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Abstract: 

Large-scale heat pumps are a key-technology for decarbonizing industrial and residential heating demands. A 
promising novel technology for a large-scale heat pump which uses seawater as heat source to supply district 
heating has been developed and installed in Aarhus, Denmark. The system is constructed as a cascade 
system with an open steam compression cycle as the bottom cycle and an ammonia cycle as top cycle. To 
ensure optimal operation of heat pumps and increase their reliability, digital twin-based solutions are a 
promising approach. This article presents a developed dynamic model made in Dymola, which is used as the 
basis for a digital twin of the cascade heat pump system. The simulation model predicted a COP of 3.35 in a 
part load case for the heat pump. The study further presents suitable modelling approaches and 
parametrization considering the trade-off between modelling detail and accuracy. The dynamic model was 
used in a novel optimization framework where the aim was to perform continuously set-point optimization of 
the steam compressor for maximizing the COP in a large-scale heat pump. The presented framework was 
found to be a promising approach for developing further digital twin-based services, and for using it as a basis 
for optimizing the operation of large-scale heat pump systems. This was exemplified with a suggested set point 
optimization for the compressor speed in the bottom steam cycle, which yielded an increase of 1.5 % for the 
COP compared to a representative operating point for the system without using the developed optimization 
framework.  
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1. Introduction 
The number of installed large scale heat pumps is increasing rapidly in the district heating sector in Denmark. 
The total number of installed systems in the end of the year 2021 was 126, which have an estimated combined 
heating capacity of 417 MW [1]. As the market share for heat pumps expands and heat pumps becomes a key 
component in future energy systems, the motivation for improving their long-term performance, and to perform 
fault detection and diagnosis increases. A survey-based study [2] about technical challenges affecting large-
scale heat pumps indicated that severe faults in such systems were often not identified on time and potential 
fault detection and diagnosis methods could benefit from existing supervisory systems. Model-based methods 
that integrate physically derived and data-driven components could incorporate available information of a 
system, even if it is incomplete [3]. By advancing digitalization and complement model-based methods with 
communication technologies in the context of digital twins this could be used for the provision of such services 
as fault detection and diagnosis, predictive maintenance and performance optimization along the lifetime of 
the physical system [4]. Digital twins are particularly beneficial to obtain timely insights about the performance 
of a system as well as risks related to potential faulty operation [5].     

A limited number of studies applied physically derived simulation models for the provision of services in large-
scale heat pumps. Examples of this include the assessment of flexible operation for the provision of ancillary 
services [6], the characterization of faults such as non-condensable gases [7], and fouling [8] in the system 
operation. To the best of the authors’ knowledge, there are no studies found in the literature that integrated 
physically derived dynamic simulation models and data-driven methods in the context of digital twins for the 
provision of services for large-scale heat pumps.  
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This study aimed to develop a framework for operation optimization for large-scale heat pumps which can be 
used as a basis for providing digital-twin based services. The developed framework was analysed and 
demonstrated with an example of performing continuous set-point optimization for the coefficient of 
performance (COP) of a novel heat pump cycle during varying boundary conditions. 

2. Method 
The heat pump investigated has a nominal heating capacity of 1 MW and is a cascade system which is 
operated by the Danish energy company Kredsløb and installed by Johnson Controls Denmark [9]. Fig. 1 
shows the heat pump cycle layout and the overall control dependencies for the main components. Seawater 
is entering the bottom heat pump cycle and is lead to the evaporator tank where a part of the water evaporates 
at low pressure and flashes off as steam (R-718) which is compressed in an axial multi-stage turbo compressor 
after the evaporator. After the turbo compressor, the steam is condensed in another tank from which water is 
circulated to the cascade heat exchanger for the ammonia top cycle before the water is returned to the 
condenser. The levels in both the evaporator and condenser are controlled by regulating valves. 

