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Abstract

:

This work focuses on the determination of the design and operation parameters of a thermal system depending on the optimization objective set. Its main objective and contribution concern the proposal of a generalized methodological structure involving multiobjective optimization techniques aimed at providing a solution to a practical problem, such as the design and dimensioning of a solar thermal system. The analysis is based on system operation data provided by a dynamic simulation model, leading to the development of multiple surrogate models of the thermal system. The thermal system surrogate models correlate the desired optimization objectives with thermal system design and operation parameters while additional surrogate models of the Pareto frontiers are generated. The implementation of the methodology is demonstrated through the optimal design and operation parameter dimensioning of a solar-assisted geothermal heat pump that provides domestic hot water loads of an office building. Essentially, energy consumption is optimized for a desired domestic hot water thermal load coverage. Implementation of reverse-engineering methods allows the determination of the system parameters representing the optimized criteria.
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1. Introduction


1.1. State of the Art


In recent years, the building energy consumption has been known to amount to a substantial portion of the total primary energy consumption [1]. As it has been established that HVAC systems contribute significantly to the phenomenon [2], dimensioning methodologies have been applied for the reduction of energy consumed by buildings, such as the standards produced by ASHRAE [3,4] regarding building energy efficiency and the European directives regarding building energy performance [5]. Apart from the theoretical dimensioning approaches, research has been focusing on extracting building thermal system dimensioning directives using system simulation models. Despite their ability to identify personalized features of heating, ventilation, and air conditioning (HVAC) systems, simulation models are also accompanied by complex structures for effective thermal mechanics implementation. This in turn leads to considerable computational power [6]. Some studies have looked into this matter. For example, [7] produced a compact physical model for simulating fluid and thermal dynamics in district heating networks at a reduced computational cost; another similar approach was adopted by [8].



Surrogate models [9] are a simplified alternative to system simulation models that also possess satisfactory accuracy. In short, they are a great tool to be used for addressing the shortcomings of the more sophisticated simulation models mentioned above. Several works have used surrogate modeling to focus on control strategy implementation. More specifically, [10] implemented model predictive control to achieve HVAC energy reduction and comfort maintenance of an office building by controlling optimization. The same objectives were realized by [11] by implementing reinforcement learning. While [12] also used reinforcement learning, the optimization objectives focused on energy cost savings in the presence of time-varying electricity prices. In the work of [13], another variant of the predictive controlling modeling structure was proposed, which strives for minimization of energy consumption and discomfort of an office building. Finally, [14] proposed a hierarchical control for power use optimization while being subjected to inherent HVAC and comfort limitations. Surrogate modeling can also be seen in building thermal load prediction applications [15].



Regarding building and HVAC dimensioning decision tools, various works can be found in the literature. More particularly, [16] proposed a decision-making support methodology for district heating system retrofitting. This work had an expansive set of optimization actions but lacked detailed information of the final design parameter that should be implemented in the optimal solutions. The authors of [17] used particle swarm optimization to find the optimal set of district heating network length and consumer number while targeting minimized life cycle cost. The authors of [18] proposed an optimization methodology for the design and control of smart glazed windows. Lastly, [19] developed a surrogate model structure based on mixed integer linear programming. The model provides optimal heating and cooling power for different technologies in buildings that belong to a distributed energy network for several design scenarios. The optimization objective is the minimization of the total network annualized cost. Surrogate modeling can be found even in cases of controlling or dimensioning components of a thermal system using dynamic simulations, such as in [20], where the operation setpoints of a HP was optimized for different thermal storage sizes, or in [21], which used the optimal heating storage size for peak load reduction purposes. What can be inferred from the above works is that there are multiple approaches for effective controlling and dimensioning for large-scale applications that focus on general parameters such as system thermal power. However, aside from a few case studies, generalized methodologies for optimizing individual parameters from various components in a thermal load consumption structure are limited.



While surrogate modeling has been widely used for predicting building loads and has become a vital tool to optimize HVAC controlling, the same cannot be said for HVAC optimized design and operation solutions. There are retrofitting cases, although only a few following cases systematize their approach to a methodology context.



