS 

𝐸6𝑑𝑎𝑦,𝑃𝑆𝑂  

(kWh) 

MPC 
Gains (%) 

𝐸6𝑑𝑎𝑦,𝐺𝐴  

(kWh) 

MPC 
Gains (%) 

𝐸6𝑑𝑎𝑦,𝐺𝑃𝑆  

(kWh) 

MPC 
Gains (%) 

EDHW  3996 3996 +0.01% 3996 +0.01% 3996 0.00% 

ESH  2992 2189 -26.86% 675 -77.43% 673 -77.51% 

EST  3188 3508 +10.05% 3556 +11.54% 3188 -0.02% 

EGB  845 1100 +30.12% 1553 83.75% 1208 +42.90% 

EP2H  4265 1008 -76.35% 563 -86.80% 906 -78.76% 

EPV  4202 4202 0.00% 4202 0.00% 4202 0.00% 

Eload,el  4140 4140 0.00% 4140 0.00% 4140 0.00% 

Egrid-exp  8784 3831 -56.38% 3951 -55.03% 3958 -54.95% 

EFC,el  13140 4677 -64.41% 4380 -66.67% 4794 -63.52% 

EFC,th 1166 415 -64.41% 389 -66.67% 425 -63.52% 

EBatt,out 49 541 - 530 - 518 - 

EPV,direct 750 849 +13.19% 847 +12.90% 843 +12.37% 

EFC,direct 3342 2743 -17.92% 2743 -17.92% 2773 -17.05% 

EP2H,PV 437 984 +125.12% 551 +25.92% 878 +100.82% 

EP2H,FC  3828 0 -100.00% 0 -100.00% 0 -100.00% 

Egrid-exp,PV  2814 1749 -37.83% 2208 -21.52% 1880 -33.20% 

Egrid-exp,FC  5970 2052 -65.63% 1707 -71.41% 2066 -65.40% 

Egrid-imp 0 0 - 13 - 0 - 

Analysing the yearly energy values as shown in Table 30, GPS and GA reduce the ESH by a whopping 

77% from 2992 kWh/a to 675 kWh/a while PSO manages to reduce 26%. Thus, for GPS, the EST remains the 

same as the status quo, but GA manages to increase the EST by 11% from the status quo despite the reduced 

ESH and PSO achieves a 10% increase. But ineptly GA also increases the gas boiler input by 83% w.r.to. status 

quo which is 40% more than the increase with GPS while PSO manages to just increase the gas boiler usage by 

30%. The requirement of more EGB for GA optimizer might be reasoned due to its 86% reduction in EP2H in 

comparison to the status quo while PSO and GPS use certainly more power-to-heat. In terms of grid export, 

PSO is slightly better with a 56% reduction. The same is valid for battery usage, as PSO tends to use the battery 

a bit more than its counterparts.  

In the perspective of the annual energy fraction, as shown in Table 31, an astonishing 76% solar thermal 

fraction is achieved by GA, which is 30% more than the status quo. And GPS manages a 22% increase while 
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PSO can only result in an 11% increase in solar thermal supply fraction. Confusingly, also for gas boiler input, 

GA requires 21% more supply fraction (from 12% in status quo to 33% with GA) while PSO requires the least 

with only 5.5% GB supply fraction increase. But well, the reason for this is that GA optimizer totally reduces 

the power-to-heat from 61% to 12% while PSO resulting 16% supply via P2H and GPS uses 19% from P2H. In 

terms of the electrical system, apart from the 13 kWh grid import needed by the GA optimizer in comparison 

to the 100% autonomy achieved by PSO and GPS, all other characteristics are similar to that of the other 

buildings' standards. In terms of self-consumption, GA consumes FC-CHP production better while PSO 

consumes the PV production better. Regarding the thermal system effectiveness, due to the relatively small 

energy demand, the heat losses are visibly higher. The decentral system self-consumption with all three 

optimizers is only 72% which is 11% more than the status quo. Only in GA optimizer, an external grid import 

reduces the total system supply fraction to 99.8%.  

Table 31. Yearly efficiency in reference case and with MPC via deviation corrected weighted clustering extrapolation 

for passive house 

 
η

𝑦𝑒𝑎𝑟,𝑟𝑒𝑓
 

(%) 

PSO GA GPS 

η
𝑦𝑒𝑎𝑟,𝑃𝑆𝑂

 

(%) 
MPC Gains 
(% Change) 

η
𝑦𝑒𝑎𝑟,𝐺𝐴

 

(%) 
MPC Gains 
(% Change) 

η
𝑦𝑒𝑎𝑟,𝐺𝑃𝑆

 

(%) 
MPC Gains 
(% Change) 

Energy 
Supply 

Fraction 

Solar Thermal 45.62% 56.73% +11.10% 76.12% +30.50% 68.27% +22.65% 

Gas Boiler 12.09% 17.78% +5.69% 33.24% +21.15% 25.86% +13.77% 

Power-to-Heat 61.03% 16.31% -44.72% 12.05% -48.97% 19.40% -41.63% 

Fuel cell Thermal 16.69% 6.71% -9.98% 8.32% -8.37% 9.11% -7.57% 

Fuel cell Electrical 80.73% 66.27% -14.47% 66.27% -14.47% 66.97% -13.76% 

Photovoltaics 19.30% 33.58% +14.28% 33.27% +13.97% 32.89% +13.59% 
Self-

Consumption 
Fraction 

Fuel cell Electrical 54.56% 58.66% +4.09% 62.63% 8.07% 57.83% +3.27% 

Photovoltaics 29.42% 56.50% 27.08% 45.88% +16.46% 53.29% +23.87% 

Thermal Supply Fraction 135.43% 107.52% -27.91% 129.73% -5.70% 122.64% -12.78% 

Thermal Self Consumption Fraction 100.00% 100.00% 0.00% 100.00% 0.00% 100.00% 0.00% 

Electricity Supply Fraction 100.00% 100.00% 0.00% 99.69% -0.31% 100.00% 0.00% 
Electricity Self Consumption 

Fraction 48.47% 57.64% +9.17% 54.43% +5.96% 55.71% +7.24% 
Power-to-Heat Self Consumption 

Fraction 24.59% 11.36% -13.23% 6.56% -18.03% 10.07% -14.52% 

Decentral System Supply Fraction 100.00% 100.00% 0.00% 99.86% -0.14% 100.00% 0.00% 
Decentral System Self Consumption 

Fraction 61.03% 72.66% +11.62% 72.19% +11.16% 71.44% +10.41% 

c. WSchVO95 

Finally, the last type of building standard, WSchVo95 results are showcased in this section. Being the 

most energy-consuming building of the selected four-building standards, the thermal energy system results 

on the selected representative days are shown in Figure 59 and Table 32. On Day 2 and 3, the summer days, 

like the other buildings, the effectivity of the thermal storage is increased thus leading to a reduced EST along 

with an almost nil EP2H during Day 2 and all three optimizers functioning similarly. But on Day 3, already, the 

GPS optimizer malfunctions, with increased EP2H from 2.7 kWh in status quo to 4.2 kWh with GPS while PSO 

and GA reduce it to almost just 1 kWh. On the autumn day, Day 4, there is a small 5 kWh space heating 

demand, which is easily met by the solar thermal supply with all three optimizers increasing the EST from 14 

kWh to 20 kWh via MPC implementation and GPS performs slightly better in reducing the EP2H from 9.5 kWh 

to 1.8 kWh. On Day 5, with already 50 kWh of space heating demand, only 2 kWh ESH could be reduced by the 

use of MPC. However, with a uniform 3 kWh increase in solar thermal supply and with the previous day’s 

thermal energy capacity available, only by increasing the EGB from 0 kWh in status quo to 1.5 kWh with MPC, 

the EP2H could be efficiently reduced from 26.5 kWh to 6.5 kWh with GPS optimizer. With 137 kWh required 

for space heating on Day 6 with status quo controller, there stays a herculean task, where already by reducing 

ca. 1°C from the room temperature (as shown in Figure 61), 30 kWh could be saved with the MPC. With only 
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10 kWh being delivered by the EST, 100 kWh is required by the gas boiler (15 kWh reduction from status quo). 

With ca. 3 kWh less EP2H supply and 4 kWh less ESH demand with PSO optimizer, it functions negligibly better.  

 
Figure 59. Heat demand and supply of the representative days in WSchVO95 standard single-family house building 

with status quo controller and with MPC controller using PSO, GA, and GPS optimizers
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Table 32. Daily energy values in kWh/day of the representative days in reference case and with MPC implementation for WSchVO95 

Energy 

(kWh/day) 

Day 1 (11.01.2018) Day 2 (13-07-2018) Day 3 (11-08-2018) Day 4 (13-10-2018) Day 5 (20-10-2018) Day 6 (25-12-2018) 

Status 

Quo 
MPC-

PSO 
MPC-

GA 
MPC-

GPS 
Status 

Quo 

MPC-

PSO 

MPC-

GA 

MPC-

GPS 

Status 

Quo 

MPC-

PSO 

MPC-

GA 

MPC-

GPS 

Status 

Quo 

MPC-

PSO 

MPC-

GA 
MPC-

GPS 
Status 

Quo 
MPC-

PSO 
MPC-

GA 
MPC-

GPS 
Status 

Quo 
MPC-

PSO 
MPC-

GA 
MPC-
GPS 

EDHW 12.72 12.73 12.73 12.73 13.39 13.39 13.39 13.39 7.69 7.69 7.69 7.69 10.09 10.09 10.09 10.09 9.09 9.10 9.11 9.10 11.91 11.91 11.91 11.91 

ESH 132.56 116.01 116.27 120.02 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 5.00 4.87 4.86 4.87 49.48 47.71 47.73 47.72 137.79 113.36 117.03 117.54 

EST 3.78 3.71 3.69 3.67 10.54 8.13 8.43 7.94 14.52 15.77 15.45 14.45 14.36 19.94 19.31 19.72 24.64 27.90 27.80 27.63 9.48 9.60 9.63 9.54 

EGB 113.14 99.64 95.07 94.59 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.27 1.51 1.11 115.52 101.19 104.56 100.10 

EP2H 26.30 28.78 29.16 35.04 8.86 0.00 0.00 0.88 2.75 0.92 1.20 4.19 9.65 3.01 2.70 1.79 26.56 5.76 4.95 6.50 24.76 17.35 20.34 21.54 

EPV 2.74 2.74 2.74 2.74 20.88 20.88 20.88 20.88 17.88 17.88 17.88 17.88 18.85 18.85 18.85 18.85 8.93 8.93 8.93 8.93 4.15 4.15 4.15 4.15 

Eload,el 12.34 12.34 12.34 12.34 9.24 9.24 9.24 9.24 9.99 9.99 9.99 9.99 13.89 13.89 13.89 13.89 13.89 13.89 13.89 13.89 12.34 12.34 12.34 12.34 

Egrid-exp 0.00 0.98 0.15 0.00 38.12 22.92 22.79 29.66 40.53 17.83 17.61 19.48 30.52 12.61 12.41 13.89 3.99 0.29 0.96 0.77 0.00 7.03 10.00 2.75 

EFC,el 36.00 39.00 39.00 43.50 36.00 12.00 12.00 19.50 36.00 12.00 12.00 16.50 36.00 12.00 12.00 12.00 36.00 12.00 12.00 12.00 36.00 33.00 39.00 31.50 

EFC,th 3.19 3.46 3.46 3.86 3.19 1.06 1.06 1.73 3.19 1.06 1.06 1.46 3.19 1.06 1.06 1.06 3.19 1.06 1.06 1.06 3.19 2.93 3.46 2.80 

EBatt,out 0.01 2.15 0.01 1.27 0.02 0.57 0.57 0.12 0.00 0.33 0.33 0.33 0.01 1.34 1.34 1.34 0.05 1.92 1.92 1.92 0.01 2.47 1.38 1.59 

EPV,direct 1.00 1.02 1.00 1.01 2.63 2.81 2.81 2.63 3.19 3.55 3.55 3.34 3.45 3.71 3.71 3.71 2.86 2.92 2.92 2.92 1.09 1.12 1.11 1.11 

EFC,direct 11.33 9.24 11.33 10.10 6.58 5.87 5.87 6.48 6.80 6.12 6.12 6.33 10.42 8.88 8.88 8.88 10.98 9.11 9.11 9.11 11.24 8.83 9.90 9.69 

EP2H,PV 1.63 0.00 1.64 1.64 1.03 0.00 0.00 0.00 0.58 0.53 0.47 1.23 1.13 2.50 2.04 1.10 4.56 3.14 2.73 4.23 0.00 0.21 0.98 2.39 

EP2H,FC 24.67 28.78 27.52 33.40 7.82 0.00 0.00 0.88 2.17 0.39 0.73 2.96 8.52 0.52 0.66 0.69 22.00 2.61 2.22 2.27 24.76 17.14 19.36 19.15 

Egrid-exp,PV 0.00 0.00 0.00 0.00 16.52 16.79 16.66 17.52 13.50 12.35 12.46 12.26 13.47 10.00 9.95 11.46 0.97 0.01 0.28 0.14 0.00 0.00 0.25 0.09 

Egrid-exp,FC 0.00 0.98 0.15 0.00 21.59 6.13 6.13 12.14 27.03 5.48 5.15 7.22 17.05 2.61 2.46 2.43 3.02 0.28 0.68 0.62 0.00 7.03 9.75 2.66 

Egrid-imp 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
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Figure 60. Power demand and supply of the representative days in WSchVO95 standard single-family house 

building with status quo controller and with MPC controller using PSO, GA, and GPS optimizers 

A similar assertation can be met also for Day 1, where the 132 kWh ESH demand is reduced to 116 

kWh by PSO, ca. 4 kWh lesser than GPS. This leads to a sole 5 kWh reduction in the gas boiler input while 
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GA and GPS manage to reduce it by 4 kWh more. This is because GPS, could produce ca. 8 kWh more EP2H. 

Surprisingly on Day 1, GA tends to perform slightly better while accomodating reduced space heating and 

also reduced GB and P2H supply. It is also worth noting that due to MPC, the hysteresis in the building 

temperature and gas boiler energy production with status quo controller is rectified. 

 
Figure 61. Temperatures of the representative days in WSchVO95 standard single-family house building with 

status quo controller and with MPC controller using PSO, GA, and GPS optimizers 

 
Figure 62. Fractional state of charge of the battery of the representative days in WSchVO95 standard single-

family house building with status quo controller and with MPC controller using PSO, GA, and GPS optimizers 

From the electrical system perspective, as in Figure 60, on the summer days, Day 2 and 3 itself, the 

already known discrepancy of increased FC-CHP production with GPS is reported. Eventually with no 

viable reason, on Day 2, 19.5 kWh is produced by FC-CHP with GPS while PSO and GA, reduce it to the 

minimum possible 12 kWh and during Day 3, GPS could only manage to bring it down to 16.5 kWh. Due 

to this, obviously, the grid export is higher with GPS. But contradicting the discrepancy, on Day 4 and Day 

5, the autumn days, GPS could manage to reduce EFC,el to 12 kWh. With reduced EFC,el, and EP2H, the battery 

use is enhanced and the grid export is reduced, uniformly by all three optimizers. On the winter day, Day 

6, GPS optimizer, in a first, produces less EFC,el than GA and PSO. GA produces 39 kWh from FC-CHP, 3 

kWh more than the status quo, and as an aftermath, results in increased P2H supply and reduced battery 

usage than the other optimizers. Due to the reduced EP2H, PSO makes use of the battery better but like the 

other buildings, also here with all three optimizers, an unexplainable Egrid-exp, FC is reported with GA 

exporting up to 9 kWh of electricity into the grid on a winter day. What seemed to be a small negligible 

problem in other building standards with just 1 or 2 kWh export, pans out to be a noticeable discrepancy 

here. The reason could be not enough penalty in the objective function to make the discrepancy 

worthwhile to correct during the optimization process or that the optimization time is not sufficient 

enough. On Day 1, even though GA looked better on the thermal side, on the electrical side, the battery is 

under-utilized (Figure 62). PSO slightly functions better with increased battery usage and 3 kWh less EFC,el 

production.  
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Table 33. Essential yearly energy values in kWh/a in reference case and the yearly energy values in kWh/a with 

MPC via deviation corrected weighted clustering extrapolation for WSchVO95 

 
𝐸𝑦𝑒𝑎𝑟,𝑟𝑒𝑓  

(kWh) 

PSO GA GPS 

𝐸6𝑑𝑎𝑦,𝑃𝑆𝑂  

(kWh) 

MPC 
Gains (%) 

𝐸6𝑑𝑎𝑦,𝐺𝐴  

(kWh) 

MPC 
Gains (%) 

𝐸6𝑑𝑎𝑦,𝐺𝑃𝑆  

(kWh) 

MPC 
Gains (%) 

EDHW  3999 4002 +0.07% 4002 +0.08% 4001 +0.05% 

ESH  20328 17858 -12.15% 17988 -11.51% 18384 -9.56% 

EST  4547 5008 +10.14% 4957 +9.01% 4863 +6.94% 

EGB  15030 13236 -11.94% 12926 -14.00% 12728 -15.32% 

EP2H  5730 3739 -34.75% 3814 -33.44% 4699 -17.98% 

EPV  4202 4202 0.00% 4202 0.00% 4202 0.00% 

Eload,el  4140 4140 0.00% 4140 0.00% 4140 0.00% 

Egrid-exp  7319 3740 -48.90% 3738 -48.92% 4134 -43.52% 

EFC,el  13140 7620 -42.01% 7782 -40.78% 8771 -33.25% 

EFC,th 1166 676 -42.01% 691 -40.78% 778 -33.25% 

EBatt,out 49 476 - 252 - 350 - 

EPV,direct 750 846 +12.74% 844 +12.47% 822 +9.55% 

EFC,direct 3342 2813 -15.85% 3041 -9.03% 2964 -11.31% 

EP2H,PV 742 2059 +177.34% 2316 +211.97% 2381 +220.78% 

EP2H,FC  4987 1682 -66.28% 1582 -68.28% 2304 -53.81% 

Egrid-exp,PV  2509 719 -71.35% 665 -73.50% 563 -77.58% 

Egrid-exp,FC  4810 3041 -36.79% 3095 -35.66% 3567 -25.84% 

Egrid-imp 0 0 - 0 - 0 - 

 

As enlisted in Table 33, on a yearly scale, 12% annual energy value reduction (ca. 5000 kWh) in space 

heating demand is made possible with PSO optimizer which is 2.5% more than GPS. Eventually, PSO also 

works better in increasing the solar thermal production (ca. 10%). But when it comes to the reduction of 

gas boiler production, PSO only achieves 12% reduction for EGB with respect to status quo, while -15% is 

reported by GPS. Nevertheless, PSO and GA manage to reduce the EP2H by 34% while GPS by 18%. With 

MPC, via decreasing the EFC,el during the summer days, more efficiently by PSO, the grid export is also 

brought down relatively more by PSO. To make the selection easier, also the battery usage is enhanced 

from 49 kWh to 476 kWh using PSO while GA and GPS could only manage 252 kWh and 350 kWh 

respectively. 