 

 

 

 

In the top cycle a piston compressor (HeatPac 108S-V) circulates ammonia (R-717) which is led through a 
combined de-superheater, condenser, and sub-cooler plate and shell heat exchanger which heats up district 

heating (DH) water, typically to 65 °C in forward temperature. A level measurement is controlling the expansion 

valve which returns the ammonia to the cascade heat exchanger where it is evaporated. The cascade heat 
exchanger is a plate and shell heat exchanger. On the district heating water side, a booster pump and three-
way valve is installed which can be used to control the forward temperature. 

 

2.1 Dynamic simulation model 

A dynamic model of the heat pump was implemented with the TIL library from TLK Thermo [10] in the 
simulation platform Dymola [11], implemented in the object-oriented language Modelica [12]. Fig. 2 shows the 
graphical interface of the simulation model for the total cycle.   
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Fig. 1. Layout of the cascade heat pump system. 



 

Fig. 2. Graphical interface for simulation model made in Dymola using the TIL library [10]. 

2.1.1 R-717 top cycle 

The reciprocating compressor model was based on polynomials for the isentropic and volumetric efficiency. In 
addition to that a heat loss from the compressor to the surrounding environment was assumed. The 
polynomials were made as a function of the evaporation temperature, condensation temperature and the 
speed of the compressor. The parametrization of the polynomials were done based on data from a broad 
operating range of the compressor available in the design tool COMP1 from Johnson Controls Denmark [13]. 
Fig. 3 shows the volumetric and isentropic efficiency at different operating conditions.  

The top cycle is controlled with four PI controllers, where both the proportional gain and time constant were 
tuned according to simple tuning rules to fit with measurement data. The four control parameters were: 

1. Expansion valve: Controlled according to a level sensor in a reservoir in the outlet of the condenser 
heat exchanger. 

2. Speed of the reciprocating compressor: Controlled according to the outlet temperature of the cascade 
heat exchanger for the R-718 cycle. 

3. Mass flow for evaporator: Controlled according to equation (1), where the mass flow for the evaporator 
(ṁevap) was calculated as function of the mass flow (ṁa,exp) and quality (xa,exp) after the expansion 

valve. 

ṁevap = ṁa,exp ∙ (1 − xa,exp)
   (1) 

4. Mass flow of district heating water: Controlled according to the forward temperature of district heating 
water.  



   

Fig. 3. Efficiency at different operating conditions, (a) volumetric efficiency shown with varying 

evaporation temperature at different condensation temperatures and (b) isentropic efficiency shown 

at different compressor speed and temperatures. 

The combined de-superheater, condenser, and sub-cooler plate and shell heat exchanger was modelled as 3 
separate corrugated plate heat exchangers, each discretised into 5 control volumes where the mass and 
energy balances were calculated. The pressure drop in each heat exchangers was assumed to have a linear 
dependency to the mass flow. The number of plates and outer size of the heat exchanger were known from 
the available datasheets, while the exact thickness of the plates and details of the pattern for the corrugated 
plates were not known. For the ammonia working fluid the heat transfer correlations included in the TIL Library 
from Shah Chen [14], Shah [15], and Gnielinski Dittus Boelter [16] were used. For the district heating water 
the correlation for VDI plate alpha for one phase fluid was used [17]. The modelling approach for the evaporator 
plate and shell heat exchanger was to use a plate heat exchanger which evaporates the liquid part of the 
working fluid after the expansion valve, see eq. (1), by using a separator where the liquid part was pumped to 
the heat exchanger. For the superheating of the working fluid in the evaporator plate and shell heat exchanger 
tubes with heat ports enabled were used. The heat transfer in the tubes was modelled with constant UA-
values. 
In order to parametrise the heat transfer models to the operating data from the heat pump system correction 
factors for the overall UA values, calculated by the heat transfer models and its submodels, were fitted to 
match the heat transfer for each heat exchanger. The correction factors were fitted in a number of different 
operating points. The tool used for this was ModelFitter version 2.1, which is a software tool that can be used 
for automated fitting of model parameters to data by using the Levenberg-Marquard algorithm with the use of 
models in the Functional Mock-up Interface (FMI) standard [18]. The resulting correction factors and the 
dependent variable used for fitting the geometry data of the heat exchangers and the heat transfer correlations 
to the operating data is shown in Table 1. Fig. 4 shows a comparison of the simulation results for the given 
parameters and the dependent variable after fitting. 
 