A more specific aspect of HVAC optimization through surrogate modeling lies in multiobjective optimization (MOO). According to [22] “multi-objective optimization has been applied to many fields of science, including engineering, where optimal decisions need to be taken in the presence of trade-offs between two or more objectives that may be in conflict”. While the limitations of [16] have already been outlined, it is important to note that the aforementioned work also contained a MOO structure. An interesting surrogate retrofit model for buildings and thermal systems was proposed by [23] for optimizing the environmental footprint of building energy systems as well as their annual cost. The proposed surrogate model consisted of two machine-learning submodels and performed MOO, providing retrofitting solutions to residential buildings. In the work of [24], a solar-assisted heat pump HP was optimized in terms of thermal comfort in a swimming pool as well as its annual life cycle cost. The authors of [25] performed MOO in a district heating and cooling system for an annual time horizon using hourly simulation data. The above research revealed that different objective sets led to different dimensioning options, which also changed depending on the controlling strategies used. Moreover, it was shown that MOO could be implemented on a larger optimization scale than two objectives [26]. However, a generalized MOO methodology context is necessary to encourage this approach.



In several approaches where multiobjective optimization is employed, retrofitting options are based on specific scenarios and not open-ended parameterization of thermal system components, as observed in [27,28]. In addition, from the works above as well as from [29], it can be seen that the focus is on either design variables or operation-controlling variable optimization and not on both simultaneously. Concerning the above, it would be intriguing to implement a methodology that takes any component parameter as an input, for example, a design parameter, such as nominal power of a HP or storage tank capacity, and at the same time an operation parameter, such as temperature setpoints or thermal loop mass supply.



The literature has been focused on producing surrogate models that are suitable for performing retrofitting and controlling optimization. Most works provide general optimization solutions on large-scale parameters, and studies with frameworks for optimizing more specific thermal system components parameters are not commonly found. Furthermore, MOO provides methodology expandability prospects in terms of optimization objectives as well as design and operation optimization solution variability depending on the preferred objectives. As generally observed, most works tend to restrain the scope of multiobjective surrogate modeling to cases of specific optimization objective cases, thus producing HVAC optimized dimensioning surrogate models for certain uses. Therefore, the MOO of HVAC design and operation parameter approach has not yet been generalized. A framework that features thermal system design and operation multiobjective optimization could potentially fill this research gap as it has the potential to better grasp the flexibility and expandability aspect that MOO has to offer for any system, parameter, or objective criteria.




1.2. Aim of the Study


From the present literature research, a gap has been identified, namely, the need for a practical framework for the analytical optimization of thermal system components. A generalized structure could be developed using MOO, which has not been implemented so far. Although a few cases have attempted MOO to optimize specific thermal system cases, a general framework has not been established. These works also do not provide specific component parameters and operation configurations by applying the said methodologies. Furthermore, most studies mainly focus on optimizing either design parameters or operation parameters, and the literature lacks methodologies that combine both.



The purpose of this paper is to develop a methodology for dimensioning the design and operation component parameters of thermal systems that satisfies the necessary heat demands of a building while addressing the previously mentioned literature limitations. In the context of this paper, the presented methodology will be elaborated through an example. More specifically, the necessary operation data are provided from a dynamic simulation model that emulates the operation of a solar-assisted GHP system covering the necessary domestic hot water (DHW) loads of an office building. The methodology implementation utilizes measured data from real thermal system applications.



The innovation of this research lies in the expandability and generalization of established thermal system characteristics, optimization parameters, and criteria. In particular, this approach excels because one can obtain not only full information on the available thermal system performance on a multicriteria level (e.g., observe the ability of a thermal system to cover heating loads and have reduced energy consumption at the same time) but also the specific thermal system component design and operation parameters that lead to the chosen performance through reverse engineering. Consequently, the proposed methodology could be a useful framework for creating dimensioning tools with user-preferred optimization objectives and parameters for a wide range of thermal system applications, thus providing a significant contribution in this field.