Ultimately, when analyzing the annual energy fraction enlisted in Table 34, the solar thermal supply 

could only be merely increased by 4.5% from 18.5% in the status quo to 23% with PSO. In the perspective 

of auxiliary energy usage, PSO prefers more gas boiler supply with only -1% supply fraction change but -

6% in the P2H supply fraction. On the other hand, GPS reduces P2H supply fraction by only 2.5% and 

reduces the gas boiler supply fraction by 5%. In terms of fuel cell electricity supply fraction, -12% is 

achieved by MPC leading to a 12% increase in PV supply fraction. In terms of the total decentral system 

supply fraction, 100% autonomy is kept as in the case of status quo controller but also at the same time 

enhancing the self-consumption fraction by 7%. The thermal effectivity of the system is also improved 

uniformly by 5%.  

 

 

 

 

 

 

 



Appendix 

- 33 - 
 

Table 34. Yearly efficiency in reference case and with MPC via deviation corrected weighted clustering 

extrapolation for WSchVO95 

 
η

𝑦𝑒𝑎𝑟,𝑟𝑒𝑓
 

(%) 

PSO GA GPS 

η
𝑦𝑒𝑎𝑟,𝑃𝑆𝑂

 

(%) 
MPC Gains 
(% Change) 

η
𝑦𝑒𝑎𝑟,𝐺𝐴

 

(%) 
MPC Gains 
(% Change) 

η
𝑦𝑒𝑎𝑟,𝐺𝑃𝑆

 

(%) 
MPC Gains 
(% Change) 

Energy 
Supply 

Fraction 

Solar Thermal 18.69% 22.91% +4.22% 22.54% +3.85% 21.72% +3.03% 

Gas Boiler 61.78% 60.55% -1.23% 58.78% -3.01% 56.86% -4.93% 

Power-to-Heat 23.55% 17.10% -6.45% 17.34% -6.21% 20.99% -2.56% 

Fuel cell Thermal 4.79% 3.09% -1.70% 3.14% -1.65% 3.48% -1.32% 

Fuel cell Electrical 80.73% 67.94% -12.80% 73.44% -7.29% 71.60% -9.13% 

Photovoltaics 19.30% 31.93% +12.63% 26.48% +7.18% 28.32% +9.02% 
Self-

Consumption 
Fraction 

Fuel cell Electrical 63.39% 58.98% -4.41% 59.40% -3.99% 60.06% -3.33% 

Photovoltaics 36.68% 80.45% +43.77% 81.20% +44.51% 84.57% +47.89% 

Thermal Supply Fraction 108.82% 103.65% -5.17% 103.80% -5.02% 103.05% -5.77% 

Thermal Self Consumption Fraction 100.00% 100.00% 0.00% 100.00% 0.00% 100.00% 0.00% 

Electricity Supply Fraction 100.00% 100.00% 0.00% 100.00% 0.00% 100.00% 0.00% 
Electricity Self Consumption 

Fraction 56.92% 66.61% +9.69% 67.04% +10.13% 68.00% +11.08% 
Power-to-Heat Self Consumption 

Fraction 33.04% 31.62% -1.41% 31.82% -1.22% 36.22% +3.19% 

Decentral System Supply Fraction 100.00% 100.00% 0.00% 100.00% 0.00% 100.00% 0.00% 
Decentral System Self Consumption 

Fraction 80.78% 87.77% +6.99% 87.69% +6.91% 86.82% +6.04% 

IV. Outcomes without FC-CHP for other building standards 

a. KfW55 

Since the electrical system relatively stays the same, the results graphs are not anymore listed here 

but the energy values and the energy fraction are presented. The thermal system results are shown in 

Figure 64 and enlisted in Table 35. Similar to Sonnenhaus, during the summer and autumn days (Days 2-

5), only on Day 2 an increase in EST is seen. Other than that, a slight increase in EP2H is visible. On Day 6, 

via the reported indescribable slight increase in ESH, a 6 kWh less EGB, though could be seen with PSO 

optimizer. And on Day 1, the MPC benefits by reducing the ESH from 43 kWh to 28 kWh with MPC and 

even better, GPS manages to reduce 3 kWh further. This means 28 kWh less EGB for GPS while PSO 

manages only a 21 kWh reduction. With the temperatures (Figure 63), it could be seen that on Day 6, the 

day already starts with a reduced temperature which leads to the increased energy use in the building 

than the status quo.  

 
Figure 63. Temperatures of the representative days in KfW55 standard single-family house without FC-CHP 

(status quo controller vs.  MPC controller) using GPS and PSO optimizers 
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Figure 64. Heat demand and supply of the representative days in KfW55 standard single-family house building 

without FC-CHP (status quo controller vs. MPC controller) using GPS and PSO optimizers 
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Table 35. Daily energy values in kWh/day of the representative days in reference case and with MPC 

implementation for KfW55 without FC-CHP 

Energy (kWh/day) EDHW ESH EST EGB EP2H EPV Eload,el Egrid-exp EBatt,out EPV,direct Egrid-imp 

Day 1 

(11.01.2018) 

Status Quo 12.73 43.72 4.09 50.05 0 2.74 12.34 0 1.06 1.37 9.94 

MPC-GPS 11.85 25.16 4.56 22.4 0 2.74 12.34 0 1.06 1.37 9.94 

MPC-PSO 12.24 27.98 4.49 29.84 0 2.74 12.34 0 1.06 1.37 9.94 

Day 2 

(13-07-2018) 

Status Quo 13.39 0 16.1 0 0 20.88 9.24 10.07 4.69 4.69 0 

MPC-GPS 13.39 0 19.21 0 3.17 20.88 9.24 7.01 4.69 4.69 0 

MPC-PSO 13.37 0 31.4 0 3.73 20.88 9.24 6.47 4.69 4.69 0 

Day 3 

(11-08-2018) 

Status Quo 7.7 0 25.96 0 1.95 17.88 9.99 4.14 4.02 6.09 0 

MPC-GPS 7.7 0 26.02 0 2.05 17.88 9.99 3.97 4.02 6.09 0 

MPC-PSO 7.68 0 25.92 0 3.39 17.88 9.99 2.69 4.02 6.09 0 

Day 4 

(13-10-2018) 

Status Quo 10.08 0 24.72 0 0 18.85 13.89 5.47 6.11 6.38 1.58 

MPC-GPS 10.09 0 24.72 0 1.25 18.85 13.89 4.02 5.83 6.58 1.65 

MPC-PSO 10.08 0 24.79 0 1.82 18.85 13.89 3.42 5.83 6.58 1.65 

Day 5 

(20-10-2018) 

Status Quo 9.12 0 21.25 0 0 8.93 13.89 0 3.73 4.31 5.96 

MPC-GPS 9.13 0 22.22 0 0 8.93 13.89 0 3.73 4.31 5.96 

MPC-PSO 9.13 0 22.29 0 0 8.93 13.89 0 3.73 4.31 5.96 

Day 6 

(25-12-2018) 

Status Quo 11.91 38.01 10.29 51.27 0 4.15 12.34 0 2.12 1.56 8.72 

MPC-GPS 11.81 50.42 10.53 52.85 0.01 4.15 12.34 0 2.2 1.56 8.65 

MPC-PSO 11.33 41.98 10.71 44.58 0 4.15 12.34 0 2.2 1.56 8.65 

From Table 36, it is evident that the MPC brings significant changes in the thermal side of the system. 

In the case of GPS optimizer, via the 28% ESH reduction, even though only a 4% increase in solar thermal 

production could be reported, an enormous 42% reduction in gas boiler usage is seen. With a similar ESH 

reduction, PSO optimizer results in a 16% increase in solar thermal production but it comes at a cost of 

only 34% reduction in gas boiler usage. Thus making it difficult to zero on the best optimizer selection. 

Indeed, the grid export in PSO is 13% less than that of GPS by the extra use of EP2H.  

Table 36. Essential yearly energy values in kWh/a in reference case and the yearly energy values in kWh/a with 

MPC via deviation corrected weighted clustering extrapolation for KfW55 without FC-CHP 

 
𝐸𝑦𝑒𝑎𝑟,𝑟𝑒𝑓  

(kWh) 

GPS PSO 

𝐸6𝑑𝑎𝑦,𝐺𝑃𝑆  

(kWh) 

MPC 
Gains (%) 

𝐸6𝑑𝑎𝑦,𝑃𝑆𝑂  

(kWh) 

MPC 
Gains (%) 

EDHW  4001 3912 -2.24% 3935 -1.65% 

ESH  5568 4005 -28.07% 4058 -27.11% 

EST  5170 5410 +4.65% 5985 +15.77% 

EGB  5934 3411 -42.51% 3892 -34.42% 

EP2H  142 393 +176.39% 553 +288.89% 

EPV  4202 4202 0.00% 4202 0.00% 

Eload,el  4140 4140 0.00% 4140 0.00% 

Egrid-exp  1142 885 -22.52% 731 -36.01% 

EBatt,out 1312 1312 0.00% 1312 0.00% 

EPV,direct 1277 1277 0.00% 1277 0.00% 

Egrid-imp 1589 1591 +0.11% 1591 +0.11% 
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In terms of energy fraction, as seen in Table 37, GPS manages -19% gas boiler supply fraction 

compared to the status quo which is 5% less than what PSO could manage. But PSO reports a 20% increase 

in a solar thermal fraction which is 6% more than GPS. And as seen in Sonnenhaus, due to increase power-

to-heat usage, more so in PSO than GPS, the grid export is reduced which leads to a 10% increase in 

electricity self-consumption with PSO which is 4% more than GPS.  

Table 37. Yearly efficiency in reference case and with MPC via deviation corrected weighted clustering 

extrapolation for KfW55 without FC-CHP 

 
η

𝑦𝑒𝑎𝑟,𝑟𝑒𝑓
 

(%) 

GPS PSO 

η
𝑦𝑒𝑎𝑟,𝐺𝑃𝑆

 

(%) 
MPC Gains 
(% Change) 

η
𝑦𝑒𝑎𝑟,𝑃𝑆𝑂

 

(%) 
MPC Gains 
(% Change) 

Energy 
Supply 

Fraction 

Solar Thermal 54.03% 68.34% +14.31% 74.88% +20.85% 

Gas Boiler 62.01% 43.09% -18.92% 48.68% -13.33% 

Power-to-Heat 1.49% 4.97% +3.48% 6.92% +5.43% 

Thermal Supply Fraction 117.53% 116.40% -1.13% 130.48% +12.95% 

Thermal Self Consumption Fraction 100.00% 100.00% 0.00% 100.00% 0.00% 

Electricity Supply Fraction 62.56% 62.51% -0.05% 62.51% -0.05% 
Electricity Self Consumption 

Fraction 65.01% 70.94% +5.92% 74.74% +9.73% 
Power-to-Heat Self Consumption 

Fraction 3.39% 9.36% +5.97% 13.16% +9.78% 

Decentral System Supply Fraction 88.41% 86.80% -1.60% 86.89% -1.52% 
Decentral System Self Consumption 

Fraction 92.54% 93.21% +0.67% 94.81% +2.27% 

b. Passive house 

With the passive house being the most efficient, as seen in Figure 65 and Table 38, there is no 

difference during the summer and autumn days, except for the increased EST during Day 2 and overall 

increased use of EP2H. On Day 6, the PSO optimizer confusingly requires 46 kWh space heating which is 20 

kWh more than the status quo, but GPS manages to withhold the same ESH requirement. The results could 

also be not explained, as seen in Figure 66, where not much difference is visible in the building 

temperature. Therefore, PSO goes on to use 26 kWh more gas boiler than status quo while GPS uses 6 kWh 

less EGB. On Day 1, astonishingly both GPS and PSO could totally avoid space heating, which is 22 kWh 

savings, however, this does not mean the same is saved in energy input. This is seen in EGB where auxiliary 

usage is only saved by 2 kWh by both optimizers.  
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Figure 65. Heat demand and supply of the representative days in passive house standard single-family house 

building without FC-CHP (status quo controller vs. MPC controller) using GPS and PSO optimizers 

 
Figure 66. Temperatures of the representative days in passive house standard single-family house without FC-

CHP (status quo controller vs.  MPC controller) using GPS and PSO optimizers 
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Table 38. Daily energy values in kWh/day of the representative days in reference case and with MPC 

implementation for passive house without FC-CHP 

Energy (kWh/day) EDHW ESH EST EGB EP2H EPV Eload,el Egrid-exp EBatt,out EPV,direct Egrid-imp 

Day 1 

(11.01.2018) 

Status Quo 12.73 22.63 3.51 21.1 0 2.74 12.34 0 1.06 1.37 9.94 

MPC-GPS 12.6 0 4.11 19.4 0.05 2.74 12.34 0 0.99 1.37 10.01 

MPC-PSO 12.73 0 4.13 19.66 0 2.74 12.34 0 1.06 1.37 9.94 

Day 2 

(13-07-2018) 

Status Quo 13.39 0 16.22 0 0 20.88 9.24 10.07 4.69 4.69 0 

MPC-GPS 13.39 0 19.24 0 2.55 20.88 9.24 7.74 4.69 4.69 0 

MPC-PSO 13.38 0 31.89 0 3.9 20.88 9.24 6.39 4.69 4.69 0 

Day 3 

(11-08-2018) 

Status Quo 7.68 0 26.02 0 1.95 17.88 9.99 4.14 4.02 6.09 0 

MPC-GPS 7.69 0 25.26 0 2.03 17.88 9.99 4.09 4.02 6.09 0 

MPC-PSO 7.7 0 24.87 0 2.5 17.88 9.99 3.15 4.02 6.09 0 

Day 4 

(13-10-2018) 

Status Quo 10.09 0 24.61 0 0 18.85 13.89 5.47 6.11 6.38 1.58 

MPC-GPS 10.1 0 24.79 0 1.25 18.85 13.89 4.02 5.83 6.58 1.65 

MPC-PSO 10.08 0 24.77 0 1.95 18.85 13.89 3.31 5.83 6.58 1.65 

Day 5 

(20-10-2018) 

Status Quo 9.13 0 20.83 0 0 8.93 13.89 0 3.73 4.31 5.96 

MPC-GPS 9.12 0 22.02 0 0 8.93 13.89 0 3.73 4.31 5.96 

MPC-PSO 9.12 0 22.02 0 0 8.93 13.89 0 3.73 4.16 6.1 

Day 6 

(25-12-2018) 

Status Quo 11.91 26.04 10.13 28.69 0 4.15 12.34 0 2.12 1.56 8.72 

MPC-GPS 11.9 26.78 10.23 22.05 0.01 4.15 12.34 0 2.2 1.56 8.65 

MPC-PSO 11.86 46.55 10.48 54.92 0 4.15 12.34 0.01 2.2 1.56 8.65 

Table 39. Essential yearly energy values in kWh/a in reference case and the yearly energy values in kWh/a with 

MPC via deviation corrected weighted clustering extrapolation for passive house without FC-CHP 

 
𝐸𝑦𝑒𝑎𝑟,𝑟𝑒𝑓  

(kWh) 

GPS PSO 

𝐸6𝑑𝑎𝑦,𝐺𝑃𝑆  

(kWh) 

MPC 
Gains (%) 

𝐸6𝑑𝑎𝑦,𝑃𝑆𝑂  

(kWh) 

MPC 
Gains (%) 

EDHW  4001 3988 -0.33% 3999 -0.04% 

ESH  2777 682 -75.44% 1186 -57.31% 

EST  4873 5074 +4.12% 5626 +15.47% 

EGB  3512 3086 -12.13% 4205 +19.74% 

EP2H  132 336 +154.92% 467 +254.60% 

EPV  4202 4202 0.00% 4202 0.00% 

Eload,el  4140 4140 0.00% 4140 0.00% 

Egrid-exp  1152 941 -18.32% 761 -33.98% 

EBatt,out 1312 1312 0.00% 1312 0.00% 

EPV,direct 1277 1277 0.00% 1277 0.00% 

Egrid-imp 1589 1598 +0.52% 1599 +0.57% 

 

