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Abstract 

The increasing number of predictive model control 

(MPC) approaches enables a wide variety of designs. 

However, the question arises which approach is suitable 

for real operation. This paper examines two different 

MPC approaches based on simple and detailed models as 

well as using different optimization algorithms. The MPC 

approaches are applied and evaluated in a real energy 

system controlling heat pumps of variable and constant 

compressor speed. Due to the different characteristics, 

two implementation processes are required. Both 

approaches ensure correct system operation, even if the 

GA approach had to be corrected four times by rule-based 

intervention. The power control of the MHPs could not be 

strictly implemented by any approach. 

Key Innovations 

 Comparison of different MPC approaches by 

month simulation 

 Presentation of two different implementation 

processes into a real energy system of terraced 

houses 

 Control of heat pumps of variable and constant 

compressor speed by MPC approaches 

 Evaluation of real MPC operation 

Practical Implications 

This paper shows how to implement different MPC 

approaches into a real energy system and how to ensure 

correct system operation.  

Introduction 

There exist a lot of variants regarding MPC modelling and 

optimization methods in simulation studies (Fischer et al., 

2018; Beck et al., 2017; Bürger et al., 2019) and the 

number of MPC practice in building operation is growing 

(Gholamzadehmir et al., 2020; Zacekova et al., 2014). 

These MPC approaches, especially energy models, 

optimization approaches and implementation in real 

operation, are diverse. There are many simulation studies 

of varying cost functions while the MPC approaches stay 

the same. The comparison of different MPC approaches 

is only discussed in few research work.  

In a simulation study, Atam (2015) examined three 

optimization methods for a hybrid ground-coupled heat 

pump systems using dynamic, nonlinear and linear 

programming with different models. The results of 

dynamic and nonlinear programming are very close 

results, but linear programming also gave good results. 

Figueroa et al. (2020) showed 4 different modeling 

strategies with different formulation of the COP and the 

return fluid temperature from a borefield and concluded 

that an accurate prediction of the COP makes the heat 

pump operation is smoother. Another study (Buderus, 

2018) also showed that different MPC approaches come 

to similar results. Two MPC approaches, one mixed-

integer linear programming (MILP) with simplified 

models and one generic algorithms with detailed models, 

controlled the operation of a heat pump with thermal 

buffer storage in a hardware-in-the-loop test bench for the 

same scenario and both resulted in a reduction of energy 

costs by 1 %. 

In some cases, field tests of model predictive control 

strategies are realized in residential and office buildings. 

De Coninck et al. (2016) implemented a MPC control 

with non-linear models in an office building and showed 

that the MPC provides a similar or better thermal comfort 

than the reference control while reducing the energy costs 

by more than 30 %. Finck (2020) compares and evaluates 

different models of storage unit, heat pump, building 

models and loads on accuracy for the use in a MPC. In a 

family house, Finck (2020) investigates the accuracy of 

the models during MPC online operation with good 

results, but the method of dynamic optimization for 

generating the operation plan for the heat pumps stays the 

same. The influence of different optimization targets as 

well as rule based control are also discussed. 

In real operation, the question of how different MPC 

approaches influence the operation of heat pumps and 

how different approaches are implemented while the cost 

function stays the same is hardly discussed. MPC 

approaches with detailed models better represent the plant 

specification, but require simpler optimization algorithms 

due to their complexity. On the other hand, simple models 

are easier to integrate into optimization algorithms, but 

the question arises whether they fully represent the plant. 

In this paper, two MPC approaches for controlling 

modulating heat pumps (MHPs) and on/off heat pumps 

for domestic hot water (Booster) are compared in 

simulation and implemented in a real energy system of 

eight terraced houses (see Figure 1). Built in 2017 to an 

almost passive house standard, the terraced houses have 

been energy-monitored and operated with various control 

strategies since April 2018. In the first case, a simple 

modeling of the system technology is pursued. Detailed 
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models are chosen for the second approach. The 

complexity of the energy models affects the choice of the 

optimization algorithm. Thus, a genetic optimization 

algorithm (GA) in MATLAB (MathWorks, 2020a) is 

used for the detailed approach, since it can also process 

non-linear models. The simple models of the MHPs and 

the thermal energy storage (TES) are implemented in a 

mixed-integer linear programming (MILP) solver. The 

advantages and disadvantages of both approaches and 

real-life implementations are analyzed and discussed in 

this paper. 