2. Materials and Methods


2.1. General Methodology


In this section, the developed methodology is presented. The four basic elements that needed to be available for the implementation of the methodology were as follows:




	
A dynamic simulation model;



	
A thermal system operation controlling strategy;



	
A surrogate modeling software;



	
The optimization objectives that will be used in the methodology.








These elements were used in conjunction with each other. More specifically, the thermal system simulation model was first set up, along with the controlling strategies that were adopted during its operation. Parametric monthly operation simulations provided data batches necessary for the construction of monthly operation surrogate models with the use of the surrogate model software.



After data batch generation, the following steps took place:




	
Generation of the monthly Pareto frontiers








Monthly Pareto frontiers [30] were developed, i.e., a depiction of the multiobjective optimization solutions in terms of the specified optimization objectives.








	
Generation of the monthly Pareto frontier surrogate models and monthly operation surrogate models








Surrogate model of the monthly Pareto frontiers was also formed with the help of the surrogate modeling software as well as the objective data that formed the previously created monthly Pareto frontiers. At the same time, surrogate models of thermal system monthly operation were also created using the surrogate modeling software and the operation data. More specifically, these data were the system parameters and the monthly performance of the systems in terms of the optimization objectives.








	
Determination of user-preferred values on optimization objectives








At this time, the methodology had already provided two surrogate model types. The monthly Pareto frontier surrogate models provided each month a correlation between each of the optimization objectives for only the optimal thermal system cases. In other words, by setting a specific objective value, one would be able to know the values of the other optimization objectives that describe an optimal case of the thermal system for each month of the year.








	
Determination of the optimal design and operation parameter values through reverse-engineering algorithm








The second surrogate model type, namely, the monthly operation surrogate models essentially provided a correlation between the design as well as the operation parameters of the thermal system and the optimization objectives for every month. If the above two types of surrogate models operate together in combination with a search algorithm, it is possible to determine the design and operation parameters of a thermal system for specified optimization objectives. The reverse-engineering procedure will be elaborated in the next subsection. It should be noted that this layout supports only two optimization objectives, although there is no restriction to what those objectives could be. While available information is based on monthly system operations, it is possible for optimization to take place on an annual basis using the developed indexes that will be elaborated in the next subsection.



The summarized methodology steps can be viewed in Figure 1.




2.2. System Model


For the simulation of the solar-assisted geothermal heat pump, an iterative node-based dynamic model was constructed in Python using physical equations proposed by TRNSYS [31] as well as other sources, as will be elaborated below.



To begin with, the thermal storage tank models developed in Python used the equations based on Type 4: stratified fluid storage tank of TRNSYS [31]. The solar collector model operated according to the following equation (Equation (1)) [31,32]:


   Q  s o l   =  n o  ·  I  s o l   −  U l  ·  A  s o l   ·  (   T m  −  T  e n v    )   



(1)




where








	
no (- ): solar collector optical efficiency;



	
Isol (W): solar radiation incident to the collector;



	
U (W/m2·K): heat loss factor;



	
Qsol (W): heating power produced by the collector by collecting the incident solar radiation Isol (W);



	
Tm (°C): average solar collector temperature;



	
Tenv (°C): environmental temperature.








The heat pump efficiency model was based on the work of [33]. More specifically, as already stated, the heat pump used was a geothermal heat pump, whose efficiency is described by the following equation (Equation (2)):


  C O P = 0.0015 ·    (   T  w o   −  T g   )   2  − 0.2172 ·  (   T  w o   −  T g   )  + 9.9075  



(2)




where








	
COP (-): heat pump efficiency;



	
Two (°C): geothermal heat pump outlet pipe fluid temperature;



	
Tg (°C): ground temperature.