Table 1. Values for fitting of heat exchangers in the top cycle. 

Fitted parameter Value Dependent variable 

Correction factor de-superheater, R-717 [-] 4.3 Q̇desup,real 

Correction factor de-superheater, DH water [-] 9.9 Q̇desup,real 

Correction factor condenser, R-717 [-] 30.0 Q̇cond,real 

Correction factor condenser, DH water [-] 30.0 Q̇cond,real 

Correction factor sub-cooler, R-717 [-] 2.72 Q̇sub,cool,real 

Correction factor sub-cooler, DH water [-] 0.17 Q̇sub,cool,real 

Correction factor evaporator, R-717 [-] 14.6 TR 718,o,real 

Correction factor evaporator, R-718 [-] 10.8 TR 718,o,real 

UA value, evaporator tube for superheating, R-717 [W/K] 5695 TR 717,s,real 

UA value, evaporator tube for superheating, R-718 [W/K] 5950 TR 717,s,real 

 



 

 

Fig. 4. Comparison of simulation and measured variables in fitting of top cycle heat exchangers. 

2.1.2 R-718 bottom cycle 

The model of the turbo compressor is based on previous measurements done on the compressor [19]. These 
measurements provide the dependency between volume flow, pressure ratio (PR), efficiency, and compressor 
speeds. Fig. 5 shows the dependency between pressure ratio and the relative volume flow rate for different 
compressor speed curves varying from minimum to maximum. Based on these measurements, an operating 
range for the compressor was assumed for the model, and the software tool DataMap Creator from TLK was 
used for making a table-based interpolation map of the compressor in this operating range [20]. 

 

Fig. 5. Dependency of pressure ratio and volume flow at different speeds for the turbo compressor. 

The bottom cycle is controlled with three PI controllers, where both the proportional gain and time constant 
were tuned according to simple tuning rules to fit with measurement data. The three control parameters were: 

1. Expansion valve for seawater inlet flow: Controlled according to a level sensor in the evaporator reservoir 
before the turbo compressor.  

2. Expansion valve after three-way pipe branch and cascade heat exchanger: Controlled according to a level 
sensor in the condenser reservoir after the turbo compressor.  

3. Speed of the turbo compressor: Controlled according to the outlet temperature of the seawater from the 
evaporator reservoir.  

In addition to this, the cycle is controlled with set points for the pumps controlling the flow of the seawater in 
the outlet from the evaporator reservoir and the flow of water from the condenser reservoir to the cascade heat 
exchanger. The heat and pressure losses in the system were assumed based on a single steady-state 
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operating point as part of the transient operating data are not yet available from the bottom cycle. The pressure 
loss before the compressor was as a starting point assumed to have a linear dependency to the mass flow. 
Other key assumptions for the system were to neglect the influence of salinity on the thermodynamic properties 
of water which was used as the assumed working fluid and to neglect the influence of non-condensables (e.g. 
air) in the model. In addition to this a constant efficiency for the electric motor of the turbo compressor was 
assumed.  

2.2 Optimization procedure 
In order to investigate the potential of using the dynamic simulation model for set-point optimization the 
simulation model was converted to a Functional Mock-up Unit (FMU) by using the FMI standard [21]. The 
resulting FMU was simulated using the software environment Python (version 3.9.5) with historic transient 
boundary conditions as inputs, e.g. varying temperatures of the inlet flow for seawater and district heating. 