 

Figure 1: Thermal energy system of eight terraced houses 

Due to results from a previous simulation study for this 

energy system by Betzold, C. et al. (2021), economic 

aspects are not considered in this paper. In the previous 

simulation study a MPC with simple models and MILP 

solver were compared in an annual simulation with two 

heat-controlled and PV-optimized control strategies and 

evaluated in terms of total energy consumption and 

operating costs. The MPC achieves the lowest total 

energy consumption with the best coefficient of 

performance and highest PV self-consumption but 

reduces operating costs by only 3.3 % compared to an 

efficient heat-controlled strategies. Under the energy 

price conditions for the terraced houses MPC strategies 

are not able to economically compete with efficient heat-

controlled strategies. Since energy prices are also subject 

to legal requirements (e.g. feed-in tariff, taxes, etc.), a 

change, e.g. a reduction in the feed-in tariff, can make the 

operation of the MPC economically interesting. 

Methods 

Both MPC approaches, MILP and GA approach, use 

nearly the same optimization method, but for the real-life 

implementation different optimization processes are 

required. The optimization method (see Figure 2) as well 

as the optimization processes (see Figure 5 and 6) are 

implemented in MATLAB coupled with Python (Python, 

2018) for generating prediction loads. Prediction models 

are realized by white-box and black-box models. The 

DHW profile prediction consist of historical data one 

week ago. The battery and boosters are white-box models 

and realized as energy balance. Except the models of the 

MHPs, the optimization algorithm and thus the 

constraints of the TES, the optimization method stays the 

same (see Figure 2).  

White-box models 

The prediction model of PV is a white-box model and PV 

power is determined by the radiation on the surface, 

calculated by an Isotropic Sky Model (Shukla, 2015), the 

PV area, efficiency of PV modules and inverter.  

The battery model is an energy balance of incoming and 

outgoing electrical power with inverter efficiency and 

calculated by Equation 1. As well the model of the DHW 

storage is an energy node of incoming and outgoing 

thermal power with a constant thermal loss. The model of 

the boosters is represented by one operation point at 

25 °C/55 °C with a thermal power of 3 kW and COP of 

4.3. 

𝑃𝑃𝑉(𝑡) ∗ 𝑛𝑙𝑜𝑠𝑠 + 𝐶𝑏𝑎𝑡,𝑐𝑎𝑝 = ⋯ 

∑ 𝑃𝑀𝐻𝑃,𝑛(𝑡)

2

𝑛=1

+ ∑ 𝑃𝑏,𝑛

8

𝑛=1

(𝑡) 

(1) 

 

 

Figure 2: Process diagram of optimization method for 

MILP and GA approach 

Black-box models 

The prediction of thermal building load and household 

electricity are determined by artificial neural networks 

(ANN) in Python with the library Tensorflow (Apache, 

2019). Both ANN are recurrent, trained with measured 

data of 15 months from the energy monitoring of the 

terraced houses and deliver prediction data for 24 hours in 

a 15 minutes timestep. The ANN for thermal building 

load has three hidden layers with a number of neuros of 

1024, 64, 32. Inputs are date information (month, day, 

hour), ambient temperature and horizontal global solar 

radiation. The test data of 2 month resulted in mean 

absolute error (MAE) of 4.04 kW, normalized mean 

absolute error (NMAE) of 0.48 and a mean value of 

9.2 kW, compared to the mean value of measured data of 

8.4 kW. The ANN for household electricity has two 

hidden layers with a number of neuros of each 128. Inputs 

are date information (month, day, hour), ambient 

temperature and horizontal global solar radiation as well 

as the historic values of one day and one week ago. The 

test data of 3 month resulted in MAE of 924 W, NMAE 
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of 0.31 and a mean value of 2682 W, compared to the 

mean value of measured data of 2985 W. 

Cost function 

The cost function (J) is the same in both MPC approaches 

and bases on operating costs (c) for the consumed 

electricity, including household electricity, the MHPs and 

the DHW-HPs depending on the consumption of grid 

(𝐸𝑒𝑙,𝑔𝑟𝑖𝑑), PV (𝐸𝑒𝑙,𝑃𝑉) or battery (𝐸𝑒𝑙,𝐵𝑎𝑡) as well as a 

bonus for grid feed-in ( 𝐸𝑒𝑙,feedin). The cost function is 

calculated in Equation 2. The energy prices are shown in 

Table 1. 

Table 1: Electricity prices. 