On a yearly scale, as in Table 39, despite the anomalies in increased space heating with PSO on Day 

6, 57% reduction with space heating is achieved which leads to 15% more EST and 19% increase in EGB. But 

with GPS, even better, 75% reduction in ESH is made possible. However, this obviously means reduced 

energy production requirement, which leads to only a 4% increase of EST and an astonishing 12% reduction 

in EGB. And in Table 40, it could be seen that despite the differences in production energy values, the solar 

thermal fraction is equally increased by 36% by both PSO and GPS optimizers. But the disadvantage of 
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having a huge energy demand reduction with GPS means a 14% increase in gas boiler supply fraction, 

even though the system is made more efficient. And with PSO, GB fraction further increases by 29% 

Table 40. Yearly efficiency in reference case and with MPC via deviation corrected weighted clustering 

extrapolation for passive house without FC-CHP 

 
η

𝑦𝑒𝑎𝑟,𝑟𝑒𝑓
 

(%) 

GPS PSO 

η
𝑦𝑒𝑎𝑟,𝐺𝑃𝑆

 

(%) 
MPC Gains 
(% Change) 

η
𝑦𝑒𝑎𝑟,𝑃𝑆𝑂

 

(%) 
MPC Gains 
(% Change) 

Energy 
Supply 

Fraction 

Solar Thermal 71.89% 108.65% +36.76% 108.52% +36.63% 

Gas Boiler 51.81% 66.08% +14.27% 81.10% +29.29% 

Power-to-Heat 1.94% 7.19% +5.24% 9.00% +7.06% 

Thermal Supply Fraction 125.64% 181.92% +56.27% 198.62% +72.98% 

Thermal Self Consumption Fraction 100.00% 100.00% 0.00% 100.00% 0.00% 

Electricity Supply Fraction 62.56% 62.35% -0.21% 62.34% -0.22% 
Electricity Self Consumption 

Fraction 64.76% 69.41% +4.65% 72.52% +7.76% 
Power-to-Heat Self Consumption 

Fraction 3.13% 7.99% +4.85% 11.11% +7.98% 

Decentral System Supply Fraction 85.44% 81.86% -3.58% 82.86% -2.59% 
Decentral System Self Consumption 

Fraction 90.84% 92.39% +1.54% 94.58% +3.73% 

c. WSchVO95 

With the WSchVO95 building though, things look different, as seen in Figure 68 and Table 41. On the 

summer day, the solar thermal contribution could be doubled from 15 kWh to 30 kWh. On Day 3 too, a 

slight improvement in EST is present. With Day 4 already needing space heating, it was expected to increase 

EST but to the surprise, GPS has the same EST while PSO increases EP2H with a further reduced EST. But well 

on Day 5, with 50 kWh ESH demand, PSO and GPS could negligibly reduce ESH but functions better in 

increasing the EST uniformly by 3 kWh and PSO manages to reduce EGB use by 19 kWh while GPS manages 

only by 11 kWh. On Day 6, with whopping 140 kWh required for ESH, the MPC, as shown in Figure 67, 

reduces the room temperature to a detrimental <19°C, this despite MPC allowing a penalized room 

temperature, but seemingly the penalty is too low for this particular old building, as the MPC decides to 

penalize building temperature than to increase EGB. Thus, MPC reduces ca. 30 kWh in ESH by reducing the 

room temperature with GPS and 4 kWh more via PSO. This leads to a similar 25 kWh reduction of EGB 

usage with GPS and 30 kWh less with PSO. On Day 1 too, PSO succeeds in more ESH and EGB reduction 

than GPS.  

 
Figure 67. Temperatures of the representative days in WSchVO95 standard single-family house without FC-CHP 

(status quo controller vs.  MPC controller) using GPS and PSO optimizers 
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Figure 68. Heat demand and supply of the representative days in WSchVO95 standard single-family house 

building without FC-CHP (status quo controller vs. MPC controller) using GPS and PSO optimizers 

The results obtained, as in Table 42, shows a 20% reduction in space heating using PSO, 3% more than 

GPS. However, the space heating for WSchVO95 is not ideal as the TBUI is less than 19°C for most of the 

day. Thus, indicating the need for a small change in the objective function definition or the penalty value. 

However, the current results indicate an 18% increase in solar thermal energy production. Also, a 25% 

reduction in EGB is reported with PSO, 5% more than with GPS. And in terms of solar fraction, as seen in 

Table 43, 10% increase along with -6% and -8% gas boiler supply fraction change with GPS and PSO 

respectively are reported for this high energy-consuming building standard.  
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Table 41. Daily energy values in kWh/day of the representative days in reference case and with MPC 

implementation for WSchVO95 without FC-CHP 

Energy (kWh/day) EDHW ESH EST EGB EP2H EPV Eload,el Egrid-exp EBatt,out EPV,direct Egrid-imp 

Day 1 

(11.01.2018) 

Status Quo 12.73 129.05 3.77 137.98 0 2.74 12.34 0 1.06 1.37 9.94 

MPC-GPS 12.73 105.27 3.94 112.82 0.2 2.74 12.34 0 0.82 1.42 10.13 

MPC-PSO 12.73 100.68 3.89 110.48 0 2.74 12.34 0 1.13 1.19 10.06 

Day 2 

(13-07-2018) 

Status Quo 13.39 0 15.96 0 0 20.88 9.24 10.07 4.69 4.69 0 

MPC-GPS 13.37 0 30.66 0 0.75 20.88 9.24 9.53 4.69 4.69 0 

MPC-PSO 13.37 0 31.66 0 0.64 20.88 9.24 9.63 4.69 4.69 0 

Day 3 

(11-08-2018) 

Status Quo 7.69 0 23.74 0 1.7 17.88 9.99 4.39 4.02 6.09 0 

MPC-GPS 7.7 0 25.9 0 1.94 17.88 9.99 4.09 4.02 6.09 0 

MPC-PSO 7.68 0 26.07 0 3.29 17.88 9.99 2.69 4.02 6.09 0 

Day 4 

(13-10-2018) 

Status Quo 10.09 4.96 24.34 0 0 18.85 13.89 5.47 6.11 6.38 1.58 

MPC-GPS 10.06 4.87 24.75 0 1.35 18.85 13.89 4.1 6.11 6.38 1.58 

MPC-PSO 10.06 4.87 20.97 0 2.1 18.85 13.89 3.32 5.41 6.44 2.2 

Day 5 

(20-10-2018) 

Status Quo 9.13 49.3 29.71 20.56 0 8.93 13.89 0 3.73 4.31 5.96 

MPC-GPS 9.14 47.99 32.69 9.13 0 8.93 13.89 0 3.73 4.31 5.96 

MPC-PSO 9.14 48 33.88 1.31 0 8.93 13.89 0 3.73 4.31 5.96 

Day 6 

(25-12-2018) 

Status Quo 11.91 138.24 9.88 141.81 0 4.15 12.34 0 2.12 1.56 8.72 

MPC-GPS 11.91 107.01 10.01 115.62 0.01 4.15 12.34 0 2.2 1.56 8.65 

MPC-PSO 11.91 103.12 10.02 110.78 0.01 4.15 12.34 0 2.07 1.64 8.69 

Table 42. Essential yearly energy values in kWh/a in reference case and the yearly energy values in kWh/a with 

MPC via deviation corrected weighted clustering extrapolation for WSchVO95 without FC-CHP 

 
𝐸𝑦𝑒𝑎𝑟,𝑟𝑒𝑓  

(kWh) 

GPS PSO 

𝐸6𝑑𝑎𝑦,𝐺𝑃𝑆  

(kWh) 

MPC 
Gains (%) 

𝐸6𝑑𝑎𝑦,𝑃𝑆𝑂  

(kWh) 

MPC 
Gains (%) 

EDHW  4003 4001 -0.05% 4000 -0.08% 

ESH  19722 16395 -16.87% 15828 -19.74% 

EST  6019 7149 +18.76% 7063 +17.33% 

EGB  19077 15171 -20.47% 14373 -24.66% 

EP2H  206 464 +125.30% 656 +218.17% 

EPV  4202 4202 0.00% 4202 0.00% 

Eload,el  4140 4140 0.00% 4140 0.00% 

Egrid-exp  1078 960 -10.91% 831 -22.92% 

EBatt,out 1312 1312 0.00% 1312 0.00% 

EPV,direct 1277 1277 0.00% 1277 0.00% 

Egrid-imp 1589 1606 +1.03% 1634 +2.83% 
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Table 43. Yearly efficiency in reference case and with MPC via deviation corrected weighted clustering 

extrapolation for WSchVO95 without FC-CHP 

 
η

𝑦𝑒𝑎𝑟,𝑟𝑒𝑓
 

(%) 

GPS PSO 

η
𝑦𝑒𝑎𝑟,𝐺𝑃𝑆

 

(%) 
MPC Gains 
(% Change) 

η
𝑦𝑒𝑎𝑟,𝑃𝑆𝑂

 

(%) 
MPC Gains 
(% Change) 

Energy 
Supply 

Fraction 

Solar Thermal 25.37% 35.05% +9.68% 35.62% +10.25% 

Gas Boiler 80.41% 74.38% -6.03% 72.49% -7.92% 

Power-to-Heat 0.87% 2.28% +1.41% 3.31% +2.44% 

Thermal Supply Fraction 106.65% 111.71% +5.06% 111.42% +4.77% 

Thermal Self Consumption Fraction 100.00% 100.00% 0.00% 100.00% 0.00% 

Electricity Supply Fraction 62.56% 62.16% -0.40% 61.48% -1.07% 
Electricity Self Consumption 

Fraction 66.53% 72.28% +5.75% 76.17% +9.64% 
Power-to-Heat Self Consumption 

Fraction 4.90% 11.05% +6.14% 15.60% +10.70% 

Decentral System Supply Fraction 94.30% 93.45% -0.84% 93.18% -1.12% 
Decentral System Self Consumption 

Fraction 96.32% 96.38% +0.06% 96.76% +0.44% 

V. Final results with PSO optimizer for different buildings 

With the improvised objective function as in Equation (14) after the outcomes in Section 5.2 and 5.3, 

the results as in this section are obtained. 

a. Sonnenhaus 
In Figure 70 and Table 44, the thermal energy results on a day-to-day basis are shown. During the 

summer days Day 2 and Day 3, it is visible that the power-to-heat is reduced, more so optimally with PSO 

than GPS which also leads to a slightly increased EST production. On the transition season day, Day 4, there 

is a clear advantage of using PSO where PSO produces 16.92 kWh from solar collectors while GPS only 

manages 13.64 kWh. On Day 5, with space heating demand of 22 kWh, the MPC manages to reduce the 

ESH only by a kWh. By reducing the EP2H from 22 kWh to 5 kWh both PSO and GPS manages to supply the 

loads by increasing the EGB production from 18 kWh to 22 kWh. On Day 6, as seen in Figure 69, the MPC 

manages to keep the same room temperature while reducing the ESH from 58 kWh to 56 kWh using PSO 

and to 52 kWh with GPS.  

 

Figure 69. Space heating temperatures of the representative days in Sonnenhaus standard single-family house 

building (status quo controller vs. MPC controller) using PSO and GPS optimizers 

It can be seen that the previously known problem of hysteresis with PSO for GB control is reduced 

but is still visible in comparison to the GPS control, especially on Day 6. Otherwise, the grid export during 

winter days is diminished with the improved objective function. On Day 1, PSO performs slightly better 
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in reducing the ESH from 64 kWh to 51 kWh while GPS manages to reduce it to 52 kWh. But both do have 

a 0.25°C difference in the room temperature which is a compromise for the saved 13 kWh. But due to the 

22 kWh reduction in EP2H, the EGB had to be increased from 32 kWh to 42 kWh using GPS and to 45 kWh 

with PSO. This 3 kWh difference might possibly be the result of the hysteresis on the GB control using 

PSO. 

 

 

Figure 70. Heat demand and supply of the representative days in Sonnenhaus standard single-family house 

building (status quo controller vs. MPC controller) using GPS and PSO optimizers 
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Table 44. Daily energy values in kWh/day of the representative days in reference case and with MPC 

implementation for Sonnenhaus 

Energy 

(kWh 

/day) 

Day 1 (11.01.2018) Day 2 (13.07.2018) Day 3 (11.08.2018) Day 4 (13.10.2018) Day 5 (20.10.2018) Day 6 (25.12.2018) 

Status 

Quo 
MPC-

PSO 
MPC-

GPS 
Status 

Quo 

MPC-

PSO 

MPC-

GPS 

Status 

Quo 

MPC-

PSO 

MPC-

GPS 

Status 

Quo 

MPC-

PSO 

MPC-

GPS 
Status 

Quo 
MPC-

PSO 
MPC-

GPS 
Status 

Quo 
MPC-

PSO 
MPC-

GPS 

EDHW 12.70 12.65 12.63 13.39 13.39 13.39 7.69 7.68 7.69 10.10 10.09 10.10 9.08 9.08 9.08 11.90 11.88 11.83 

ESH 64.72 51.33 52.31 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 22.23 21.09 21.10 57.66 55.95 51.94 

EST 3.78 4.24 4.25 10.04 8.11 7.94 14.03 15.48 15.43 12.29 16.92 13.64 18.16 22.74 22.74 9.64 9.41 9.48 

EGB 33.25 45.20 42.35 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 38.48 45.39 43.00 

EP2H 26.30 4.39 5.02 8.55 0.00 0.13 3.91 1.08 2.07 8.65 1.54 2.76 22.17 5.84 5.91 24.76 3.67 3.99 

EPV 2.74 2.74 2.74 20.88 20.88 20.88 17.88 17.88 17.88 18.85 18.85 18.85 8.93 8.93 8.93 4.15 4.15 4.15 

Eload,el 12.34 12.34 12.34 9.24 9.24 9.24 9.99 9.99 9.99 13.89 13.89 13.89 13.89 13.89 13.89 12.34 12.34 12.34 

Egrid-exp 0.00 0.14 0.00 38.43 22.86 22.65 39.37 17.72 16.88 31.52 13.94 12.61 8.38 0.22 0.02 0.00 0.01 0.00 

EFC,el 36.00 12.00 12.00 36.00 12.00 12.00 36.00 12.00 12.00 36.00 12.00 12.00 36.00 12.00 12.00 36.00 12.00 12.00 

EFC,th 3.19 1.06 1.06 3.19 1.06 1.06 3.19 1.06 1.06 3.19 1.06 1.06 3.19 1.06 1.06 3.19 1.06 1.06 

EBatt,out 0.01 2.79 2.79 0.02 0.57 0.57 0.00 0.33 0.33 0.01 1.34 1.34 0.05 1.92 1.92 0.01 2.74 2.72 

EPV,direct 1.00 1.05 1.05 2.63 2.81 2.81 3.19 3.55 3.55 3.45 3.71 3.71 2.86 2.92 2.92 1.09 1.14 1.08 

EFC,direct 11.33 8.59 8.59 6.58 5.87 5.87 6.80 6.12 6.12 10.42 8.88 8.88 10.98 9.11 9.11 11.24 8.54 8.54 

EP2H,PV 1.63 1.11 1.61 1.03 0.00 0.00 1.25 0.72 1.04 0.63 1.26 1.39 2.41 3.16 3.04 0.00 0.22 0.53 

EP2H,FC 24.67 3.28 3.41 7.51 0.00 0.13 2.66 0.36 1.03 8.02 0.28 1.37 19.76 2.68 2.87 24.76 3.45 3.46 

Egrid-exp,PV 0.00 0.01 0.00 16.52 16.73 16.65 12.83 12.20 12.04 13.97 11.09 10.85 3.12 0.01 0.00 0.00 0.00 0.00 

Egrid-exp,FC 0.00 0.13 0.00 21.90 6.13 6.00 26.54 5.52 4.85 17.55 2.85 1.76 5.26 0.21 0.02 0.00 0.01 0.00 

Egrid-imp 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.08 

In terms of the electrical system as in Figure 72, the increase in optimization time and increased 

penalty for P2H via FC did the trick of reducing the unwanted increase in production via FC-CHP. During 

the summer days, Day 2 and Day 3, with increased direct use of the PV using MPC the excess electricity is 

used by GPS slightly more for power-to-heat while PSO feeds more electricity to the grid. Thus expectedly, 

PSO paves way for increased use of solar thermal collectors. On Day 4 and Day 5, it is clearly visible that 

when there is a space heating demand, then PSO, as in Day 5 uses more P2H, especially via PV and when 

there is no SH demand, P2H is kept to as minimum as possible. On contrary GPS tends to always use more 

P2H, which in fact leads to less grid export than using PSO, especially on Day 4. On Day 6 the outcomes 

of the optimizers are almost same with higher P2H utilization using MPC and also an increased battery 

usage. One visible difference is the use of 0.08 kWh grid import using GPS, which is hardly visible in the 

temporal graph.  