Finally, the heat exchangers that were situated in the storage tank followed Equation (3) [31,34,35]:


    Q ˙   a c   =   ∑   k = 1    N  n o d e     ε ·    m   ˙  ·  C p  ·  (   T  h x , i n   −  T  t a n k , k    )   



(3)




where








	
    Q ˙   a c     (W): actual heat transfer;



	
ε (-): heat exchanger efficiency;



	
  m ˙   (kg/s): fluid mass supply;



	
Cp (J/(kg·K)): fluid thermal cap;



	
   T  h x , i n     (°C): heat exchanger inlet fluid temperature;



	
   T  t a n k , k     (°C): thermal storage tank node temperature.








As far as climatic data are concerned, hourly external temperature, ground temperature, and solar radiation data corresponding to existing conditions in the city of Kozani, Greece, were employed [36].



The surrogate model software used for the current case was the ALAMO software [37], which produces simple yet accurate models. Moreover, the controlling strategy adopted in this case was as follows (Figure 2):




	
When the solar collector is warmer than the DHW storage tank, the control strategy prioritizes the heating of the DHW storage tank up until the respective setpoint has been attained.



	
Any excess solar energy will then be provided to the auxiliary storage tank, provided the solar collector is warmer than the auxiliary tank.



	
In case the collector is colder than both tanks, the circulator remains inactive.








Throughout the day, a DHW consumption profile was set. This, along with heat losses, resulted in both tanks getting colder over time. Thus, the solar collector controlling strategy ensures that DHW storage tank temperature levels [32] would be satisfied as much as possible.




2.3. System Parameters


In this subsection of the study, a case example optimization is provided in order for the methodology to be practically demonstrated. The case thermal system presented featured a solar-assisted geothermal heat pump (GHP) setup linked indirectly with two separate thermal storage tanks through their respective heat exchangers. One was responsible for covering the hourly DHW demands when necessary, while the other served as an auxiliary storage tank in which excess thermal load produced by the solar collector was stored. In order for the methodology to be demonstrated in a simple manner, the case system covered the DHW loads of an office building. The DHW demands aggregated to 10 L per person per day when they were provided over the course of the daily schedule. A layout of the thermal system is presented below (Figure 3). The case parameter ranges are shown in Table 1, and the fixed characteristics of the systems are shown in Table 2. The parameter range used for the solar collector was in compliance with [32].




2.4. Optimization Analysis


The presented methodology was applied for the example case. To begin with, for this case, two optimization criteria were set, i.e., monthly thermal energy consumption and DHW thermal load coverage (Equation (4)), which is an index of DHW load satisfaction. Next, a parametric dynamic simulation was performed for all the months of the year. This created a data batch of multiple design and operation parameter scenarios that were used in the following steps.


  D H  W  c o v   =     ∑   i = 1  N   T  D H W e , i      T  D H W e , s e t   · N    



(4)




where




	
TDHWe,i: DHW output pipe temperature (°C)



	
TDHWe,set: desired DHW output pipe temperature (°C) (set to 50 °C, according to [32]);



	
N: size of DHW temperature data batch during a monthly operation.








Next, two system surrogate models were produced that used operation and design parameters of the solar-assisted HP system (Table 1). In turn, they provided the respective monthly energy consumption and DHW thermal load coverage percentage for each parameter scenario. The surrogate model structure is presented using Equation (5). It should be noted that for this case, only linear and logarithmic correlations were used. However, the surrogate model structure is flexible and can therefore be implemented using other layouts.


      Y i    =  x  1 , i   · H +  x  2 , i   ·  A c  +  x  3 , i   ·  T  H P , s e t   +  x  4 , i   ·   m ˙   H P   +  x  5 , i   ·    (   n o   )   n  +  x  6 , i   ·  U l  +  x  7 , i   · ln  ( H )        +  x  8 , i   · ln  (   A c   )  +  x  9 , i   · ln  (   T  H P , s e t    )  +  x  10 , i   · ln  (    m ˙   H P    )  +  x  11 , i   · ln  (     (   n o   )   n   )  +  x  12 , i   · ln  (   U l   )         +  x  13 , i        



(5)




where








	
Y: optimization criterion (i.e., HP energy consumption, QHP, and DHW thermal load coverage, DHWcov);



	
xj,i: surrogate model equation parameter coefficients, with j = 1–13;



	
i: month index (January to December).