The procedure for changing set points in order to optimize a given parameter is shown in Fig. 6. The procedure 
started with obtaining inputs for the measurement data at a given time step for the historic data. Based on the 
given new inputs for the given time step, the resulting system operation was calculated by using the function 
“fmu.doStep“ in  ython which also takes the historic operation of the system at previous time steps into 
account. This loop ran until a specified time step counter ran a sub-routine for optimization. For the optimization 
sub-routine, the FMU of the model was run in a period which ensures steady state calculations with the inputs 
in the given time step. Simulation results were investigated in the sub-routine where the simulations were made 
with pre-determined allowed changing inputs combined with inputs for the boundary conditions at the given 
time step. This allowed the sub-routine to e.g. change the parameter for the turbo compressor speed in a 
predetermined allowed interval in order to investigate the simulation results for the COP, or other parameters 
that could be of interest to optimize. 

For running the optimization calculations with the FMU and the inputs the fun tion “minimize_scalar” from the 
 odule “scipy.optimize” was imported to the Python environment. This function uses the Brent method to find 
a local minimum in the given bounded interval, and uses an algorithm for inverse parabolic interpolation when 
possible to speed up convergence of the golden section method as described in [22]. 
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Fig. 6. Procedure for set-point optimization algorithm. 

3. Results 
In this section results from the simulation of the top cycle, bottom cycle, and the optimization are shown. 

 

3.1 Top cycle 

An example and representative case of the result of simulation model for the R-717 top cycle part can be seen 
in Fig. 7, which shows the log(p)-h diagram for the cycle, with the following state points: 

▪ Point 2: Before compression, with the working fluid slightly superheated at an absolute pressure of 6.3 bar. 

▪ Point 3: After compression, higher pressure with a pressure ratio of 4.2 in this case. 

▪ Point 4: After the de-superheater heat exchanger with an enthalpy of 1648 kJ/kg. 

▪ Point 5: After the condensation heat exchanger, with a temperature of 60 °C. 

▪ Point 6: After the sub-cooler heat exchanger, with a temperature of 48 °C. 

▪ Point 7: After expansion valve, the pressure was expanded down and the quality is equal to 0.15. 



 

Fig. 7. Log(p)-h diagram of top R-717 cycle. 

The simulated values for the discharge and suction pressures were compared with 24 hours of operation data 
from the supervisory control and data acquisition system of the heat pump in order to validate the parametrized 
model. These values are seen in Fig. 8(a). In Fig. 8(b) the comparison of the temperatures for the district 
heating outlet temperature and the cascade cycle heat exchanger are shown. An accuracy for these 
measurements can in general be assumed to 0.2 °C. The results indicated a correspondence between 
simulated and measured temperatures and pressures regarding both offset to the values from the operating 
data, and also the dynamic behavior due to changing boundary conditions. The initial offset between operating 
data and simulation data for the first minutes may be disregarded, as this corresponded to the initialization 
period of the simulation model.  

    

Fig. 8. Comparison of measurements and simulation, (a) pressure and (b) temperatures. 

The operating data and simulation results are also compared in Fig. 9(a) for the compressor power and in Fig. 
9(b) for the heat transfer rate to the district heating water. The available operating data for the compressor was 
the electric current, from which the power was calculated by assuming a constant power factor. The results 
shown in Fig. 9(a) indicated a correspondence between the simulated and real compressor power.  

The available operating data for the district heating heat transfer rate was highly fluctuating (+/- 0.1 MW), 
hence a weighted moving average for 1 hour was used on the measurements (see black curve in Fig. 9(b)). 
This approach can filter out parts of the fast dynamic response of the measurements, however according to 
an analysis of different approaches, this approach was found to provide reasonable results. The comparison 
of the values was found to have a moderate offset with only a minor discrepancy. However, the dynamic 
variations had a slight difference, most likely due to the original fluctuations of the measured values. 

       

           

                

           

       

            

                

            

       

            

                

       

            

               

           

       

            

               

           

       

           

               

           

       

                                                                        

                         

 

  

   

   

 
  

  
 
  

  
 
 
  

                



       

Fig. 9. Comparison of measurements and simulation, (a) compressor work and (b) heat transfer to 

district heating water. 