 

Figure 71. Fractional state of charge of the battery in Sonnenhaus standard single-family house building (status 

quo controller vs. MPC controller) using GPS and PSO optimizers 
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Figure 72. Power demand and supply of the representative days in Sonnenhaus standard single-family house 

building (status quo controller vs. MPC controller) using GPS and PSO optimizers 

With almost no PV production on Day 1, the only changes between GPS and PSO are that PSO 

confusingly exports FC produced electricity (0.13 kWh) to the grid instead of using it as power-to-heat. On 

the yearly scale, as enlisted in Table 45, both GPS and PSO manages to reduce the space heating demand 

by 15%, which leads to an increased solar thermal production of 14% via PSO while GPS only manages to 

increase by 9%. The reason for this, as seen in day-to-day analysis can be narrowed down to increased use 

of P2H. PSO manages to reduce the P2H contribution by -82% while GPS to only -78%. And on the other 

hand, PSO requires more GB input energy, ca. 8% more in comparison to GPS. This increased GB use could 

be due to reduced P2H and partly also due to the hysteresis in the GB control using PSO. On the electrical 

side, not many differences between the optimizers could be seen, except for the almost negligible grid 

import; the increased use of P2H; and thereby reduced grid export from GPS in comparison to PSO. The 

same results are acknowledged in terms of energy supply and consumption fraction (Table 46) with PSO 

slightly better than the GPS in terms of solar fraction and P2H consumption while GPS is slightly better in 

terms of GB usage.  
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Table 45. Yearly energy values in kWh/a in reference case and the yearly energy values in kWh/a with MPC via 

deviation corrected weighted clustering extrapolation and balanced correction of the weighted clustering 

extrapolation for Sonnenhaus 

 
𝐸𝑦𝑒𝑎𝑟,𝑟𝑒𝑓  

(kWh) 

PSO GPS 

𝐸6𝑑𝑎𝑦,𝑃𝑆𝑂  

(kWh) 

MPC 
Gains (%) 

𝐸6𝑑𝑎𝑦,𝐺𝑃𝑆  

(kWh) 

MPC 
Gains (%) 

EDHW  3999 3992 -0.17% 3990 -0.21% 

ESH  9504 8015 -15.67% 8004 -15.79% 

EST  4201 4791 +14.04% 4579 +8.98% 

EGB  5023 6611 +31.63% 6209 +23.62% 

EP2H  5338 947 -82.26% 1157 -78.32% 

EPV  4202 4202 0.00% 4202 0.00% 

Eload,el  4140 4140 -0.00% 4140 0.00% 

Egrid-exp  7711 3595 -53.38% 3411 -55.76% 

EFC,el  13140 4380 -66.67% 4380 -66.67% 

EFC,th 1166 389 -66.67% 389 -66.67% 

EBatt,out 49 541 - 540 - 

EPV,direct 750 849 +13.19% 848 +12.98% 

EFC,direct 3342 2743 -17.92% 2743 -17.92% 

EP2H,PV 663 472 -28.75% 654 -1.38% 

EP2H,FC  4675 321 -93.13% 423 -90.95% 

Egrid-exp,PV  2589 2270 -12.32% 2169 -16.20% 

Egrid-exp,FC  5122 1322 -74.19% 1224 -76.10% 

Egrid-imp 0 0 - 2 - 

Table 46. Yearly efficiency in reference case and with MPC via deviation corrected weighted clustering 

extrapolation for Sonnenhaus 

 
η

𝑦𝑒𝑎𝑟,𝑟𝑒𝑓
 

(%) 

PSO GPS 

η
𝑦𝑒𝑎𝑟,𝑃𝑆𝑂

 

(%) 
MPC Gains 
(% Change) 

η
𝑦𝑒𝑎𝑟,𝐺𝑃𝑆

 

(%) 
MPC Gains 
(% Change) 

Energy 
Supply 

Fraction 

Solar Thermal 31.11% 39.90% +8.79% 38.17% +7.06% 

Gas Boiler 37.20% 55.06% +17.86% 51.77% +14.57% 

Power-to-Heat 39.53% 7.89% -31.64% 9.65% -29.88% 

Fuel cell Thermal 8.64% 3.24% -5.40% 3.24% -5.40% 

Fuel cell Electrical 80.73% 66.27% -14.47% 66.27% -14.47% 

Photovoltaics 19.30% 33.58% +14.28% 33.53% +14.23% 
Self-

Consumption 
Fraction 

Fuel cell Electrical 61.02% 69.96% +8.95% 72.29% +11.28% 

Photovoltaics 34.79% 44.32% +9.53% 48.58% +13.80% 

Thermal Supply Fraction 116.48% 106.09% -10.39% 102.83% -13.65% 

Thermal Self Consumption Fraction 100.00% 100.00% 0.00% 100.00% 0.00% 

Electricity Supply Fraction 100.00% 100.00% 0.00% 99.95% -0.05% 
Electricity Self Consumption 

Fraction 54.66% 57.41% +2.75% 60.68% +6.02% 
Power-to-heat Self Consumption 

Fraction 30.78% 11.04% -19.74% 13.48% -17.30% 

Decentral System Supply Fraction 100.00% 100.00% 0.00% 99.99% -0.01% 
Decentral System Self Consumption 

Fraction 72.19% 82.37% +10.17% 82.82% +10.63% 



Appendix 

- 47 - 
 

 

Figure 73. Objective function fitness value for each day over the optimization time (48 hours maximum) for each 

of the representative days in Sonnenhaus using PSO and GPS optimizers 

As seen in Figure 73, with each representative day of 48 hours maximum optimization time, the 

results suggest that PSO functions quite faster and better than GPS on the summer days and on the 

transition season, especially Day 3 and Day 4. And on the winter, Day 1, it could be seen that for PSO, even 

the 48 hour optimization time is not enough to attain a steady-state solution, and this could be the reason 

for the grid export using FC on that particular day.  

b. KfW55 

With the KfW55 building standard, there is no building heating demand also on the transition season 

representative days and thereby Day 2-5 can be more or less treated the same. As seen in Figure 75 and 

Table 47, the trend is quite clear. During the days without ESH demand, PSO performs better with an 

increased solar thermal production and a reduced EP2H. On Day 6, PSO even though manages to reduce 

the ESH, still does not in fact change the EGB usage. On Day 1, the difference is huge with ESH reduced from 

45 kWh to 26 kWh with PSO while GPS only manages to reduce to 36 kWh. This also leaves GPS optimizer 

MPC needing 10 kWh more EGB despite the use of more EP2H than PSO.  

 

Figure 74. Temperatures of the representative days in KfW55 building with status quo controller and with MPC 

controller using PSO and GPS optimizers 
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Figure 75. Heat demand and supply of the representative days in KfW55 building with status quo controller and 

with MPC controller using PSO and GPS optimizers 

It is also worth noting that on Day 1 the total energy demand is ca. 40 kWh, but this energy demand 

is met with only 22 kWh energy input with PSO. The reason for this being that the previous two days in 

the simulation is a sunny day and the winter day’s energy demand is met partly with the carryover of 

energy from the previous days’ which is stored in the thermal storage. This in fact is a problem when it 

comes to the extrapolation on an annual scale. This can be seen in Table 49 which is discussed later.  
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Table 47. Daily energy values in kWh/day of the representative days in reference case and with MPC 

implementation for KfW55 

Energy 

(kWh 

/day) 

Day 1 (11.01.2018) Day 2 (13.07.2018) Day 3 (11.08.2018) Day 4 (13.10.2018) Day 5 (20.10.2018) Day 6 (25.12.2018) 

Status 

Quo 
MPC-

PSO 
MPC-

GPS 
Status 

Quo 

MPC-

PSO 

MPC-

GPS 

Status 

Quo 

MPC-

PSO 

MPC-

GPS 

Status 

Quo 

MPC-

PSO 

MPC-

GPS 
Status 

Quo 
MPC-

PSO 
MPC-

GPS 
Status 

Quo 
MPC-

PSO 
MPC-

GPS 

EDHW 12.69 12.59 12.59 13.39 13.39 13.39 7.69 7.69 7.69 10.10 10.08 10.10 9.08 9.09 9.08 11.90 11.74 11.69 

ESH 45.42 26.55 36.12 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 38.68 37.11 39.01 

EST 3.80 4.46 4.38 9.57 8.33 7.97 13.62 15.79 14.25 11.66 16.89 13.91 11.71 16.49 14.24 9.69 10.23 10.06 

EGB 17.49 12.84 23.84 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 29.75 25.52 25.85 

EP2H 26.30 3.83 5.02 9.54 0.00 0.15 3.91 1.05 2.10 8.65 0.29 3.21 11.03 3.77 4.97 24.76 4.43 3.95 

EPV 2.74 2.74 2.74 20.88 20.88 20.88 17.88 17.88 17.88 18.85 18.85 18.85 8.93 8.93 8.93 4.15 4.15 4.15 

Eload,el 12.34 12.34 12.34 9.24 9.24 9.24 9.99 9.99 9.99 13.89 13.89 13.89 13.89 13.89 13.89 12.34 12.34 12.34 

Egrid-exp 0.00 0.09 0.00 37.44 22.78 22.62 39.37 17.92 16.85 31.52 15.41 12.26 19.52 2.18 2.45 0.00 0.08 0.00 

EFC,el 36.00 12.00 12.00 36.00 12.00 12.00 36.00 12.00 12.00 36.00 12.00 12.00 36.00 12.00 13.50 36.00 12.00 12.00 

EFC,th 3.19 1.06 1.06 3.19 1.06 1.06 3.19 1.06 1.06 3.19 1.06 1.06 3.19 1.06 1.20 3.19 1.06 1.06 

EBatt,out 0.01 2.79 2.79 0.02 0.57 0.57 0.00 0.33 0.33 0.01 1.34 1.34 0.05 1.92 1.92 0.01 1.87 2.33 

EPV,direct 1.00 1.05 1.05 2.63 2.81 2.81 3.19 3.55 3.55 3.45 3.71 3.71 2.86 2.92 2.92 1.09 1.07 1.12 

EFC,direct 11.33 8.59 8.59 6.58 5.87 5.87 6.80 6.12 6.12 10.42 8.88 8.88 10.98 9.11 9.11 11.24 8.54 8.54 

EP2H,PV 1.63 0.50 1.61 1.03 0.00 0.00 1.27 0.51 0.78 0.63 0.20 2.10 0.63 2.94 2.28 0.00 1.05 0.49 

EP2H,FC 24.67 3.32 3.41 8.50 0.00 0.15 2.64 0.54 1.32 8.02 0.08 1.12 10.40 0.83 2.69 24.76 3.38 3.46 

Egrid-exp,PV 0.00 0.00 0.00 16.52 16.65 16.65 12.82 12.58 12.29 13.97 12.37 10.25 4.90 0.11 0.74 0.00 0.00 0.00 

Egrid-exp,FC 0.00 0.09 0.00 20.91 6.13 5.98 26.56 5.33 4.55 17.55 3.04 2.01 14.62 2.06 1.71 0.00 0.08 0.00 

Egrid-imp 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.91 0.42 

 

Figure 76. Temperatures of the representative days in KfW55 standard single-family house building with status 

quo controller and with MPC controller using PSO and GPS optimizers 

On the electrical side, during Days 2-5, the outcomes are quite similar except for the Day 2 and 3 

where the grid export is higher with PSO due to the non-utilization of the P2H. On Day 6, astonishingly, 

despite being a summer day, both GPS and PSO decides to use grid import for the electrical loads and 

utilize the PV to produce heat. Due to the fact that GB induces more charging losses in the storage and has 

more hysteresis with PSO, it is possible that P2H-PV is more efficient in delivering the heat directly on that 

respective node in the thermal storage. Thus, leading to a slightly increased use of P2H and later choosing 

to import electricity from the grid to satisfy the electrical loads. The reason for this is that on Day 6, GPS 

decides to increase the FC-CHP production during the evening peak which leads to reduced grid import.  
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Figure 77. Power demand and supply of the representative days in KfW55 building with status quo controller 

and with MPC controller using PSO and GPS optimizers  

On Day 1 though, there is no grid import required, despite very low PV production. This again could 

pinpoint to the sound battery FSOC, as shown in Figure 76. The FSOC on Day 1 starts with 0.69 stating 

that battery could supply ca. 3 kWh. The reason behind this being that the winter day comes after two cold 

sunny winter days, which in fact distorts the results slightly and hinders the yearly extrapolation.  

In terms of energy values, as seen in Table 48, ESH is reduced by 34% with PSO while GPS manages 

only -16%. On the gas boiler production, this means GPS needs 8% more supply fraction. And for P2H, 

even though the gas boiler usage is also more, ca. 5% more supply fraction is required from P2H with GPS 

in comparison to PSO. For the solar thermal, of course, PSO is estimated to function better with ca. 20% 

more solar thermal fraction. On the electrical side, also PSO works better in increasing the PV supply 

fraction from 19% in the status quo to 33%, ca. 3% more than GPS. Also, better use of battery can be seen 
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via PSO. But this comes at the compromise of increased grid import for PSO and at the compromise of 

increased FC-CHP production for GPS. Also, the decentral system self-consumption is improved by PSO 

a bit more than by GPS.  

Table 48. Yearly energy values in kWh/a in reference case and the yearly energy values in kWh/a with MPC via 

deviation corrected weighted clustering extrapolation and balanced correction of the weighted clustering 

extrapolation for KfW55 building 

 
𝐸𝑦𝑒𝑎𝑟,𝑟𝑒𝑓  

(kWh) 

PSO GPS 

𝐸6𝑑𝑎𝑦,𝑃𝑆𝑂  

(kWh) 

MPC 
Gains (%) 

𝐸6𝑑𝑎𝑦,𝐺𝑃𝑆  

(kWh) 

MPC 
Gains (%) 

EDHW  3996 3981 -0.36% 3980 -0.40% 

ESH  5745 3764 -34.48% 4799 -16.46% 

EST  3624 4383 +20.95% 3771 +4.06% 

EGB  2457 1900 -22.65% 2964 +20.64% 

EP2H  4849 744 -84.65% 1222 -74.79% 

EPV  4202 4202 0.00% 4202 0.00% 

Eload,el  4140 4140 0.00% 4140 0.00% 

Egrid-exp  8200 3765 -54.08% 3977 -51.50% 

EFC,el  13140 4380 -66.67% 4937 -62.42% 

EFC,th 1166 389 -66.67% 438 -62.42% 

EBatt,out 49 519 - 474 - 

EPV,direct 750 848 +12.97% 759 +1.13% 

EFC,direct 3342 2743 -17.92% 2824 -15.50% 

EP2H,PV 538 738 +37.24% 1301 +141.75% 

EP2H,FC  4311 0 -100.00% 0 -100.00% 

Egrid-exp,PV  2713 2010 -25.91% 1548 -42.96% 

Egrid-exp,FC  5487 1685 -69.29% 2468 -55.01% 

Egrid-imp 0 23 - 11 - 

In Table 49, one can see that the extrapolated thermal supply fraction drops to 96% which is in fact 

impossible because as per the day-to-day analysis, all the energy demands are met. Thus, indicating a 

discrepancy in the yearly extrapolation which arises from Day 1 due to the initial state of that particular 

day, where both thermal and electrical storage does have carryover energy from the previous day. This 

could have been addressed with the deviation factor and the only reason it has not could be that also on 

the previous day, the system via MPC is subject to better management which leads to an enhanced 

opportunity to use the carryover energy on the next day. This could mean that the solar thermal supply 

fraction could be increased on this particular Day 1 but it might not hold true for all days in the cloudy 

winter day category. Thus, indicating a percentage of uncertainty to be declared from the outcomes of 

annual scale extrapolation. Nevertheless, it is better than analyzing just on a day to day basis or on a 

particular week without knowing in what range one could expect the MPC to influence the results on a 

full year. 
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Table 49. Yearly efficiency in reference case and with MPC via deviation corrected weighted clustering 

extrapolation for KfW55 building  

 
η

𝑦𝑒𝑎𝑟,𝑟𝑒𝑓
 

(%) 

PSO GPS 

η
𝑦𝑒𝑎𝑟,𝑃𝑆𝑂

 

(%) 
MPC Gains 
(% Change) 

η
𝑦𝑒𝑎𝑟,𝐺𝑃𝑆

 

(%) 
MPC Gains 
(% Change) 

Energy 
Supply 

Fraction 

Solar Thermal 37.20% 56.59% 19.39% 42.95% 5.75% 

Gas Boiler 25.22% 24.54% -0.69% 33.76% 8.54% 

Power-to-Heat 49.78% 9.61% -40.18% 13.92% -35.86% 

Fuel cell Thermal 11.97% 5.02% -6.95% 4.99% -6.98% 

Fuel cell Electrical 80.73% 66.27% -14.47% 68.22% -12.51% 

Photovoltaics 19.30% 33.02% 13.71% 29.79% 10.48% 
Self-

Consumption 
Fraction 

Fuel cell Electrical 58.24% 62.63% 4.39% 57.20% -1.04% 

Photovoltaics 31.82% 50.10% 18.28% 60.30% 28.48% 

Thermal Supply Fraction 124.18% 95.75% -28.43% 95.63% -28.55% 

Thermal Self Consumption Fraction 100.00% 100.00% 0.00% 100.00% 0.00% 

Electricity Supply Fraction 100.00% 99.43% -0.57% 99.74% -0.26% 
Electricity Self Consumption 

Fraction 51.84% 56.49% 4.65% 58.62% 6.78% 
Power-to-heat Self Consumption 

Fraction 27.96% 8.67% -19.29% 13.37% -14.59% 

Decentral System Supply Fraction 100.00% 99.80% -0.20% 99.92% -0.08% 
Decentral System Self Consumption 

Fraction 66.65% 75.77% 9.12% 75.38% 8.73% 

The objective function fitness as shown in Figure 72, indicates that 48 hours is quite the time required 

for a steady-state fitness on Day 1. On Day 2 and 3, GPS takes more time while on Day 3, 4 and 5, PSO 

achieves better fitness value. But on contrary, GPS functions better in terms of fitness value of Day 6 with 

increasing the FC-CHP production and reducing the grid import.  