Energy prices Price 

Grid electricity 0.32 €/kWh 

PV electricity 0.12 €/kWh 

Battery electricity 0.14 €/kWh 

PV feed-in electricity 0.11 €/kWh 

𝑚𝑖𝑛 𝐽 = ∑ 𝐸𝑒𝑙,𝑃𝑉,𝑡

𝑡𝑒𝑛𝑑

𝑡=1

∗ 𝑐𝑃𝑉 + ⋯ 

∑ 𝐸𝑒𝑙,𝐵𝑎𝑡,𝑡

𝑡𝑒𝑛𝑑

𝑡=1

∗ 𝑐𝐵𝑎𝑡 + ⋯ 

∑ 𝐸𝑒𝑙,𝑔𝑟𝑖𝑑,𝑡

𝑡𝑒𝑛𝑑

𝑡=1

∗ 𝑐𝑔𝑟𝑖𝑑 − ⋯ 

∑  𝐸𝑒𝑙,feedin,𝑡

𝑡𝑒𝑛𝑑

𝑡=1

∗ 𝑐feedin 

(2) 

 

Simple models of MILP approach  

The models of the MILP approach are simplified to a 

model that bases on energy flows coupled in an energy 

node in order to receive linear models. The heat pump is 

represented by fixed operation points at 5 °C/35 °C 

between which the MILP can interpolate. The 

interpolation is enabled by the additional software 

GUROBI (Gurobi, 2019), for using the Special Ordered 

Set (SOS) option and is integrated in MATLAB. The 

simple model of the TES is represented by a single 

capacity node, so that the thermal storage is viewed as 

ideally mixed. Incoming and outgoing thermal power is 

balanced in this node. Equation 3 shows the thermal 

energy balance, where Q̇
𝑀𝐻𝑃

 is the thermal power of one 

MHP, Q̇
𝑐𝑎𝑝

 is the start capacity of TES, Q̇
𝑙𝑜𝑠𝑠

 the thermal 

losses and Q̇
𝑡ℎ

 the thermal load, including thermal 

building and DHW load. The simple models are described 

by Betzold et al. (2020) and Betzold et al. (2021). Model 

validation showed moderate but sufficient accuracy 

(Betzold et al., 2020 & Hummel et al., 2020). 

∑ Q̇
𝑀𝐻𝑃,𝑛

(𝑡)

2

𝑛=1

+ Q̇
𝑐𝑎𝑝

(𝑡) = Q̇
𝑙𝑜𝑠𝑠

(𝑡) + Q̇
𝑡ℎ

(𝑡) 

 

(3) 

Detailed models of GA approach  

In the detailed MHP model, the condenser and 

evaporation temperatures are included in the calculation 

of thermal and electrical power. This means that the 

model can respond individually to the existing 

temperature conditions. The calculation of thermal and 

electrical power is a modification of the model of a 

compression heat pump according to Wetter et al. (1996) 

and is described by Dentel and Betzold (2017). 

Equation 4 shows the new polynomial equation (
iP ) for 

calculating the electrical power with eight coefficients 

( 
nbp ), the evaporator inlet temperature (

x,ev,in,i ), the 

condenser outlet temperature (
x,cond,out,i ), and the 

modulation speed (
n,iY ). The thermal power (

iQ ) is 

represented by the polynomial, shown in Equation 5, with 

eight coefficients (
nbq ), the evaporator inlet temperature 

(
x,ev,in,i ), the condenser outlet temperature (

x,cond,out,i ), 

and the modulation speed (
n,iY ). 
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(5) 

A stratified storage model was created for the detailed 

storage model, as described by Becker (2006). The 

storage model used has five temperature layers N whose 

current temperature TS is calculated using the following 

Equation 6. The storage capacity rate CS results from the 

product of the storage volume VS = 2,800 liters, the 

density ρW = 1000 kg m-3 and the specific heat capacity 

cp,W = 4.18 kJ kg-1 K-1 (each of water) and amounts to 

3.25 kWh K-1. The internal heat exchange between the 

layers is Q̇
int

. 

CS

N

dTS(t)

dt
 = Q̇

MHP
(t)- Q̇

th
(t)+ Q̇

int
(t) - Q̇

loss
(t) 

 

(6) 

The detailed models are also described and validated with 

good accuracy by Buderus and Dentel (2017) and by 

Hummel et al. (2020).  

As the GA algorithm needs more computational time to 

find a minimum of the cost function and easily remains 

stuck in a local minimum, in which no feasible point can 

be found, the optimization is realized in three steps to 
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determine a feasible solution. In the first step, a simulation 

with rule-based control of mixed PV-/heat controlled 

operation determines the operation points of MHPs, 

boosters and battery. These results are, in the second step, 

the initial points for a GA optimization with a cost 

function of 0 for evaluating initial points which are 

feasible in GA optimization. The third step, is the GA 

optimization with cost function from Equation 2 and 

initial points from the second step. This method reduced 

the computational time and especially ensures to find a 

minimum that is feasible at all.  