3.2 Bottom cycle 

An example of the results of the simulation model for the bottom cycle can be seen in Fig. 10, which shows 
the log(p)-h diagram for the R-718 cycle with the following points: 

▪ Point 1: Seawater in, after valve controlling the level in the evaporator where the temperature was 10 °C. 

▪ Point 2: After pressure drop in the top of the evaporator tank including mixing with water after the condenser, 
quality equal to 0.01 and pressure equal to 934 Pa. 

▪ Point 3: Seawater flow pumped out of evaporator at a temperature of 6 °C. 

▪ Point 4: Steam compression in, where the steam was flashed off due to the low pressure with quality of 1.0. 

▪ Point 5: Steam compression out, with a temperature of 137 °C at a pressure of 2938 Pa (PR = 3.1). 

▪ Point 6: Water from condenser tank pumped forward to cascade heat exchanger at 23.7 °C (before pump). 

▪ Point 7: Water from condenser tank pumped forward to cascade heat exchanger (after pump). 

▪ Point 8: Water after cascade heat exchanger at a temperature of 20.3 °C. A major part of the water was 

returned to the condenser tank, while a minor part was mixed with the seawater in the evaporator.  

 

Fig. 10. Log(p)-h diagram of bottom R-718 cycle. 

To validate the simulation model of the bottom cycle, results from a steady-state solution is compared with 
operating data in Table 2. In the simulation, the boundary conditions for pump flows, seawater inlet temperature 
and conditions for ammonia in the cascade heat exchanger were the same for the inputs to the simulation 
model as measured in the operating data.  

                   

                  

           

           

          

                          

         

           

         

                          

         

             

         

                         

          

             

           

                          

          

            

          

                         

            

            

          

                        

            

           

          

               

             

         

           

         

                                                       

                         

   

    

     

      

      

 
  

  
 
  

  
 
 
 

                                   



Table 2. Comparison of modelling results to operating data for bottom cycle. 

Parameter Operating data Simulation data Deviation 

Compressor power 78 kW 68 kW 15 % 
Pressure after compressor 3000 Pa 2938 Pa 2 % 
Pressure before compressor 770 Pa 934 Pa 18 % 
Temperature after compressor 138.1 °C 136.8 °C 1.3 K 

Temperature before cascade heat exchanger 23.5 °C 23.8 °C 0.3 K 

Temperature after cascade heat exchanger 20.5 °C 20.3 °C 0.2 K 

Seawater outlet temperature 6.6 °C 6.0 °C 0.6 K 

 

Overall, the comparison of the simulation results and the operating data values was found to be adequately 
accurate in order to use the model for further investigations, however it could also be seen that there is a 
difference of the pressure ratio in the compressor between the simulation and operating data, yielding a 
difference in compressor power which requires further study. At the same time the result from the simulation 
showed a slightly higher temperature difference over the cascade heat exchanger compared to the operating 
data.  

3.3 Set-point optimization of cascade system 

The simulation model for the total cycle has been used for testing continuous set-point optimization every 3rd 
hour in a case with simulation of 10 hours of operation with varying boundary conditions. In the investigation 
the optimization algorithm adjusted the compressor speed to maximize the COP of the full cycle. In this case 
the compressor speed was constrained to be within 80 % and 87 % of the maximal speed. Fig. 11 shows the 
results of the optimization procedure, where the green curve indicates the optimized COP, and the black curve 
indicates the COP if no optimization was done with the same boundary conditions at the given time. 

 

 

Fig. 11. Example of continuously set-point optimization of the COP every 3rd hour. 