 

 

Figure 78. Objective function fitness value for each day over the optimization time (48 hours maximum) for each 

of the representative days in KfW55 using PSO and GPS optimizers 

c. Passive house 
With the most energy-efficient passive house, the summer and transition season days as seen in 

Figure 79 and Table 50, the trend with PSO and GPS is the same as KfW55: overall reduced P2H which 
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enhances EST production, more so with PSO except for in Day 2; increased P2H use by GPS than PSO. On 

Day 6, with 29 kWh ESH demand on status quo, only 2 kWh could be reduced by the MPCs with PSO 

requiring 25 kWh supply from GB while GPS manages with only 18 kWh via slightly better use of P2H. 

On Day 1, astonishingly GPS tends to totally avoid the use of building heating as seen in Figure 80, which 

again could be the aftereffects of two sunny previous days. And due to this, the PSO requires slightly more 

GB input and more P2H conversion.  

 

Figure 79. Heat demand and supply of the representative days in passive house with status quo controller and 

with MPC controller using PSO and GPS optimizers 
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Figure 80. Temperatures of the representative days in passive house with status quo controller and with MPC 

controller using PSO and GPS optimizers 

Table 50. Daily energy values in kWh/day of the representative days in reference case and with MPC 

implementation for passive house 

Energy 

(kWh 

/day) 

Day 1 (11.01.2018) Day 2 (13.07.2018) Day 3 (11.08.2018) Day 4 (13.10.2018) Day 5 (20.10.2018) Day 6 (25.12.2018) 

Status 

Quo 
MPC-

PSO 
MPC-

GPS 
Status 

Quo 

MPC-

PSO 

MPC-

GPS 

Status 

Quo 

MPC-

PSO 

MPC-

GPS 

Status 

Quo 

MPC-

PSO 

MPC-

GPS 
Status 

Quo 
MPC-

PSO 
MPC-

GPS 
Status 

Quo 
MPC-

PSO 
MPC-

GPS 

EDHW 12.74 12.73 12.73 13.39 13.39 13.39 7.69 7.68 7.69 10.09 10.09 10.08 9.06 9.08 9.07 11.90 11.90 11.91 

ESH 24.09 15.78 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 29.24 27.48 27.16 

EST 2.59 3.24 3.27 10.04 8.11 7.97 13.91 15.48 15.26 15.06 16.99 14.17 11.57 15.20 13.30 9.49 9.02 9.10 

EGB 1.44 1.62 0.21 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 12.25 25.81 17.41 

EP2H 24.63 4.92 3.41 8.80 0.00 0.15 3.91 1.33 2.53 8.90 1.03 2.69 9.12 2.21 4.37 24.76 3.44 3.95 

EPV 2.74 2.74 2.74 20.88 20.88 20.88 17.88 17.88 17.88 18.85 18.85 18.85 8.93 8.93 8.93 4.15 4.15 4.15 

Eload,el 12.34 12.34 12.34 9.24 9.24 9.24 9.99 9.99 9.99 13.89 13.89 13.89 13.89 13.89 13.90 12.34 12.34 12.34 

Egrid-exp 1.67 0.05 0.00 38.18 22.75 22.62 39.37 17.47 16.42 31.27 14.25 12.95 21.42 3.71 1.60 0.00 0.02 0.00 

EFC,el 36.00 12.00 12.00 36.00 12.00 12.00 36.00 12.00 12.00 36.00 12.00 12.00 36.00 12.00 12.00 36.00 12.00 12.00 

EFC,th 3.19 1.06 1.06 3.19 1.06 1.06 3.19 1.06 1.06 3.19 1.06 1.06 3.19 1.06 1.06 3.19 1.06 1.06 

EBatt,out 0.01 2.79 2.79 0.02 0.57 0.57 0.00 0.33 0.33 0.01 1.34 1.34 0.05 1.92 1.92 0.01 2.39 2.33 

EPV,direct 1.00 1.05 1.05 2.63 2.81 2.81 3.19 3.55 3.55 3.45 3.71 3.71 2.86 2.92 2.92 1.09 1.08 1.12 

EFC,direct 11.33 8.59 8.59 6.58 5.87 5.87 6.80 6.12 6.12 10.42 8.88 8.88 10.98 9.11 9.11 11.24 8.54 8.54 

EP2H,PV 1.63 1.56 0.00 1.03 0.00 0.00 1.27 0.82 1.07 0.75 0.95 1.22 0.75 1.69 2.38 0.00 0.00 0.49 

EP2H,FC 23.00 3.36 3.41 7.76 0.00 0.15 2.64 0.51 1.46 8.15 0.08 1.47 8.37 0.52 1.99 24.76 3.44 3.46 
Egrid-

exp,PV 0.00 0.00 0.00 16.52 16.62 16.65 12.82 12.11 12.01 13.84 11.20 11.29 4.78 1.34 0.69 0.00 0.00 0.00 
Egrid-

exp,FC 1.67 0.05 0.00 21.65 6.13 5.98 26.56 5.37 4.42 17.43 3.05 1.65 16.65 2.37 0.91 0.00 0.02 0.00 

Egrid-imp 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.41 0.42 

On the electrical side of the system, there are no major surprises during Day 2-5, with PSO having 

more grid export due to reduced P2H which leads to increased EST production. On Day 6 too the same 

trends are seen as well and along with that there is also a grid import required by the system for electrical 

load demands as P2H is used during the day. On Day 1 there is no notable major differences between PSO 

and GPS, except as seen in Figure 81 where the battery is better charged by PSO and GPS decides to utilize 

the excess energy as heat via P2H. 
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Figure 81. Fractional state of charge of the battery for the representative days in Passive house with status quo 

controller and with MPC controller using PSO and GPS optimizers 

 

Figure 82. Power demand and supply of the representative days in Sonnenhaus standard single-family house 

building with status quo controller and with MPC controller using PSO and GPS optimizers 
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Table 51. Yearly energy values in kWh/a in reference case and the yearly energy values in kWh/a with MPC via 

deviation corrected weighted clustering extrapolation and balanced correction of the weighted clustering 

extrapolation for passive house 

 
𝐸𝑦𝑒𝑎𝑟,𝑟𝑒𝑓  

(kWh) 

PSO GPS 

𝐸6𝑑𝑎𝑦,𝑃𝑆𝑂  

(kWh) 

MPC Gains 
(%) 

𝐸6𝑑𝑎𝑦,𝐺𝑃𝑆  

(kWh) 

MPC Gains 
(%) 

EDHW  3996 3995 -0.02% 3995 -0.02% 

ESH  2992 2172 -27.42% 691 -76.90% 

EST  3188 3514 +10.21% 3263 +2.34% 

EGB  845 1530 +81.03% 876 +3.62% 

EP2H  4265 748 -82.47% 897 -78.96% 

EPV  4202 4202 0.00% 4202 0.00% 

Eload,el  4140 4140 0.00% 4141 +0.02% 

Egrid-exp  8784 3861 -56.04% 3561 -59.46% 

EFC,el  13140 4380 -66.67% 4380 -66.67% 

EFC,th 1166 389 -66.67% 388 -66.69% 

EBatt,out 49 532 - 530 - 

EPV,direct 750 848 +12.97% 849 +13.14% 

EFC,direct 3342 2743 -17.92% 2744 -17.91% 

EP2H,PV 437 734 +67.79% 895 +104.64% 

EP2H,FC  3828 0 -100.00% 0 -100.00% 

Egrid-exp,PV  2814 2072 -26.36% 1852 -34.19% 

Egrid-exp,FC  5970 1722 -71.16% 1702 -71.49% 

Egrid-imp 0 11 - 11 - 

Table 52. Yearly efficiency in reference case and with MPC via deviation corrected weighted clustering 

extrapolation for passive house 

 
η

𝑦𝑒𝑎𝑟,𝑟𝑒𝑓
 

(%) 

PSO GPS 

η
𝑦𝑒𝑎𝑟,𝑃𝑆𝑂

 

(%) 
MPC Gains 
(% Change) 

η
𝑦𝑒𝑎𝑟,𝐺𝑃𝑆

 

(%) 
MPC Gains 
(% Change) 

Energy 
Supply 

Fraction 

Solar Thermal 45.62% 56.97% +11.35% 69.62% +24.00% 

Gas Boiler 12.09% 24.81% +12.71% 18.68% +6.59% 

Power-to-Heat 61.03% 12.12% -48.91% 19.15% -41.88% 

Fuel cell Thermal 16.69% 6.30% -10.38% 8.29% -8.40% 

Fuel cell Electrical 80.73% 66.27% -14.47% 66.26% -14.47% 

Photovoltaics 19.30% 33.33% +14.02% 33.31% +14.01% 
Self-

Consumption 
Fraction 

Fuel cell Electrical 54.56% 62.63% +8.07% 62.64% +8.07% 

Photovoltaics 29.42% 50.29% +20.87% 54.11% +24.69% 

Thermal Supply Fraction 135.43% 100.20% -35.22% 115.74% -19.68% 

Thermal Self Consumption Fraction 100.00% 100.00% 0.00% 100.00% 0.00% 

Electricity Supply Fraction 100.00% 99.74% -0.26% 99.74% -0.26% 
Electricity Self Consumption 

Fraction 48.47% 56.59% +8.12% 58.47% +9.99% 
Power-to-heat Self Consumption 

Fraction 24.59% 8.71% -15.88% 10.46% -14.14% 

Decentral System Supply Fraction 100.00% 99.90% -0.10% 99.88% -0.12% 
Decentral System Self Consumption 

Fraction 61.03% 72.93% +11.89% 72.89% +11.86% 
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On a yearly scale as shown in Table 51, GPS is better for reduction of ESH with 77% reduction while 

PSO achieves -27% and this causes the EGB input to increase by only 3% using GPS and with PSO 80%, ca. 

700 kWh more input from GB is required. And in terms of supply fraction (Table 52), this is 6% more with 

PSO than the 7% increase in gas boiler supply fraction with GPS. Also, for passive house the solar thermal 

fractions increase with GPS is by +24% while PSO manages only +11%. Also in the electrical side, the GPS 

clearly outperforms the GPS with enhanced PV self-consumption and supply fraction. And in terms of 

decentral self-consumption, both GPS and PSO could achieve +12% with 11 kWh grid import necessary.  

In terms of fitness and optimization time, as shown in Figure 83, the indication is totally different 

with PSO almost always functioning better than GPS except for Day 6 and again indicating that in summer 

days, PSO seems to have a better fitness value.  

 

Figure 83. Objective function fitness value for each day over the optimization time (48 hours maximum) for each 

of the representative days in passive house using PSO and GPS optimizers 

d. WSchVO95 
For the WSchVO95, the oldest of the four selected, the thermal results on a day-to-day basis is shown 

in Figure 84 and Table 53.  On Day 2, both the PSO and GPS decreases the EST production from 10 kWh in 

status quo to 7 kWh using PSO and 8 kWh using GPS. Also, the EP2H is completely reduced to zero from 8 

kWh using PSO. On Day 2, PSO functions slightly better with an increased EST and a reduced EP2H. On the 

other hand, GPS decides to increase EP2H and reduce EST production. On Day 4, already SH demand of 5 

kWh exists. Nevertheless, the ST contribution alone is good enough to satisfy the loads. The outcomes of 

both optimizers are almost the same with increased EST from 14 kWh to 20 kWh and a reduced EP2H from 

10 kWh to 2 kWh. On Day 5, on an autumn day, 50 kWh of SH demand is already present and MPCs could 

only manage to reduce uniformly by 2 kWh. With a negligible amount of EGB; an increase of EST from 24 

kWh to 27 kWh; and a reduced EP2H from 26 kWh to 6 kWh, both GPS and PSO performs similarly. On the 

winter day, Day 6, the old building requires 138 kWh heating, and this could be reduced by the MPC by 7 

kWh without any big changes in the room temperature, as seen in Figure 85. And in terms of energy 

supply, GPS does a better job with more reduction of EP2H from 25 kWh in status quo to 7 kWh and with 

121 kWh from gas boiler instead of the 118 kWh from the status quo. A very similar outcome also on Day 

1 could be seen with except GPS requiring more EP2H and less EGB supply for the cloudy winter day with 

131 kWh SH demand.  
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Figure 84. Heat demand and supply of the representative days in WSchVO95 with status quo controller and with 

MPC controller using PSO and GPS optimizers 

 

Figure 85. Temperatures of the representative days for WSchVO95 building with status quo controller and with 

MPC controller using PSO and GPS optimizers 
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Table 53. Daily energy values in kWh/day of the representative days in reference case and with MPC 

implementation for WSchVO95 building 

Energy 

(kWh 

/day) 

Day 1 (11.01.2018) Day 2 (13.07.2018) Day 3 (11.08.2018) Day 4 (13.10.2018) Day 5 (20.10.2018) Day 6 (25.12.2018) 

Status 

Quo 
MPC-

PSO 
MPC-

GPS 
Status 

Quo 

MPC-

PSO 

MPC-

GPS 

Status 

Quo 

MPC-

PSO 

MPC-

GPS 

Status 

Quo 

MPC-

PSO 

MPC-

GPS 
Status 

Quo 
MPC-

PSO 
MPC-

GPS 
Status 

Quo 
MPC-

PSO 
MPC-

GPS 

EDHW 12.70 12.73 12.73 13.39 13.38 13.39 7.68 7.69 7.68 10.10 10.09 10.09 9.08 9.09 9.09 11.90 11.90 11.90 

ESH 132.14 130.73 131.32 0.00 0.00 0.00 0.00 0.00 0.00 5.01 4.86 4.87 49.52 47.75 47.71 138.72 131.58 131.51 

EST 3.83 3.60 3.55 10.41 6.93 7.91 12.98 15.50 8.47 14.32 19.60 19.57 24.26 27.55 27.75 9.72 9.43 9.42 

EGB 114.94 122.80 120.09 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.57 0.25 118.79 122.23 121.50 

EP2H 26.30 12.76 15.37 8.36 0.00 0.44 2.75 0.90 3.95 9.65 2.11 2.40 26.30 5.96 6.12 24.76 9.75 6.91 

EPV 2.74 2.74 2.74 20.88 20.88 20.88 17.88 17.88 17.88 18.85 18.85 18.85 8.93 8.93 8.93 4.15 4.15 4.15 

Eload,el 12.34 12.34 12.34 9.24 9.24 9.24 9.99 9.99 9.99 13.89 13.89 13.89 13.89 13.89 13.89 12.34 12.34 12.34 

Egrid-exp 0.00 0.02 0.00 38.62 22.74 22.53 40.53 17.85 14.84 30.52 13.38 13.16 4.25 0.05 0.03 0.00 0.02 0.00 

EFC,el 36.00 21.00 22.50 36.00 12.00 12.00 36.00 12.00 12.00 36.00 12.00 12.00 36.00 12.00 12.00 36.00 18.00 15.00 

EFC,th 3.19 1.86 2.00 3.19 1.06 1.06 3.19 1.06 1.06 3.19 1.06 1.06 3.19 1.06 1.06 3.19 1.60 1.33 

EBatt,out 0.01 2.62 2.63 0.02 0.57 0.57 0.00 0.33 0.33 0.01 1.34 1.34 0.05 1.92 1.92 0.01 1.48 2.62 

EPV,direct 1.00 1.02 1.04 2.63 2.81 2.81 3.19 3.55 3.55 3.45 3.71 3.71 2.86 2.92 2.92 1.09 1.13 1.14 

EFC,direct 11.33 8.78 8.74 6.58 5.87 5.87 6.80 6.12 6.12 10.42 8.88 8.88 10.98 9.11 9.11 11.24 9.78 8.66 

EP2H,PV 1.63 0.56 1.61 1.16 0.00 0.00 0.37 0.71 1.42 1.13 1.80 1.12 4.39 3.12 3.26 0.00 1.54 0.57 

EP2H,FC 24.67 12.20 13.76 7.20 0.00 0.44 2.38 0.19 2.53 8.52 0.31 1.27 21.91 2.84 2.86 24.76 8.20 6.34 

Egrid-

exp,PV 0.00 0.00 0.00 16.40 16.61 16.84 13.71 12.17 11.50 13.47 10.57 11.31 1.13 0.00 0.00 0.00 0.00 0.00 

Egrid-

exp,FC 0.00 0.02 0.00 22.22 6.13 5.69 26.82 5.69 3.34 17.05 2.82 1.85 3.11 0.05 0.03 0.00 0.02 0.00 

Egrid-imp 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

On the electrical side of the system, there are no major surprises during Day 2-5, with both PSO and 

GPS performing much similar to the status quo except for the minimum setpoint of the FC-CHP and 

increased use of the battery (as seen in Figure 86). On Day 6 as shown in Figure 87, PSO decides to use 

more P2H during the morning & evening peaks and increases the FC-CHP electricity production. But GPS 

manages to use only an increase during the morning peak. Also, P2H-PV is higher with PSO than with 

GPS and thus the usage of the battery is reduced for the PSO. On Day 1, quite the opposite happens, with 

GPS producing more via FC-CHP as electricity and increasing the P2H than the PSO. Moreover, it could 

be observed that the FC-CHP increase in electricity production during the winter days is only 

recommended for the old WschVO95 house while all the other selected energy standard buildings could 

manage just without it.  