MPC Simulation 

MPC Simulation is realized on a PC with Intel Xeon CPU 

E5-2630 processor, RAM 64GB and 2 cores. For the 

MILP optimisation method, assuming a number of 7779 

optimization variables and simple system model, can be 

simulated 5 to 60 seconds of computational time. For the 

GA optimisation method, assuming a number of 528 

optimization variables and detailed system model, can be 

simulated within 2 and 7 hours of computational time. 

For a first comparison of the MHPs operation behaviour 

under MILP and GA optimization, a day is simulated and 

the thermal power and the state of charge (SOC) of the 

TES is compared in Figure 3.  

 

Figure 3: Comparison of MILP and GA optimization for 

one day in simulation 

In order to compare the energy production as well as PV 

and battery shares under MILP and GA optimization, a 

simulation of one month is realized. The optimization 

horizon is 24 hours in 15 minutes timestep (MILP) and 30 

minutes timestep (GA). The start conditions are the final 

states of the previous simulation. The measurement data 

from February 2020 serves as forecast loads. 

 

Figure 4: Comparison of MILP and GA optimization for 

one month in simulation with measured data from 

February 2020 

While the operation plan for the MHPs and the SOC for 

one day is different in both approaches, the results of one 

month simulation are in good agreement. The results of 

the simulation show that the energy shares are quite 

similar, although GA optimization has a tendency of less 

direct PV share and higher battery and grid/feed-in shares 

(see Figure 4). As well the results for SPF of MHPs, total 

energy consumption including household electricity and 

operating costs are quite similar and shown in Table 2. 

Table 2: Comparison of simulation results of MILP and 

GA for month of February 2020. 

Characteristic MILP GA 

SPF of MHPs 5.19 5.27 

Total energy consumption 4387 kWh 4378 kWh 

Operating costs 878.3 € 878.6 € 

Real-life implementation 

The implementation into the real energy system of the 

terraced houses of the two MPC approaches differs as GA 

optimization needs more computational effort of 2-7 

hours. However, the interface as well as the determination 

of the control signals after optimization are the same. The 

interface between MATLAB and the physical energy 

system is realized by a SQL Server Database (Microsoft, 

2017). Both MPC approaches use the same optimization 

method as seen in Figure 2, except the white box-models 

of virtual MHPs and thermal storage as well as the 

optimization algorithm and boundary constraints for the 

thermal storage are different.  

The results of both MPC approaches provide an SOC 

determining the set value for the MHPs. The SOC is 

divided into 8 areas, respectively allocated to a set value 

of 28 °C to 42 °C in a 2 K step. The boosters receive the 

set temperature of the storage tank as set value when they 

are to be on (60 ° C) or off (45 ° C). The minimum value 

of 45 °C ensures the comfort limits of the habitants. In this 

work, the main focus is on the operation of heat pumps. 

The battery is included in the MPC approaches, but not 

controlled in real operation. Evaluating the effect of 

loading from the grid or grid feed-in from the battery due 

to wrong prediction is not completed in previous work. 

The MILP and GA processes differ in the optimization 

interval, timestep and the Set/Check loop, which sets the 

set values and checks the operation of the system. MILP 

process is implemented in a 15 minute-loop and shown in 

Figure 5. The results, especially set values for MHPs and 

boosters, are written in the SQL database after end of 

optimization directly. During the 15 minutes before new 

start of MILP optimization the system operation is 

checked by the Set/Check Loop for disturbances and 

deviations of the operation plan, and if necessary, sets set 

values for switch on or off. The Set/Check Loop ensures 

the operation reliability during time slot of next set values 

by switching MHPs on if a minimal SOC occurs or 

switching MHPs off if consender inlet temperature is 

higher than 2 K above set value. This occurs when the 

thermal building load is satisfied, which is mostly coupled 

to deviations of thermal prediction, and the internal 

control of the MHPs would switch the MHPs off. 
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Figure 5: MILP process diagram for online optimization 

The GA optimization takes about 2 hour until 7 hours for 

generating an optimal operation plan. Therefore, the GA 

optimization process, which is shown in Figure 6, is 

reduced to two runs per day. While the GA optimization 

is running the set values must still be set every 30 minutes. 