In the figure it can be seen that the simulation model after initialization had a COP of around 3.35 (black curve) 
with a speed of 87 % (blue curve) for the first three hours. The speed of 87 % was a representative operation 
point for the actual system operation in this period. At the time 09:00 the optimization sub-routine was 
performed with the input values for the system at the given time, which suggested a new set point for the turbo 
compressor speed at around 82.5 %, which led to a COP of around 3.40, which was an increase of 1.5 %. 
This suggested that there was a local maximum for the dependency of COP in relation to the compressor 
speeds under the given circumstances. This dependency for the local optimum is shown in Fig. 12 for the time 
09:00. With the new set point for compressor speed the pressure ratio was decreased from around 2.5 to 2.2 
and the heat transfer rate was decreased from 0.80 MW to 0.73 MW.  

Time for optimization Time for optimization Time for optimization 



 

Fig. 12. Local maximum optimum for COP at 18/11 09:00. 

At 12:00 and 15:00 the optimization subroutine was executed again, both times yielding a slight change in set 
point for the compressor speed which was optimal at the given time.  

4. Discussion  
The validation of the results from the simulation model compared to the available operating data indicated a 
correspondence between simulated and measured variables. From this it was estimated that the model can 
be used for digital-twin based services such as optimization of set points. The dynamics included in the 
simulation model allowed a suitable representation of the real system operation, particularly to include the 
dynamics present in the compressor and in the heat exchangers, which are not likely to be captured with quasi-
stationary models, as suggested in a related study [23]. The model was done with assumptions of disregarding 
the content of salt in the seawater (and hence that only pure steam flashes off the seawater), the presence of 
non-condensables, and the heat transfer in relation to cooling and lubrication of the bearings in the turbo 
compressor. This heat transfer rate was estimated to be in the range 5-7 kW. Depending on the desired 
accuracy for the services to provide, parts of these aspects could also be considered to be included in the 
model for improvement. However, to e.g. include modelling of vacuum pumps and non-condensables in the 
heat pump cycle, and hereby mixtures for the working fluid, the complexity and the calculation time would also 
increase considerably, while the improvement in accuracy might be limited. In the bottom cycle a conductivity 
sensor is installed to monitor that there is no contaminant in the working fluid, and preliminary analysis of these 
measurements supports the assumptions to neglect the salt content. 

For general improvement of the simulation accuracy of the R-718 bottom cycle, transient operation data is 
needed for further investigations. The assumed pressure losses and states have an important impact for the 
volume flow of the turbo compressor, and the assumed pressure loss before the inlet of the turbo compressor 
needs to be evaluated if it can be assumed to have a linear dependency of the mass flow. The comparison 
made in Table 2 between measured and simulated data showed a good correspondence between both the 
temperatures for the cascade heat exchanger and the discharge temperature from the compressor. However, 
for the pressure ratio and the compressor power the correspondence was lower. This indicated the mapped 
dependencies for the compressor volume flow, efficiency, speed and pressure ratio potentially needs 
adjustments in parts of the operating range. Furthermore, the efficiency for the electric motor was also 
assumed constant, which might require adjustment. In addition to this, parts of the auxiliary systems for the 
heat pump system could also be modelled. More transient operation data with changing set points for the heat 
pumps is also needed in order to validate and parametrize the proportional gain and time constant for the PI-
controllers further, in order to investigate correct dynamic response for the system. 

Equilibrium was assumed in the R-718 bottom cycle evaporator, hence the same temperature was assumed 
for the whole evaporator in the model. In reality, the steam flashes off after the water enters the top of the 
evaporator, which requires a certain time before full energy conversion. The measured temperature towards 
the inlet of the turbo compressor was seen to be higher than for the outlet of the evaporator. In order to 
investigate the assumption of equilibrium further and also the potential influence from heat loss from the 
compressor housing on the temperature measurement before the turbo compressor, transient operating data 
in different operating points needs more analysis, in order to evaluate if more suitable heat losses need to be 
included in the model. The pressure differences may also be impacted by the water columns, which needs 
further analysis. 