The next step was to create the Pareto frontier using the created data batch. In this case, the Pareto frontier contained the optimization criteria pair values (HP energy consumption and DHW coverage). Essentially, a Pareto frontier of the monthly energy consumption and thermal load coverage was formed, which consisted of the optimal solution scenarios. Information about optimal system performance can be utilized as a way to optimally dimension the existing system. However, in order for the Pareto frontier to be utilized by the optimization methodology, it must be expressed as a mathematical equation that correlates the two optimization criteria between each other. The equation describing the Pareto frontier surrogate model is described in the following equation (Equation (6)):


   Q  H P , o p , i   =  x  1 , i   · D H  W  c o v , o p ,   i   +  x  2 , i   · ln  (  D H  W  c o v , o p ,   i    )  +  x  3 , i    



(6)




where








	
QHP,op,i: optimal (minimized) value of monthly geothermal heat pump energy consumption (kJ);



	
DHWcov,op,i: optimal (maximized) value of monthly DHW load coverage percentage (%);



	
i: month index (January to December);



	
xj,i: surrogate model equation parameter coefficients, with j = 1–3.








Building a Pareto frontier surrogate model enables the user to demand a criterion to be set at a certain value to obtain the optimal value of the second criterion. For example, if the model user states that their optimal system should cover at least 95% of the DHW load demand on a monthly basis, the Pareto surrogate model returns the minimized (optimal) energy consumption for this case. This procedure is repeated for every month of the year, so the user receives the optimal paired criterion values for an annual operation of the thermal system.



Finally, with information of the optimal performance, the last step was to find the proper dimensioning characteristics of the system whose performance is as close as possible to that of the optimal on an annual basis. As both the Pareto frontier surrogate models and the thermal system performance surrogate models were already available, a reverse-engineering procedure was carried out. In the following subsection, the reverse-engineering procedure is explained.




2.5. Reverse-Engineering Procedure


To begin with, as already explained, the main objective of this procedure is to find the system that operates as close as possible to the optimal on an annual basis, and this means it should operate in that way every month. If the focus is set on a monthly basis, the monthly operation performance of the system can be evaluated using the thermal system surrogate models that are based on Equation (5). Furthermore, the optimal pair of objective values gained from the Pareto frontier surrogate model (Equation (6)) will serve as the target pair of values. All that remains is for the distance between paired criterion values to be measured, produced by the thermal system surrogate models and the optimal paired values from the Pareto frontier surrogate model. The previous sentence can be expressed using Equation (7).


  M P R  E i  =      (     Q  H P   −  Q  H P , o p , i      Q  H P , o p , i      )   2  +    (    D H  W  c o v , i   − D H  W  c o v , o p , i     D H  W  c o v , o p , i      )   2     



(7)







Essentially, monthly performance relative error (MPRE) informs the normalized performance deviation of the thermal system with certain parameter values from the performance of the optimal thermal system scenario. As MPRE had been evaluated, an annual evaluation also had to be performed using the MPRE values of Equation (7). Therefore, the annual performance relative error index (APRE) was calculated using Equation (8).


  A P R E =     ∑   i = 1   12   M P R  E i    2     



(8)







APRE indicates the root sum of square monthly performance deviations of a chosen thermal system scenario performance from its optimal counterpart on an annual basis. This means the smaller the value, the closer the system is to satisfying the desired optimization criteria on an annual basis. Ultimately, for each set of chosen parameters, by performing the final step of the methodology, an APRE value is extracted. Therefore, using a search algorithm, the optimization procedure finishes at the time a set of thermal system parameters that has the minimum APRE value is found.