Therefore, GA process is implemented in a parallel 

computing loop, using the parallel computing toolbox in 

MATLAB, for running two scripts in parallel. The GA 

optimization is running twice a day and creates results for 

the next 24 hours in a 0.5 timestep. Only the results of the 

first 12 hours are used as set values as the GA process 

provides every 12 hours a new operation plan. As well, 

the GA process includes the Set/Check Loop for reacting 

on disturbances and deviations between the 30 minutes of 

setting new set values. 

 

Figure 6: GA process diagram for online optimization 

Results 

The MILP optimization process was running from 

07.12.2020 until 14.12.2020, the GA optimization process 

from 18.12.2020 until 22.12.2020. As the MPC approach 

and the implementation is different, the evaluation 

focuses on compliance with the specifications. These 

specifications include the thermal power of the MHPs, the 

SOC and the supply temperature of the building. As well, 

the number of additional settings during the Set/Check 

Loop to ensure system operation is interesting. First, the 

deviation of the prediction data are examined by root-

mean-square deviation (RMSD) and normalized root-

mean-square deviation (NRMSD), calculated by Equation 

7 and 8.  

 

2

Re , ,

1

( )

 

n

f i Sim i

i

X X

RMSD
n








 

 

(7) 

 

Re ,max ,min

 
( f Sim

RMSD
NRMSD

X X

 
  

  

 
 

(8) 

The deviations, especially of the thermal building and the 

DHW loads, are important as they lead to different MHPs 

operation and SOC and may force the Set/Check Loop to 

deviate from the operation plan/set values. 

As shown in Table 3 and 4 the deviation of prediction data 

are of similar size during the operation periods of both 

MPC approaches. In general, the ANN prediction of 

thermal building load and household electricity is in a 

good range, although peak loads are not well represented. 

Table 3: RMSD and NRMSD of prediction loads during 

MILP operation. 

Prediction load RMSD NRMSD 

PV production 1.52 kW 8.4 % 

Thermal building load 1.62 kW 12.8 % 

Household electricity 1.86 kW 19.7 % 

DHW loads 2.89 kW 23.0 % 

 

Table 4: RMSD and NRMSD of prediction loads during 

GA operation. 

Prediction load RMSD NRMSD 

PV production 1.82 kW 13.2 % 

Thermal building load 1.56 kW 17.4 % 

Household electricity 1.43 kW 14.7 % 

DHW load 2.36 kW 17.4 % 

The deviations of set and actual value for thermal power 

MHPs and SOC are higher in the GA process operation 

(see Table 6) compared to the MILP process operation 

(see Table 5). However both have high values of RMSD 

and NRMSD for thermal power. In particular, the SOC in 

the GA process mode is not well met.  

Table 5: Deviations of thermal power of MHPs and SOC 

during MILP operation. 

Specification value RMSD NRMSD 

Thermal power of MHPs 4.86 kW 22.5 % 

SOC 2.5 %.-abs 6.2 % 

Table 6: Deviations of thermal power of MHPs and SOC 

during GA operation. 

Specification value RMSD NRMSD 

Thermal power of MHPs 7.93 kW 21.7 % 

SOC 9.7 %.-abs 22.1 % 

Some details of MHPs performance and SOC is shown in 

Figure 7 and 8. The Figures show an extract of 12 hours 

of MHPs operation and SOC. Especially, the deviations 

of thermal power and SOC in GA operation is clearly 

visible in Figure 7. 
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Figure 7: Extract of MILP operation showing 

specification for thermal power and SOC in comparison 

to measured value. 

 

Figure 8: Extract of GA operation showing specification 

for thermal power and SOC in comparison to measured 

value. 

The supply temperature of the building depends on the 

ambient air temperature and was set on 29 °C during both 

optimization processes. During MILP optimization 

process the supply temperature of the building did not fall 

below set point. During GA optimization process the 

supply temperature of the building fell below set point 

within a small sum of 1.9 Kh that did not affect the 

thermal comfort. This behaviour becomes clear when the 

additional settings during the Set/Check Loop are 

investigated. During MILP optimization process no 

additional settings occurred. During GA optimization 

process additional settings occurred four times, mostly 

switching MHPs on as the SOC reached a security limit 

of a mean temperature of 27 °C. This happened when 

MHPs switched off for unloading the TES according to 

the GA operation plan, but thermal building and DHW 

load as well as thermal losses are higher as expected. In 

contrast to MILP, the Set/Check Loop is more important 

in GA operation as GA does not react on disturbances or 

unexpected loads rapidly. 