 

Figure 86. Fractional state of charge of the battery for the representative days in WSchVO95 building with status 

quo controller and with MPC controller using PSO and GPS optimizers 
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Figure 87. Power demand and supply of the representative days in WSchVO95 building with status quo 

controller and with MPC controller using PSO and GPS optimizers 

On a yearly scale (Table 54), both PSO and GPS could only manage to reduce the ESH by 2% but PSO 

does a better job in increasing the solar thermal production with a lesser P2H contribution. Both MPC 

optimizers require more EGB with a reduced P2H. A better battery usage can be seen with GPS than by 

PSO.  And in terms of supply fraction (Table 55), only 2% more solar thermal fraction could be achieved 

by PSO while GPS couldn’t even achieve this. For gas boiler fraction, 5% more is required by PSO and a 

little bit less by GPS because it tends to use more P2H. In terms of electricity self-consumption, GPS does 

a better job by increasing it by 10% (reduced FC supply and increased PV usage) but on the decentral 

system level, the self-consumption is increased uniformly by both the optimizers by 8%.  

In terms of fitness and optimization time, as shown in Figure 88, except for Day 3 where PSO is better, 

on all other days both the optimizers perform quite similarly.  
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Table 54. Yearly energy values in kWh/a in reference case and the yearly energy values in kWh/a with MPC via 

deviation corrected weighted clustering extrapolation and balanced correction of the weighted clustering 

extrapolation for WSchVO95 building 

 
𝐸𝑦𝑒𝑎𝑟,𝑟𝑒𝑓  

(kWh) 

PSO GPS 

𝐸6𝑑𝑎𝑦,𝑃𝑆𝑂  

(kWh) 

MPC Gains 
(%) 

𝐸6𝑑𝑎𝑦,𝐺𝑃𝑆  

(kWh) 

MPC Gains 
(%) 

EDHW  3999 4003 +0.09% 4002 +0.06% 

ESH  20328 19880 -2.20% 19937 -1.92% 

EST  4547 5014 +10.28% 4523 -0.53% 

EGB  15030 15959 +6.18% 15644 +4.09% 

EP2H  5730 1978 -65.48% 2423 -57.72% 

EPV  4202 4202 0.00% 4202 +0.00% 

Eload,el  4140 4140 0.00% 4140 +0.00% 

Egrid-exp  7319 3449 -52.88% 3190 -56.41% 

EFC,el  13140 5433 -58.65% 5501 -58.14% 

EFC,th 1166 482 -58.65% 488 -58.14% 

EBatt,out 49 494 - 523 - 

EPV,direct 750 847 +12.84% 849 +13.17% 

EFC,direct 3342 2794 -16.41% 2761 -17.39% 

EP2H,PV 742 1748 +135.46% 2371 +219.37% 

EP2H,FC  4987 228 -95.43% 36 -99.27% 

Egrid-exp,PV  2509 1027 -59.07% 432 -82.78% 

Egrid-exp,FC  4810 2420 -49.70% 2715 -43.56% 

Egrid-imp 0 0 - 0 - 

Table 55. Yearly efficiency in reference case and with MPC via deviation corrected weighted clustering 

extrapolation for WSchVO95 building 

 
η

𝑦𝑒𝑎𝑟,𝑟𝑒𝑓
 

(%) 

PSO GPS 

η
𝑦𝑒𝑎𝑟,𝑃𝑆𝑂

 

(%) 
MPC Gains 
(% Change) 

η
𝑦𝑒𝑎𝑟,𝐺𝑃𝑆

 

(%) 
MPC Gains 
(% Change) 

Energy 
Supply 

Fraction 

Solar Thermal 18.69% 21.00% +2.30% 18.89% +0.20% 

Gas Boiler 61.78% 66.82% +5.04% 65.35% +3.57% 

Power-to-Heat 23.55% 8.28% -15.27% 10.12% -13.43% 

Fuel cell Thermal 4.79% 2.02% -2.77% 2.04% -2.75% 

Fuel cell Electrical 80.73% 67.48% -13.25% 66.69% -14.04% 

Photovoltaics 19.30% 32.38% +13.08% 33.16% +13.85% 
Self-

Consumption 
Fraction 

Fuel cell Electrical 63.39% 55.62% -7.78% 50.86% -12.53% 

Photovoltaics 36.68% 73.49% +36.81% 89.08% +52.40% 

Thermal Supply Fraction 108.82% 98.12% -10.70% 96.40% -12.42% 

Thermal Self Consumption Fraction 100.00% 100.00% 0.00% 100.00% 0.00% 

Electricity Supply Fraction 100.00% 100.00% 0.00% 100.00% 0.00% 
Electricity Self Consumption 

Fraction 56.92% 63.41% +6.49% 67.41% +10.49% 
Power-to-heat Self Consumption 

Fraction 33.04% 20.53% -12.51% 24.97% -8.07% 

Decentral System Supply Fraction 100.00% 100.00% 0.00% 100.00% 0.00% 
Decentral System Self Consumption 

Fraction 80.78% 88.91% +8.13% 89.63% +8.85% 
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Figure 88. Objective function fitness value for each day over the optimization time (48 hours maximum) for each 

of the representative days in WSchVO95 building using PSO and GPS optimizers 

VI. Final results without FC-CHP using PSO optimizer for different buildings 

a. Sonnenhaus 
The new objective function for a system without FC-CHP does only change in terms of increased 

setpoint temperature penalty for GB, and a different penalty value for grid export in winter and summer. 

Thus, not much changes from the previously obtained results in Section 5.3 and Appendix I is expected. 

For the Sonnenhaus building, the results of the thermal side of the system are shown in Figure 89 and 

Table 56. On Day 2 and 3, as they are summer representative days, without SH demand and GB usage, the 

optimization is easier. As seen before on Day 2, PSO increases the EST at the expense of lesser EP2H than 

GPS but more than the status quo. But on Day 3, vice versa PSO increases the EP2H with the same ST 

production as status quo. On Day 4, an autumn day without SH demand, GPS manages to increase P2H 

conversion without any significant changes in the ST production but PSO on the other hand reduces the 

ST production. The reason for this might be the storage’s carryover from the previous day which in fact 

increases the storage effectiveness. On Day 5 with 21 kWh SH demand, both GPS and PSO manages to 

reduce the ESH by 1 kWh and both result in a small negligible amount of increase of EST. On Day 6, a sunny 

winter day, PSO achieves reduction in the SH demand from 57 kWh to 52 kWh while GPS doesn’t achieve 

such savings. As a result, 10 kWh less GB input is required by PSO than that of GPS. And, in fact, as seen 

in Figure 90, PSO achieves better building temperature. Finally on Day 1, a cloudy winter day, EST is 

slightly increased with MPC and on this particular day, GPS achieves 13 kWh less SH demand in 

comparison to status quo while PSO only reduces it by 11 kWh. This also converts to a higher reduction 

of GB input by GPS than PSO.  
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Figure 89. Heat demand and supply of the representative days in Sonnenhaus without FC-CHP (status quo vs. 

MPC) using PSO and GPS optimizers 

 

Figure 90. Temperatures of the representative days in Sonnenhaus without FC-CHP (status quo vs. MPC) using 

PSO and GPS optimizers 
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Table 56. Daily energy values in kWh/day of the representative days in reference case and with MPC 

implementation for Sonnenhaus without FC-CHP 

Energy (kWh/day) EDHW ESH EST EGB EP2H EPV Eload,el Egrid-exp EBatt,out EPV,direct Egrid-imp 

Day 1 

(11.01.2018) 

Status Quo 12.73 64.25 3.90 61.90 0.00 2.74 12.34 0.00 1.06 1.37 9.94 

MPC-PSO 12.23 53.11 4.36 59.68 0.00 2.74 12.34 0.00 1.06 1.37 9.94 

MPC-GPS 12.10 51.61 4.34 54.43 0.00 2.74 12.34 0.00 1.06 1.37 9.94 

Day 2 

(13-07-2018) 

Status Quo 13.39 0.00 16.23 0.00 0.00 20.88 9.24 10.07 4.69 4.69 0.00 

MPC-PSO 13.37 0.00 33.16 0.00 1.58 20.88 9.24 8.62 4.69 4.69 0.00 

MPC-GPS 13.37 0.00 31.84 0.00 2.10 20.88 9.24 8.09 4.69 4.69 0.00 

Day 3 

(11-08-2018) 

Status Quo 7.70 0.00 26.00 0.00 1.95 17.88 9.99 4.14 4.02 6.09 0.00 

MPC-PSO 7.70 0.00 25.36 0.00 3.53 17.88 9.99 2.53 4.02 6.09 0.00 

MPC-GPS 7.70 0.00 25.53 0.00 3.11 17.88 9.99 2.90 4.02 6.09 0.00 

Day 4 

(13-10-2018) 

Status Quo 10.08 0.00 24.72 0.00 0.00 18.85 13.89 5.47 6.11 6.38 1.58 

MPC-PSO 10.05 0.00 14.55 0.00 1.60 18.85 13.89 3.64 5.91 6.59 1.57 

MPC-GPS 10.08 0.00 24.93 0.00 1.25 18.85 13.89 4.07 5.91 6.59 1.57 

Day 5 

(20-10-2018) 

Status Quo 9.13 21.10 28.05 0.00 0.00 8.93 13.89 0.00 3.73 4.31 5.96 

MPC-PSO 9.13 20.20 28.58 0.00 0.00 8.93 13.89 0.00 3.73 4.31 5.96 

MPC-GPS 9.13 20.20 28.60 0.00 0.00 8.93 13.89 0.00 3.73 4.31 5.96 

Day 6 

(25-12-2018) 

Status Quo 11.91 57.20 10.32 60.89 0.00 4.15 12.34 0.00 2.12 1.56 8.72 

MPC-PSO 11.29 51.62 10.51 53.19 0.00 4.15 12.34 0.00 2.20 1.56 8.65 

MPC-GPS 11.05 56.09 10.57 63.36 0.01 4.15 12.34 0.00 2.23 1.54 8.64 

On the electrical side of the system (Figure 91), without FC-CHP, P2H is only possible when there is 

excess PV production. Also, the MPC can only influence the P2H and the temporal charging of the battery. 

Thus except for EP2H, the results vary very nominally between different building standards. With 

Sonnenhaus on the summer day, Day 2, GPS has an increased P2H while on Day 3 PSO has an increased 

P2H. On Day 4, the battery usage is slightly decreased by both optimizers due to the increase of direct PV 

usage. On Day 5, 6 and 1, there is no notable change on the electrical side irrespective of the use of MPC 

via PSO or GPS. Also, the P2H is zero since no excess PV power is available. This can also be seen in Figure 

92, where the FSOC also shows that only during Days 2-4, there is a temporal shift of battery charging.  
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Figure 91. Power demand and supply of the representative days in passive house without FC-CHP (status quo 

vs. MPC) using PSO and GPS optimizers 

 

Figure 92. Fractional state of charge of the battery for the representative days in Passive house with status quo 

controller and with MPC controller using PSO and GPS optimizers 
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On a yearly scale, as shown in Table 57, the SH demand reduces by 14.5% with both GPS and PSO. 

But GPS manages a 7% more solar thermal production and also a 3% lesser GB usage than PSO. In terms 

of P2H, PSO uses slightly more PV electricity as heat, thus also a decreased grid export using PSO.  

Table 57. Essential yearly energy values in kWh/a in reference case and the yearly energy values in kWh/a with 

MPC via deviation corrected weighted clustering extrapolation for Sonnenhaus without FC-CHP 

 
𝐸𝑦𝑒𝑎𝑟,𝑟𝑒𝑓  

(kWh) 

PSO GPS 

𝐸6𝑑𝑎𝑦,𝑃𝑆𝑂  

(kWh) 

MPC 
Gains (%) 

𝐸6𝑑𝑎𝑦,𝐺𝑃𝑆  

(kWh) 

MPC 
Gains (%) 

EDHW  4002 3932 -1.75% 3914 -2.21% 

ESH  9386 8032 -14.42% 8003 -14.73% 

EST  5675 6015 +5.99% 6489 +14.35% 

EGB  9165 8660 -5.51% 8371 -8.66% 

EP2H  176 538 +205.35% 511 +189.82% 

EPV  4202 4202 0.00% 4202 0.00% 

Eload,el  4140 4140 0.00% 4140 0.00% 

Egrid-exp  1108 821 -25.88% 842 -23.95% 

EBatt,out 1312 1303 -0.72% 1304 -0.66% 

EPV,direct 1277 1287 +0.78% 1287 +0.74% 

Egrid-imp 1589 1587 -0.17% 1587 -0.18% 

 

In terms of energy fraction, as seen in Table 58, with the reduced SH demand, the gas boiler supply 

fraction increases by 4% with PSO and 3% with GPS in comparison to status quo. Moreover, GPS reports 

a 12% increase in a solar thermal fraction which is 4% more than PSO. Finally, due to increased power-to-

heat usage, more so in PSO than GPS, the grid export is reduced which leads to an 8% increase in electricity 

self-consumption with PSO which eventually increases the self-consumption by 1.5%. It is also worth 

noting that the effectivity of the system reduces with MPC.  

Table 58. Yearly efficiency in reference case and with MPC via deviation corrected weighted clustering 

extrapolation for Sonnenhaus without FC-CHP 

 
η

𝑦𝑒𝑎𝑟,𝑟𝑒𝑓
 

(%) 

PSO GPS 

η
𝑦𝑒𝑎𝑟,𝑃𝑆𝑂

 

(%) 
MPC Gains 
(% Change) 

η
𝑦𝑒𝑎𝑟,𝐺𝑃𝑆

 

(%) 
MPC Gains 
(% Change) 

Energy 
Supply 

Fraction 

Solar Thermal 42.39% 50.27% +7.88% 54.46% +12.07% 

Gas Boiler 68.46% 72.39% +3.93% 70.25% +1.79% 

Power-to-Heat 1.32% 4.50% +3.18% 4.29% +2.97% 

Thermal Supply Fraction 112.16% 127.16% +14.99% 128.99% +16.83% 

Thermal Self Consumption Fraction 100.00% 100.00% 0.00% 100.00% 0.00% 

Electricity Supply Fraction 61.61% 61.67% +0.06% 61.67% +0.07% 
Electricity Self Consumption 

Fraction 65.82% 74.45% +8.63% 73.81% +7.98% 
Power-to-Heat Self Consumption 

Fraction 4.20% 12.81% +8.62% 12.16% +7.97% 

Decentral System Supply Fraction 90.93% 90.15% -0.79% 90.12% -0.81% 
Decentral System Self Consumption 

Fraction 94.18% 95.65% +1.47% 95.58% +1.40% 

 

A better picture of the results is obtained with Figure 93, where the objective function fitness value for all 

representative days except Day 6 are quite similar with PSO being a bit faster. On Day 6 though, GPS tends 

to end up with a false local minimum which in this case is seemingly due to a penalized building 

temperature which defers from the setpoint, which in turn leads to reduced GB usage and better renewable 
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utilization with GPS. Nevertheless, it is a bit risky with the GPS as there is no randomness, like in PSO 

leading to local minima.  

 

Figure 93. Objective function fitness value for each day over the optimization time (48 hours maximum) for each 

of the representative days in Sonnenhaus without FC-CHP using PSO and GPS optimizers 

b. KfW55 
With the KfW55 building, as seen in Figure 94 and Table 59, Day 2, a summer day has a better ST 

production, a bit more with PSO than with GPS. This comes at the effect of reduced P2H with PSO.  