3. Results


In this section, the case study results from the implementation of the methodology are presented. First of all, the monthly operation surrogate models of the thermal system are exhibited. More specifically, the first surrogate model expresses the correlation between the thermal system monthly energy consumption and optimization parameters. On the other hand, the second surrogate model expresses the correlation between the thermal system monthly DHW load coverage and optimization parameters. Table 3 and Table 4 show the coefficient values of the surrogate models based on Equation (5) for each month of operation. At the same time, the training results of the monthly operation surrogate models of the thermal system are displayed in Figure 4 and Figure 5. It is noted that for the current case, 75–25% training-to-validation data size ratio was employed. It is also worth reminding that the data were derived from the operation simulation of the thermal system. Each surrogate model training–validation process needed a small amount of computational time (about 0.5 s).



It can be discerned from Figure 4 that monthly thermal system consumption surrogate model training had decent performance results. Fitting accuracy appeared to decrease during summer semester. This might mean that seasonal environmental conditions affect fitting accuracy. More specifically, there was a much larger operation result variation among different parametric scenarios of the solar-assisted geothermal heat pump case. In addition, according to Figure 5, the DHW load coverage model appeared to be mostly accurate, with its accuracy declining during a major part of the winter season.



The monthly Pareto frontiers were constructed using the simulation data. At the same time, monthly Pareto frontier surrogate models were generated based on Equation (6). Fitting performance and coefficient values are displayed in Figure 6 and Table 5, respectively. In the case of the Pareto frontier surrogate model, the number of optimal scenarios was too small, so each data batch was used only in the training process and not in the validation process. As can be seen from Table 5, the surrogate model had a great consistency in fitting accuracy due to the monthly data batch size being too small. The batches were small because only about 5% out of the 400 thermal scenarios each month was deemed as optimal according to the Pareto frontier formation methodology. Consequently, the total scenario data batch size for each month should be increased.



Finally, Figure 7 and Figure 8 exhibit the Pareto frontier along with its respective surrogate model in order to grasp a more practical understanding of the Pareto frontier surrogate models. As can be seen, the solutions forming the Pareto frontier were equally optimal for the optimization objectives (geothermal heat pump energy consumption and domestic hot water coverage). Moreover, they were superior to all the other solutions not belonging to the monthly Pareto frontier. Therefore, these are the solutions that should interest the user during a design process. However, the objective performance of all parameter combinations used are not available to the user, which is why the Pareto frontier surrogate models need to be employed.



Essentially, the Pareto frontier surrogate models allow the user to select a desired objective value for the purpose of optimal thermal system design and then gain the optimal values for the rest of the objectives. For example, if a desired DHW thermal load coverage is set (e.g., 95%), this would allow the determination of the optimum monthly energy consumption. Using the Pareto frontier surrogate models, a monthly energy consumption was extracted for each month, as also observed in Figure 7 and Figure 8. With the optimal pair values for each month (energy consumption and thermal coverage), the reverse-engineering procedure took place. Using a brute force search algorithm in the mentioned parameter value range (Table 1), solutions were provided whose objective values were close to all the monthly optimal paired values and were therefore close to the optimal annual operation for the desired DHW thermal coverage of 95%. These solutions contained various combinations of the optimization parameters that led to an optimally operated system. As an example, 10 runs of the methodology provided solutions that are presented in Table 6, which led to minimized annual energy consumption and 95% DHW annual thermal coverage.



In Table 6, while APRE values at levels of 25% might seem like a substantial error, it corresponds to an average of about 7.2% error for energy consumption and DHW coverage values for each month. Consequently, the methodology is able to provide dimensioning parameter solutions for achieving optimized thermal system performance within an acceptable error margin. However, this error represents how close the system is to the optimal case, which depends on the Pareto frontier surrogate model performance. In addition, APRE is independent from thermal system surrogate models, which means that optimal operation of those parameters is not guaranteed unless thermal system monthly operation surrogate models are accurate enough. In any case, further refining the surrogate model structure accuracy in the future is desirable in order to operate in real cases. This is because retrofitting solutions contain not only the APRE but also the training–validation phase error of the surrogate models.



Moreover, as can be seen from Table 6, multiple runs provide various parameter solutions. Parameter variation for the same objective indicates that there is potential for further constraints to be added. In addition, there is an extensive parameter search range, and some values in that range might not be applicable in real cases. Therefore, the implementation of standardized component dimensioning options is encouraged.