Discussion 

In simulation, both MPC approaches achieve similar 

results and good PV shares, even if the operation plan is 

different. The implementation of the two MPC 

approaches requires different methods because the 

computational times and thus the number of optimization 

runs per day differ. Both approaches ensure correct 

system operation, even if the GA approach had to be 

corrected four times by intervention through the 

Set/Check Loop. Nevertheless, the Set/Check Loop is 

relevant for the GA approach and also for the MILP 

approach, investigated in previous test operations. As 

soon as predictions of thermal building and DHW loads 

are quite different from the real loads, the energy system 

might reach operation limits.  

Since the MHPs receive the set return temperature as the 

set value, they adapt automatically to the current thermal 

load even if the thermal prediction is incorrect. Although 

this causes a high deviation from the operating plan, it 

leads to safe operation by covering the thermal load and 

ensuring comfort limits. 

In this case of a residential building with constant 

electricity prices and hardly any variation of the 

prediction of loads and PV during the day or unexpected 

events, once generated operation plans remain valid. In 

more fluctuating cases with changing electricity costs 

during the day, the GA approach is too time intensive and 

inflexible to adapt the energy system to new price 

situations rapidly. 

In general, the GA optimization always leaves the 

question unanswered whether a global minimum has 

actually been found. In this work, the GA approach was 

used to test the detailed models. The GA approach is 

intended to serve as an example of how any type of model 

can be used and how MPC approaches with long 

computational times can be implemented. This MPC 

approach with detailed models can also be carried out 

with other optimization strategies which require long 

computational times such as dynamic programming and 

therefore can also be used in this implementation. 

Conclusion 

In this paper two MPC approaches are developed and 

compared in simulation. For real operation, there has been 

shown two different implementation processes for a fast 

MILP and a time intensive GA optimization. Both MPC 

approaches are implemented in a real energy system of 

terraced houses, analysed and evaluated. 

In simulation MILP and GA optimization deliver similar 

results for one month with measured data from February 

2020. The operating plan differs in terms of switch-on 

times, thermal power and SOC, as can be seen in Figure 3. 

Nevertheless, the results are similar with regard to PV, 

battery and grid/feed-in shares as well as SPF and 

operating costs. 

The real-life implementation of the two MPC approaches 

differs as the computational times and the number of 

optimization runs per day require different methods. Both 

approaches ensure correct system operation, even if the 

GA approach had to be corrected four times by 

intervention through a Set/Check Loop. In contrast to 

MILP, the Set/Check Loop is more important in GA 

operation as GA does not react on disturbances or 

unexpected loads rapidly. Nevertheless, in previous test 

operations, investigations on the MILP optimization 

process showed that intervention by Set/Check Loop are 

needed. As soon as predictions of thermal building and 

DHW loads are quite different from the real loads, the 

energy system might reach operation limits. 

Prediction models are realized by white-box model for PV 

and black-box models for thermal building load and 

household electricity. The DHW profile prediction 
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consists of historical data one week ago. During the 

operation of MILP for about 8 days and the operation of 

GA for about 4 days, the prediction loads were in good 

range of the measured data. PV production, thermal 

building load and household electricity have values of 

RMSD/NRMSD between 1.52 kW/8.4 % and 

1.86 kW/19.6 %. DHW load has higher RMSD of 

2.36 kW/17.4 % and 2.89 kW/23.0 %. 

The power control of the MHPs could not be strictly 

implemented by any approach. When comparing the set 

and actual performance, there are high deviations with an 

RMSD of 4.86 kW (MILP) and 7.93 kW (GA). However, 

there is an advantage in terms of operational reliability, as 

the MHPs adapt to the actual thermal load instead of 

strictly obey the MPC signal. In general, better MHPs 

performance would result from a better load prediction. 

The RMSD and NRMSD of SOC differs in both 

approaches. Since the MILP creates new operating plans 

based on the actual status at short intervals, it only has to 

predict the SOC for the next timestep and deviations are 

low. In contrast, GA creates an operating plan twice a day 

in which the first 12 hours (24 values) are always set as 

set values. Therefore, GA must also predict a status in 12 

hours advance.  

Nevertheless, both optimization methods result in good 

PV shares and both optimization processes shown secure 

system operation. In terms of real-life implementation, the 

MILP approach shows clear advantages with lower 

programming and computational effort, but disadvantages 

with the abstract modeling approach. In comparison, the 

GA approach shows advantages due to the use of complex 

simulation models and the transferability to diverse 

optimization problems. 
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