The presented example with set-point optimization was done with a single changing input value for optimization 
of an output from the model. The framework could be expanded to allow for optimization of multiple values at 
the same time. Another feature to consider is to use multi-objective optimization, where more than one 
objective function is considered at the same time. In the shown example the two objective functions could e.g. 



be both the COP and the heat transfer rate with different weighted criteria, to also take the lower heat transfer 
rate after optimization in the example into account. Alternatively, a lower limit for the heat transfer rate can be 
set and the COP can be optimized according to this.  

The set-point optimization was done with a limit for the compressor speed between 80 % and 87 %. When 
performing optimization algorithms, it is important to use realistic limits for the optimization parameters, where 
it is known and ensured that the system can be operated safely and reliably and fulfil realistic thermal capacities 
in the heat exchangers and operation within the allowed pressure and temperature boundaries of the heat 
pump cycle. Hence, the limits between 80 % and 87 % of max speed was chosen, as the heat pump already 
was operating with 87 % where it was ensured the top cycle could take up all the heat made by the bottom 
cycle, and still operate with a speed of 1800 rev/min for the top cycle compressor. The lower limit was chosen 
in order to choose a reasonable limit where the model could be assumed validated. 

A time span of 3 hours between optimization subroutines was chosen in the example. This time span can be 
chosen as required. However, as seen at the optimization at 12:00 and 15:00 in Table 2, only a little 
modification of the speed was made after the first optimization change of the set point. Hence, with very steady 
boundary conditions the need for often performing an optimization decreases. In this heat pump system, the 
temperature of the seawater and district heating water is relative stable within a time span of a few hours, and 
the changes on the boundary conditions depend more on seasonal occasion, than on an hourly and a daily 
basis. If the optimization approach was used on another system, e.g. a large-scale heat pump system with air-
source evaporators where the heat source for the heat pump varies more on a daily basis, then the optimization 
routine would likely be relevant to deploy more often. 

The dynamic simulation model has in this study been used for set-point optimization. but may also be used for 
other digital twin-based services such as fault detection and diagnoses and performance monitoring. These 
are services which could be done with frameworks that integrates dynamic simulation models with different 
machine learning algorithms for classification of faults or monitoring of behavior for distribution of residuals 
between the simulation model and operating data. An example of adjustment of machine learning methods 
based on physically derived models to monitor system performance and identify the causes of faulty operation 
can be found in [24].  

5. Conclusions 
This study described a developed framework for performing continuously set-point optimization of a large-
scale heat pump system as a possibility for providing digital twin-based services. 

The framework was tested by first developing a dynamic simulation model of a novel cascade heat pump 
system which uses seawater and ammonia as working fluids. The model was developed based on the TIL 
library from TLK Thermo GmbH in the software Dymola. Suitable methods for modelling and parametrization 
for the given system were presented and discussed. The simulation model predicted a COP of 3.35 in a part 
load case where the inlet seawater had a temperature of 9.8 °C, and the heat transfer rate and forward 
temperature for the district heating water were 0.8 MW and 65.0 °C, respectively.  

The dynamic simulation model was used in a developed Python script together with an optimization procedure, 
which used changing boundary conditions from the operating data and simulation results from the model. An 
example was shown where suggested set points for the compressor speed yielded an increase up to 1.5 % 
for the COP compared to the actual operating point for the system without the optimization.   

The framework was found to be a promising approach for the further development of digital twin-based 
services, and hence energy efficient operation of large-scale heat pump systems. The framework can be used 
on other heat pump systems, where a higher degree of changing boundary conditions increases the potential 
for this service further.  
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Nomenclature 
ṁ  mass flow rate, kg/s desup, real desuperheater, measured value 

Q̇   Heat transfer rate, W evap  evaporator 

T  Temperature, °C R 717, s, real R-717 superheating, measured value 

x quality, - R 718, o, real R-718 outlet, measured value 

Subscripts sim simulation 

a, exp after expansion sub, cool, real subcooler, measured value 

cond, real condenser, measured value   
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