Table 59. Daily energy values in kWh/day of the representative days in reference case and with MPC 

implementation for KfW55 building without FC-CHP 

Energy (kWh/day) EDHW ESH EST EGB EP2H EPV Eload,el Egrid-exp EBatt,out EPV,direct Egrid-imp 

Day 1 

(11.01.2018) 

Status Quo 12.73 43.72 4.09 50.05 0.00 2.74 12.34 0.00 1.06 1.37 9.94 

MPC-PSO 12.28 33.57 4.46 37.68 0.00 2.74 12.34 0.00 1.06 1.37 9.94 

MPC-GPS 11.76 30.23 4.47 27.65 0.00 2.74 12.34 0.00 1.06 1.37 9.94 

Day 2 

(13-07-2018) 

Status Quo 13.39 0.00 16.10 0.00 0.00 20.88 9.24 10.07 4.69 4.69 0.00 

MPC-PSO 13.37 0.00 32.69 0.00 1.54 20.88 9.24 8.71 4.69 4.69 0.00 

MPC-GPS 13.39 0.00 29.98 0.00 2.44 20.88 9.24 7.91 4.69 4.69 0.00 

Day 3 

(11-08-2018) 

Status Quo 7.70 0.00 25.96 0.00 1.95 17.88 9.99 4.14 4.02 6.09 0.00 

MPC-PSO 7.70 0.00 25.71 0.00 3.10 17.88 9.99 2.84 4.02 6.09 0.00 

MPC-GPS 7.70 0.00 25.49 0.00 3.11 17.88 9.99 2.90 4.02 6.09 0.00 

Day 4 

(13-10-2018) 

Status Quo 10.08 0.00 24.72 0.00 0.00 18.85 13.89 5.47 6.11 6.38 1.58 

MPC-PSO 10.05 0.00 14.59 0.00 1.60 18.85 13.89 3.66 6.06 6.44 1.57 

MPC-GPS 10.08 0.00 18.32 0.00 1.85 18.85 13.89 3.41 5.89 6.44 1.73 

Day 5 

(20-10-2018) 

Status Quo 9.12 0.00 21.25 0.00 0.00 8.93 13.89 0.00 3.73 4.31 5.96 

MPC-PSO 9.13 0.00 22.31 0.00 0.00 8.93 13.89 0.00 3.73 4.31 5.96 

MPC-GPS 9.13 0.00 22.32 0.00 0.00 8.93 13.89 0.00 3.73 4.31 5.96 

Day 6 

(25-12-2018) 

Status Quo 11.91 38.01 10.29 51.27 0.00 4.15 12.34 0.00 2.12 1.56 8.72 

MPC-PSO 11.84 31.58 10.62 13.41 0.00 4.15 12.34 0.00 2.20 1.56 8.65 

MPC-GPS 10.01 40.11 10.71 36.93 0.01 4.15 12.34 0.00 2.23 1.54 8.64 



Investigation of Model Predictive Controllers for Maximum Renewable Energy Utilization in Single-Family Houses 

- 68 - 
 

 

Figure 94. Heat demand and supply of the representative days in KfW55 building without FC-CHP (status quo 

vs. MPC) using PSO and GPS optimizers 

 

Figure 95. Temperatures of the representative days in KfW55 building without FC-CHP (status quo vs. MPC) 

using PSO and GPS optimizers 
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On Day 3 only P2H increases with MPC and on Day 4 along with the increased P2H, the ST 

production decreases, more so in PSO than GPS. On Day 5, as in Sonnenhaus, no changes in the outcome 

due to MPC implementation is seen. On Day 6, a sunny winter day, GPS increases the SH demand by 2 

kWh while PSO decreases it by 8 kWh in comparison to status quo. As a result, GPS could only manage to 

reduce the GB input from 51 kWh to 36 kWh but PSO reduces it to a mere 13.41 kWh and as seen in Figure 

95, the building temperature of PSO is also better than that of GPS also on Day 6. On Day 1, quite the 

opposite happens, with GPS reducing the SH demand from 50 kWh to 27 kWh while PSO only manages 

to reduce it to 37 kWh, but on the GB input requirement, only 3 kWh difference between the two optimizers 

could be seen. Nevertheless, PSO manages to reduce GB requirement by 10 kWh from the status quo. 

On the electrical side of the system, there is no notable change in comparison to Sonnenhaus results 

except for the use of P2H during Days 2-4. Although even during Days 2-4, the same trend follows with 

GPS having a bit more P2H than PSO.  

Table 60. Essential yearly energy values in kWh/a in reference case and the yearly energy values in kWh/a with 

MPC via deviation corrected weighted clustering extrapolation for KfW55 without FC-CHP 

 
𝐸𝑦𝑒𝑎𝑟,𝑟𝑒𝑓  

(kWh) 

PSO GPS 

𝐸6𝑑𝑎𝑦,𝑃𝑆𝑂  

(kWh) 

MPC 
Gains (%) 

𝐸6𝑑𝑎𝑦,𝐺𝑃𝑆  

(kWh) 

MPC 
Gains (%) 

EDHW  4001 3952 -1.24% 3852 -3.73% 

ESH  5568 4342 -22.01% 4237 -23.90% 

EST  5170 5528 +6.94% 5573 +7.79% 

EGB  5934 3830 -35.45% 3495 -41.10% 

EP2H  142 401 +181.80% 464 +226.50% 

EPV  4202 4202 0.00% 4202 0.00% 

Eload,el  4140 4140 0.00% 4140 0.00% 

Egrid-exp  1142 875 -23.40% 822 -28.00% 

EBatt,out 1312 1312 -0.05% 1303 -0.75% 

EPV,direct 1277 1280 -0.05% 1280 -0.75% 

Egrid-imp 1589 1587 +0.23% 1596 +0.19% 

 

On an annual scale, as shown in Table 60 and Table 61, the reduction of ESH via MPC is 22% using 

PSO and an extra 2% with GPS. Also, in terms of ST production, GPS has a slight edge. Moreover, GPS 

manages to reduce the GB input by 41% while PSO only by -35%. And as usual, the P2H is used more by 

GPS which results in lower grid export. In terms of energy fraction, GPS manages to perform better in all 

aspects. Though PSO improves the solar fraction by 12.6% and decreases the GB requirement by 15%, GPS 

manages to reduce GB by 3% more and increase ST fraction also by 3% more. As an effect of reduced grid 

export, a 7.5% increase in electricity self-consumption with GPS is seen which is 1% more than PSO. Thus, 

finally adding up to a 1.2% increase in decentral system self-consumption, but this comes at the cost of 

increased grid import which leads to a 1.45% reduction is decentral system supply fraction. 

When it is quite astonishing to see that GPS performs better in all aspects, it comes as a 

disappointment to see in Figure 96 that the GPS has a bad objective function fitness value on the winter 

days which in this case is seemingly due to the non-supply of the demands of DHW or a reduced building 

temperature on Day 6 and Day 1.  
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Table 61. Yearly efficiency in reference case and with MPC via deviation corrected weighted clustering 

extrapolation for KfW55 without FC-CHP 

 
η

𝑦𝑒𝑎𝑟,𝑟𝑒𝑓
 

(%) 

PSO GPS 

η
𝑦𝑒𝑎𝑟,𝑃𝑆𝑂

 

(%) 
MPC Gains 
(% Change) 

η
𝑦𝑒𝑎𝑟,𝐺𝑃𝑆

 

(%) 
MPC Gains 
(% Change) 

Energy 
Supply 

Fraction 

Solar Thermal 54.03% 66.66% +12.63% 68.89% +14.86% 

Gas Boiler 62.01% 46.18% -15.83% 43.21% -18.80% 

Power-to-Heat 1.49% 4.83% +3.35% 5.74% +4.25% 

Thermal Supply Fraction 117.53% 117.67% +0.14% 117.84% +0.31% 

Thermal Self Consumption Fraction 100.00% 100.00% 0.00% 100.00% 0.00% 

Electricity Supply Fraction 61.61% 61.67% +0.07% 61.46% -0.15% 
Electricity Self Consumption 

Fraction 65.01% 71.22% +6.21% 72.50% +7.49% 
Power-to-Heat Self Consumption 

Fraction 3.39% 9.54% +6.15% 11.05% +7.67% 

Decentral System Supply Fraction 88.41% 87.24% -1.17% 86.95% -1.45% 
Decentral System Self Consumption 

Fraction 92.54% 93.55% +1.01% 93.80% +1.26% 

 

 

Figure 96. Objective function fitness value for each day over the optimization time (48 hours maximum) for each 

of the representative days in KfW55 without FC-CHP using PSO and GPS optimizers 

c. Passive house 
For the efficient passive house, the thermal energy results are shown in Figure 97 and Table 62. On 

Day 2, with MPC, both PSO and GPS increases the EST from 16 kWh to 32 kWh while GPS increases the 

EP2H from zero in status quo to 3 kWh and with PSO to only 1.6 kWh. On Day 3, there is no improvement 

in the ST production while EP2H trend is same as on Day 2. On Day 4, GPS reduces the EST from 25 kWh in 

status quo to 15 kWh with a notable increase in EP2H while PSO withholds the same EST production. On 

Day 5 without SH demand, it is almost similar to Day 2 with a mere 2 kWh increase of EST by both 

optimizers. On Day 6, as seen in the previous buildings, GPS decreases the SH demand enormously from 

26 kWh to 10 kWh while PSO withholds the same SH demand. Therefore, the GB input is reduced only by 

2 kWh from 28 kWh to 26 kWh in the case of PSO while GPS could manage to bring it down to 1.5 kWh. 

The reason for this could be seen in Figure 98 with PSO starting with a slightly lower temperature during 

the day and ending with a better building temperature. Finally, on Day 1, both GPS and PSO could bring 

down the SH demand to zero but as in the previous instances, this is seemingly the aftereffect of the 

previous two sunny winter days and in terms of GB input there is still 16 kWh required (5 kWh less than 

in status quo) by both optimizers.  
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Figure 97. Heat demand and supply of the representative days in passive house without FC-CHP (status quo vs. 

MPC) using PSO and GPS optimizers 

 

Figure 98. Temperatures of the representative days in passive house without FC-CHP (status quo vs. MPC) using 

PSO and GPS optimizers 
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Table 62. Daily energy values in kWh/day of the representative days in reference case and with MPC 

implementation for passive house without FC-CHP 

Energy (kWh/day) EDHW ESH EST EGB EP2H EPV Eload,el Egrid-exp EBatt,out EPV,direct Egrid-imp 

Day 1 

(11.01.2018) 

Status Quo 12.73 22.63 3.51 21.10 0.00 2.74 12.34 0.00 1.06 1.37 9.94 

MPC-PSO 12.73 0.00 4.11 16.31 0.00 2.74 12.34 0.00 1.06 1.37 9.94 

MPC-GPS 12.61 0.00 4.13 16.66 0.21 2.74 12.34 0.00 0.82 1.42 10.13 

Day 2 

(13-07-2018) 

Status Quo 13.39 0.00 16.22 0.00 0.00 20.88 9.24 10.07 4.69 4.69 0.00 

MPC-PSO 13.37 0.00 32.70 0.00 1.61 20.88 9.24 8.63 4.69 4.69 0.00 

MPC-GPS 13.37 0.00 31.74 0.00 2.45 20.88 9.24 7.89 4.69 4.69 0.00 

Day 3 

(11-08-2018) 

Status Quo 7.68 0.00 26.02 0.00 1.95 17.88 9.99 4.14 4.02 6.09 0.00 

MPC-PSO 7.70 0.00 25.84 0.00 2.94 17.88 9.99 3.04 4.02 6.09 0.00 

MPC-GPS 7.70 0.00 25.59 0.00 3.11 17.88 9.99 2.90 4.02 6.09 0.00 

Day 4 

(13-10-2018) 

Status Quo 10.09 0.00 24.61 0.00 0.00 18.85 13.89 5.47 6.11 6.38 1.58 

MPC-PSO 10.06 0.00 24.71 0.00 0.66 18.85 13.89 4.53 6.06 6.59 1.42 

MPC-GPS 10.05 0.00 18.23 0.00 1.85 18.85 13.89 3.41 5.89 6.44 1.73 

Day 5 

(20-10-2018) 

Status Quo 9.13 0.00 20.83 0.00 0.00 8.93 13.89 0.00 3.73 4.31 5.96 

MPC-PSO 9.13 0.00 22.11 0.00 0.00 8.93 13.89 0.00 3.73 4.31 5.96 

MPC-GPS 9.13 0.00 22.12 0.00 0.00 8.93 13.89 0.00 3.73 4.31 5.96 

Day 6 

(25-12-2018) 

Status Quo 11.91 26.04 10.13 28.69 0.00 4.15 12.34 0.00 2.12 1.56 8.72 

MPC-PSO 11.39 26.89 10.68 26.45 0.01 4.15 12.34 0.00 2.20 1.56 8.65 

MPC-GPS 10.79 9.65 10.64 1.58 0.01 4.15 12.34 0.00 2.23 1.54 8.64 

On the electrical side of the system, on all 6 days, no significant changes except for the increased use 

of P2H which leads to a reduced grid export, more so with GPS than with PSO could be seen. Also on Day 

1 and Day 4, it is visible that GPS requires more grid import than its counterpart and reference case. 

Table 63. Essential yearly energy values in kWh/a in reference case and the yearly energy values in kWh/a with 

MPC via deviation corrected weighted clustering extrapolation for passive house without FC-CHP 

 
𝐸𝑦𝑒𝑎𝑟,𝑟𝑒𝑓  

(kWh) 

PSO GPS 

𝐸6𝑑𝑎𝑦,𝑃𝑆𝑂  

(kWh) 

MPC 
Gains (%) 

𝐸6𝑑𝑎𝑦,𝑃𝑆𝑂  

(kWh) 

MPC 
Gains (%) 

EDHW  4001 3985 -0.38% 3956 -1.12% 

ESH  2777 685 -75.34% 246 -91.15% 

EST  4873 5725 +17.50% 5366 +10.12% 

EGB  3512 2856 -18.68% 2075 -40.91% 

EP2H  132 314 +138.61% 449 +241.41% 

EPV  4202 4202 0.00% 4202 0.00% 

Eload,el  4140 4140 0.00% 4140 0.00% 

Egrid-exp  1152 941 -18.33% 829 -28.11% 

EBatt,out 1312 1312 -0.05% 1278 -2.65% 

EPV,direct 1277 1287 +0.78% 1283 +0.48% 

Egrid-imp 1589 1579 -0.68% 1614 +1.56% 

On an annual scale, as seen in Table 63, understandably GPS reduces the space heating demand by a 

marvellous 91% which leads to a 40% reduction of the gas boiler energy supply. And with PSO, still, a 
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commendable 75% reduction of ESH could be seen but though GB usage could only be reduced by 18%. 

Also, the grid export is reduced with GPS by 28% while PSO could reduce only by 18% as the P2H usage 

by PSO is less but this comes at a compromise of a 2% reduced battery usage and grid import being 

required for this 2% by GPS. 

In terms of energy fraction, as seen in Table 64, the ST supply fraction for GPS is still 5% more than 

PSO (+55% with respect to status quo). For gas boiler supply fraction, PSO requires +9% while GPS could 

manage with 2% less. Due to increased power-to-heat usage, more so in GPS than PSO, the grid export is 

reduced which leads to a 7% increase in electricity self-consumption with GPS which is 3% more than PSO. 

Nevertheless, self-consumption is uniformly increased by 2%. 

Table 64. Yearly efficiency in reference case and with MPC via deviation corrected weighted clustering 

extrapolation for passive house without FC-CHP 

 
η

𝑦𝑒𝑎𝑟,𝑟𝑒𝑓
 

(%) 

PSO GPS 

η
𝑦𝑒𝑎𝑟,𝑃𝑆𝑂

 

(%) 
MPC Gains 
(% Change) 

η
𝑦𝑒𝑎𝑟,𝑃𝑆𝑂

 

(%) 
MPC Gains 
(% Change) 

Energy 
Supply 

Fraction 

Solar Thermal 71.89% 122.59% +50.70% 127.71% +55.82% 

Gas Boiler 51.81% 61.15% +9.34% 49.39% -2.42% 

Power-to-Heat 1.94% 6.73% +4.78% 10.70% +8.76% 

Thermal Supply Fraction 125.64% 190.47% +64.83% 187.79% +62.15% 

Thermal Self Consumption Fraction 100.00% 100.00% 0.00% 100.00% 0.00% 

Electricity Supply Fraction 61.61% 61.87% +0.26% 61.01% -0.60% 
Electricity Self Consumption 

Fraction 64.76% 69.33% +4.57% 71.64% +6.88% 
Power-to-Heat Self Consumption 

Fraction 3.13% 7.48% +4.34% 10.70% +7.56% 

Decentral System Supply Fraction 85.44% 82.08% -3.36% 80.65% -4.79% 
Decentral System Self Consumption 

Fraction 90.84% 92.64% +1.79% 92.88% +2.04% 

Moreover, as seen in the Sonnenhaus and KfW55 without FC-CHP, on Day 6, as seen in Figure 99, the 

objective function fitness value with GPS optimizer seems to be including a penalty for the lower building 

temperature than the setpoint.  

 

Figure 99. Objective function fitness value for each day over the optimization time (48 hours maximum) for each 

of the representative days in passive house without FC-CHP using PSO and GPS optimizers 
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d. WSchVO95 
Finally, with the WSchVO95, old energy standard building, it can be seen that without FC-CHP (Table 

65 and Figure 100) on Day 2, PSO could manage to double the EST production from 16 kWh to 32 kWh with 

a slight increase in the EP2H conversion while GPS increases the EP2H even further but only acquires an EST 

production of 19 kWh. And on Day 3, both PSO and GPS slightly increases the ST and P2H contribution 

equally. On Day 4, with 5 kWh SH demand, both PSO and GPS could only produce 20 kWh with ST while 

in status quo 28 kWh could be produced and the reason for this might be the carryover energy from the 

previous day in the storage could be better with the use of MPC, such that there is not enough space on 

the current day. But also using MPC, there is no GB input required with a slight increase in P2H 

conversion. With a slight decrease in SH demand from 50 kWh on Day 5, MPC could manage to increase 

the EST by 4 kWh and reduce the EGB enormously from 21 kWh to 2 kWh with PSO and to 4 kWh with GPS. 

On Day 6 and 1, ESH via MPC could be reduced from 137 kWh, 132 kWh to 121 kWh and 116 kWh 

respectively (by both optimizers). Thus, an equivalent amount of savings could be seen in the GB 

requirement on Day 6 with a little bit increment of EP2H. But as seen in Figure 101, this comes at a 

controversial compromise of a reduced building temperature with early morning temperatures between 

18.5°C and 19°C and during the latter part of the day going above 19°C.  

 

 

Figure 100. Heat demand and supply of the representative days in WSchVO95 building without FC-CHP (status 

quo vs. MPC) using PSO and GPS optimizers 
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Figure 101. Temperatures of the representative days in WSchVO95 building without FC-CHP (status quo vs. 

MPC) using PSO and GPS optimizers 

Table 65. Daily energy values in kWh/day of the representative days in reference case and with MPC 

implementation for WSchVO95 building without FC-CHP 

Energy (kWh/day) EDHW ESH EST EGB EP2H EPV Eload,el Egrid-exp EBatt,out EPV,direct Egrid-imp 

Day 1 

(11.01.2018) 

Status Quo 12.73 132.12 3.97 145.25 0.00 2.74 12.34 0.00 1.06 1.37 9.94 

MPC-PSO 12.73 116.73 3.83 126.88 0.00 2.74 12.34 0.00 1.06 1.37 9.94 

MPC-GPS 12.73 116.39 3.84 125.39 0.28 2.74 12.34 0.00 0.82 1.37 10.18 

Day 2 

(13-07-2018) 

Status Quo 13.39 0.00 16.09 0.00 0.00 20.88 9.24 10.07 4.69 4.69 0.00 

MPC-PSO 13.37 0.00 31.82 0.00 1.75 20.88 9.24 8.60 4.69 4.69 0.00 

MPC-GPS 13.39 0.00 19.16 0.00 3.11 20.88 9.24 7.07 4.69 4.69 0.00 

Day 3 

(11-08-2018) 

Status Quo 7.69 0.00 23.78 0.00 1.70 17.88 9.99 4.39 4.02 6.09 0.00 

MPC-PSO 7.69 0.00 25.71 0.00 2.64 17.88 9.99 3.37 4.02 6.09 0.00 

MPC-GPS 7.70 0.00 25.43 0.00 2.75 17.88 9.99 3.24 4.02 6.09 0.00 

Day 4 

(13-10-2018) 

Status Quo 10.09 4.95 28.41 0.00 0.00 18.85 13.89 5.47 6.11 6.38 1.58 

MPC-PSO 10.06 4.88 20.69 0.00 2.10 18.85 13.89 3.32 6.03 6.44 1.59 

MPC-GPS 10.06 4.88 20.73 0.00 2.10 18.85 13.89 3.32 6.06 6.44 1.57 

Day 5 

(20-10-2018) 

Status Quo 9.13 49.32 29.59 20.93 0.00 8.93 13.89 0.00 3.73 4.31 5.96 

MPC-PSO 9.14 47.79 33.41 1.98 0.00 8.93 13.89 0.00 3.73 4.31 5.96 

MPC-GPS 9.14 47.84 33.23 3.50 0.00 8.93 13.89 0.00 3.73 4.31 5.96 

Day 6 

(25-12-2018) 

Status Quo 11.91 137.75 10.06 143.26 0.00 4.15 12.34 0.00 2.12 1.56 8.72 

MPC-PSO 11.91 121.67 9.92 127.49 2.08 4.15 12.34 0.10 0.13 1.71 10.50 

MPC-GPS 11.91 121.92 9.92 128.16 2.18 4.15 12.34 0.00 0.13 1.71 10.50 

On the electrical side of the system, on Days 2-5, no major difference could be seen except for a lower 

grid import due to increased P2H. On Day 6, battery usage is also considerably reduced by the MPC in 

comparison to status quo because of the increased use of P2H, thus leading to more grid import for 

supplying the electrical loads during the evening peak. Also on Day 1 with GPS, battery use is reduced 

while with PSO no change to status quo could be seen.  

On a yearly scale, as seen in Table 66, both PSO and GPS manages to reduce the SH by 10% but though 

with a slightly reduced building temperature. As seen in the previous outcomes, PSO manages a better ST 

contribution and increased battery usage while GPS increases the P2H contribution. Thus, the grid export 

is reduced by GPS a lot more than PSO which comes at a cost of increased grid import.  
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Table 66. Essential yearly energy values in kWh/a in reference case and the yearly energy values in kWh/a with 

MPC via deviation corrected weighted clustering extrapolation for WSchVO95 without FC-CHP 

 
𝐸𝑦𝑒𝑎𝑟,𝑟𝑒𝑓  

(kWh) 

PSO GPS 

𝐸6𝑑𝑎𝑦,𝑃𝑆𝑂  

(kWh) 

MPC Gains 
(%) 

𝐸6𝑑𝑎𝑦,𝑃𝑆𝑂  

(kWh) 

MPC Gains 
(%) 

EDHW  4003 4000 -0.07% 4002 -0.03% 

ESH  19722 17677 -10.37% 17652 -10.50% 

EST  6019 6716 +11.57% 6046 +0.44% 

EGB  19077 15875 -16.78% 15827 -17.03% 

EP2H  206 768 +272.56% 953 +362.76% 

EPV  4202 4202 0.00% 4202 0.00% 

Eload,el  4140 4140 -0.00% 4140 -0.00% 

Egrid-exp  1078 827 -23.27% 740 -31.32% 

EBatt,out 1312 1252 -4.59% 1229 -6.36% 

EPV,direct 1277 1284 +0.50% 1284 +0.48% 

Egrid-imp 1589 1637 +3.01% 1659 +4.35% 

 

Table 67. Yearly efficiency in reference case and with MPC via deviation corrected weighted clustering 

extrapolation for WSchVO95 without FC-CHP 

 

PSO 
η

𝑦𝑒𝑎𝑟,𝑃𝑆𝑂
 

(%) 

PSO GPS 

MPC Gains 
(% Change) 

η
𝑦𝑒𝑎𝑟,𝑃𝑆𝑂

 

(%) 
MPC Gains 
(% Change) 

η
𝑦𝑒𝑎𝑟,𝑃𝑆𝑂

 

(%) 

Energy 
Supply 

Fraction 

Solar Thermal 25.37% 30.98% +5.61% 27.92% +2.55% 

Gas Boiler 80.41% 73.24% -7.17% 73.09% -7.32% 

Power-to-Heat 0.87% 3.54% +2.67% 4.40% +3.53% 

Thermal Supply Fraction 106.65% 107.76% +1.11% 105.42% -1.23% 

Thermal Self Consumption Fraction 100.00% 100.00% 0.00% 100.00% 0.00% 

Electricity Supply Fraction 61.61% 60.45% -1.15% 59.93% -1.67% 
Electricity Self Consumption 

Fraction 66.53% 78.61% +12.08% 82.48% +15.95% 
Power-to-Heat Self Consumption 

Fraction 4.90% 18.27% +13.36% 22.69% +17.79% 

Decentral System Supply Fraction 94.30% 93.66% -0.64% 93.57% -0.73% 
Decentral System Self Consumption 

Fraction 96.32% 96.91% +0.59% 97.16% +0.84% 

In terms of energy fraction (Table 67), PSO performs a bit better in increasing the solar fraction from 

25% to 31% while GPS could increase it to 28%. In both cases, the GB supply fraction could be reduced by 

7%. Though on the electrical side GPS reports an increased electricity self-consumption, this clearly comes 

with and increased usage of P2H which also causes to reduce the battery usage and increase the grid 

import. And comparatively, for the WSchVO95 building, the advantages of using an MPC is limited with 

only 1% increase in decentral system self-consumption, which clearly indicates that the playroom for such 

an old building without FC-CHP is very limited and advanced control could only reduce the primary 

energy consumption with a small compromise on the comfort temperature. Finally, in Figure 102, the 

objective function fitness curve indicates that there is almost no difference between the two optimizers.  
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Figure 102. Objective function fitness value for each day over the optimization time (48 hours maximum) for 

each of the representative days in WSchVO95 building without FC-CHP using PSO and GPS optimizers 

VII. Energy Fraction Formulas 

 

 

Formulas* 

Supply 

Fraction 

Solar Thermal 
𝐸𝑆𝑇

𝐸𝐷𝐻𝑊 + 𝐸𝑆𝐻

 

Gas Boiler 
𝐸𝐺𝐵

𝐸𝐷𝐻𝑊 + 𝐸𝑆𝐻

 

Power-to-Heat 
𝐸𝑃2𝐻

𝐸𝐷𝐻𝑊 + 𝐸𝑆𝐻

 

Fuel cell Thermal 
𝐸𝐹𝐶,𝑡ℎ

𝐸𝐷𝐻𝑊 + 𝐸𝑆𝐻

 

Fuel cell Electrical 
𝐸𝐹𝐶𝑒𝑙2𝑙𝑜𝑎𝑑

𝐸𝑙𝑜𝑎𝑑𝑒𝑙

 

Photovoltaics 
𝐸𝑃𝑉2𝑙𝑜𝑎𝑑

𝐸𝑙𝑜𝑎𝑑𝑒𝑙

 

Self-

Consumption 

Fraction 

Fuel cell Electrical 
𝐸𝐹𝐶𝑒𝑙2𝑙𝑜𝑎𝑑

𝐸𝐹𝐶,𝑒𝑙

 

Photovoltaics 
𝐸𝑃𝑉2𝑙𝑜𝑎𝑑,𝑑𝑖𝑟𝑒𝑐𝑡 + 𝐸𝐵𝑎𝑡𝑡,𝑜𝑢𝑡

𝐸𝑃𝑉

 

Thermal Supply Fraction 
𝐸𝑆𝑇 + 𝐸𝐺𝐵 + 𝐸𝑃2𝐻 + 𝐸𝐹𝐶,𝑡ℎ

𝐸𝐷𝐻𝑊 + 𝐸𝑆𝐻

 

Thermal Self Consumption Fraction 
𝐸𝑆𝑇 + 𝐸𝐺𝐵 + 𝐸𝑃2𝐻 + 𝐸𝐹𝐶,𝑡ℎ

𝐸𝑆𝑇 + 𝐸𝐺𝐵 + 𝐸𝑃2𝐻 + 𝐸𝐹𝐶,𝑡ℎ

 

Electricity Supply Fraction 
𝐸𝐹𝐶𝑒𝑙2𝑙𝑜𝑎𝑑 + 𝐸𝑃𝑉2𝑙𝑜𝑎𝑑,𝑑𝑖𝑟𝑒𝑐𝑡 + 𝐸𝐵𝑎𝑡𝑡,𝑜𝑢𝑡

𝐸𝑙𝑜𝑎𝑑𝑒𝑙
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Electricity Self Consumption 

Fraction 

𝐸𝐹𝐶𝑒𝑙2𝑙𝑜𝑎𝑑 + 𝐸𝑃𝑉2𝑙𝑜𝑎𝑑,𝑑𝑖𝑟𝑒𝑐𝑡 + 𝐸𝐵𝑎𝑡𝑡,𝑜𝑢𝑡

𝐸𝐹𝐶,𝑒𝑙 + 𝐸𝑃𝑉

 

Power-to-heat Self Consumption 

Fraction 

𝐸𝑃2𝐻

𝐸𝐹𝐶,𝑒𝑙 + 𝐸𝑃𝑉

 

Decentral System Supply Fraction 
𝐸𝑆𝑇 + 𝐸𝐺𝐵 + 𝐸𝑃2𝐻 + 𝐸𝐹𝐶,𝑡ℎ +  𝐸𝐹𝐶𝑒𝑙2𝑙𝑜𝑎𝑑 +  𝐸𝑃𝑉2𝑙𝑜𝑎𝑑,𝑑𝑖𝑟𝑒𝑐𝑡 + 𝐸𝐵𝑎𝑡𝑡,𝑜𝑢𝑡

𝐸𝐷𝐻𝑊 + 𝐸𝑆𝐻 + 𝐸𝑙𝑜𝑎𝑑𝑒𝑙

 

Decentral System Self Consumption 

Fraction 

𝐸𝑆𝑇 + 𝐸𝐺𝐵 + 𝐸𝑃2𝐻 + 𝐸𝐹𝐶,𝑡ℎ +  𝐸𝐹𝐶𝑒𝑙2𝑙𝑜𝑎𝑑 +  𝐸𝑃𝑉2𝑙𝑜𝑎𝑑,𝑑𝑖𝑟𝑒𝑐𝑡 + 𝐸𝐵𝑎𝑡𝑡,𝑜𝑢𝑡

𝐸𝑆𝑇 + 𝐸𝐺𝐵 + 𝐸𝐹𝐶,𝑡ℎ + 𝐸𝐹𝐶,𝑒𝑙 + 𝐸𝑃𝑉

 

*All formulas are calculated on the thermal side from the thermal storage as the node and on the 

electrical side on the AC bus 

VIII. Objective function for optimizer without FC-CHP 

𝐽𝑒(𝑥0) = 𝑚𝑖𝑛
𝑢0…𝑢𝑁−1

∑

𝜌 + (µ𝐺𝐵 ∗
∫ 𝑄𝐺𝐵

24ℎ

0ℎ

∫ (𝑄𝐷𝐻𝑊 + 𝑄𝑆𝐻)
24ℎ

0ℎ

)

 

+ (µ𝑅𝐸𝑃2𝐻
∗

∫ (𝑄𝑃2𝐻𝑒𝑙
)

24ℎ

0ℎ

∫ (𝑄𝐷𝐻𝑊 + 𝑄𝑆𝐻)
24ℎ

0ℎ

)

 

+ (µ𝐺𝑟𝑖𝑑𝐼𝑚𝑝
∗

∫ 𝑃𝐺𝑟𝑖𝑑𝐼𝑚𝑝𝑜𝑟𝑡

24ℎ

0ℎ

∫ 𝑃𝑒𝑙𝑙𝑜𝑎𝑑

24ℎ

0ℎ

)
+ (µ𝐺𝑟𝑖𝑑𝐸𝑥𝑝

∗
∫ 𝑃𝐺𝑟𝑖𝑑𝐸𝑥𝑝𝑜𝑟𝑡

24ℎ

0ℎ

∫ (𝑃𝑃𝑉 + 𝑃𝐹𝑐𝑒𝑙
)

24ℎ

0ℎ

)

 

− (µ𝑅𝐸𝑡ℎ
∗

∫ (𝑄𝑆𝑇 + 𝑄𝑃2𝐻𝑒𝑙,𝑃𝑉
)

24ℎ

0ℎ

∫ (𝑄𝐷𝐻𝑊 + 𝑄𝑆𝐻)
24ℎ

0ℎ

) − (µ𝑅𝐸𝑒𝑙
∗

∫ (𝑃𝑃𝑉)
24ℎ

0ℎ

∫ 𝑃𝑒𝑙𝑙𝑜𝑎𝑑

24ℎ

0ℎ

)

2

− (µ𝑆𝑒𝑙𝑓 ∗
∫ (𝑄𝑃2𝐻𝑒𝑙

+ 𝑃𝑒𝑙𝑠𝑦𝑠2𝑙𝑜𝑎𝑑
)

24ℎ

0ℎ

∫ (𝑃𝑃𝑉 + 𝑃𝐹𝑐𝑒𝑙
)

24ℎ

0ℎ

)

2

− (µ𝐵𝑎𝑡𝑡 
∗

∫ (𝑃𝐵𝑎𝑡𝑡,𝑜𝑢𝑡)
24ℎ

0ℎ

∫ 𝑃𝑒𝑙𝑙𝑜𝑎𝑑

24ℎ

0ℎ

)

2

 

 

𝑁−1

𝑘=0

 (21) 

with respect to 

𝜌 = 𝜌𝑠ℎ + 𝜌𝑑ℎ𝑤 + 𝜌𝑒𝑙 + 𝜌𝑔𝑏 (22) 

𝜌𝑠ℎ = {
∫ 𝛼(𝑇𝑟𝑜𝑜𝑚_𝑠𝑒𝑡 − 𝑇𝑟𝑜𝑜𝑚)

2
24ℎ

0ℎ

,    𝑇𝑟𝑜𝑜𝑚𝑠𝑒𝑡
− 𝑇𝑟𝑜𝑜𝑚 − 0.5 < 0

0         ,    𝑇𝑟𝑜𝑜𝑚𝑠𝑒𝑡
− 𝑇𝑟𝑜𝑜𝑚 − 0.5 ≥ 0

 (23) 

𝜌𝑑ℎ𝑤 = {
∫ 𝛽(𝑇𝑑ℎ𝑤_𝑠𝑒𝑡 − 𝑇𝑑ℎ𝑤)

 
24ℎ

0ℎ

,    𝑇𝑑ℎ𝑤𝑠𝑒𝑡
− 𝑇𝑑ℎ𝑤 − 2 < 0

0         ,    𝑇𝑑ℎ𝑤𝑠𝑒𝑡
− 𝑇𝑑ℎ𝑤 − 2 ≥ 0

 (24) 

𝜌𝑒𝑙 = ∫ 𝛾 (𝑃𝑒𝑙𝑙𝑜𝑎𝑑
− 𝑃𝑒𝑙𝑠𝑦𝑠2𝑙𝑜𝑎𝑑

)
24ℎ

0ℎ

 (25) 

𝜌𝑔𝑏 = ∫ 𝜆(𝑄𝐺𝐵)2
24ℎ

0ℎ

 (26) 

µ𝐺𝑟𝑖𝑑_𝐸𝑥𝑝𝑜𝑟𝑡 = {
2000 ,  1400 ℎ < 𝑡𝑖𝑚𝑒 < 7300 ℎ

4000 ,  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 (27) 

where, 
       𝛼 = 30; 𝛽 = 1000; 𝛾 = 1000; 𝜆 = 1 ; µ𝐺𝐵  = 400; µ𝐺𝑟𝑖𝑑_𝐼𝑚𝑝𝑜𝑟𝑡  = 1000; µ𝐺𝑟𝑖𝑑_𝐸𝑥𝑝𝑜𝑟𝑡  = 2000; µ𝑅𝐸_𝑡ℎ = 9;                                           

       µ𝑅𝐸_𝑒𝑙  = 15; µ𝑆𝑒𝑙𝑓  = 15; µ𝑅𝐸𝑃2𝐻
 = 700; µ𝐵𝑎𝑡𝑡 

= 40; 

       Except for WschVO95, where 𝛼 = 120; 𝜆 = 0.1; 

 