As the design and operation parameter optimization analysis in this work was based on MOO of design and operation parameters of an HVAC system at the same time, it can be compared with the works presented in [23,24] as there are similarities with the respective methodologies. To begin with, the surrogate models of this work were each trained in a short time (1 s), verifying their low computational cost, as also stated in [23]. Their limitation is that the produced model can only be used on buildings of a specific city due to data availability issues. However, in the proposed case, where training data were derived from a dynamic multiparametric simulation, real-time operation data should also be used for the training of surrogate models in an equally effective manner, thus reducing the availability limitations. Furthermore, by examining [24], the proposed study differs in that the proposed methodology also employs surrogate models that correlate the objectives with each other for the optimal cases. With this, a user can start optimization from every direction by setting a specific value on a desired objective. This approach enables the exploitation of the flexibility offered by multiobjective optimization. In addition, the use of monthly surrogate models enables optimization to take place not only at an annual level but also at shorter periods, such as seasonal or semestrial. The flexibility potential of the above methodology has not been highlighted in the existing literature.




4. Conclusions


In this work, a dimensioning methodology for thermal energy systems is presented that addresses the relevant literature gaps. These include the lack of a generalized framework for optimizing design and operation parameters at the same time using an MOO approach. In contrast to existing methodologies, the present method provides not only optimal objective sets but also the design and operation parameters leading to the desired performance should the user wish for a specific system performance setup. Finally, the methodology can be implemented on a monthly, seasonal, or annual basis, essentially being a potentially flexible dimensioning optimization tool.



Through multiparametric simulation, the thermal system performance surrogate model and a Pareto frontier surrogate model were produced. A combination of these models in a reverse-engineering procedure results in a generalized multiobjective dimensioning methodology. The benefits of the proposed methodology include utilization of the flexibility potential of MOO, ease of use, low computational requirements, and a broad context of application in real cases. On the other hand, the implementation of the methodology requires available real-time operation data of the respective thermal system case.



The results of an example case verified the accuracy potential of the surrogate models as well as the ability to determine optimal system parameters in accordance with user-defined optimization criteria. More specifically, the surrogate models had R2 values ranging between 0.85 and 0.9, while RMSE values did not exceed 0.4 as far as monthly energy consumption was concerned. With regard to DHW thermal coverage models, the fitting results were almost identical, except for January and February. Finally, the Pareto frontier surrogate models had acceptable accuracy results for most monthly cases, except for a few cases of mediocre fitting performance (R2 = 0.7).



With regard to optimized dimensioning results, all dimensioning recommendations had an APRE value of about 25%, which corresponded to about 7% error for all monthly surrogate models from the monthly Pareto frontier optimal solutions in terms of objective performance. It is of interest to also notice that when choosing the desired objective value for the dimensioning process, various parameter choices were extracted from the methodology. Last but not least, the implementation of the reverse-engineering procedure was characterized by low computational cost.



The limitations of this study include the need for refinement of the reverse-engineering algorithm, with focus on implementing more advanced search algorithms. In addition, low accuracy surrogate models might be produced in some cases due to the implemented surrogate model form. This issue could be solved using different surrogate model structures as well as fine tuning the training methods. Moreover, the solution variation in practical applications might be excessive, so actions should be taken to further constrain the dimensioning options to real, standardized HVAC component dimensioning. For example, certain technical limitations concerning solar collector or storage tank sizes could be taken into account during the implementation of the methodology, essentially providing only standardized dimension values for each system component. This could also further reinforce the credibility of the dimensioning solutions extracted from the presented methodology implementation. Of course, an additional economical optimization among the presented solutions would further narrow down the available solutions to only a few, which are, in general, the most inexpensive dimensioning solutions to employ. The authors of the present work suggest that the next step could be the development of surrogate models using measurements from existing thermal system cases. Lastly, the MOO approach could be further enhanced through the inclusion of additional criteria, such as economic or environmental ones.
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Figure 1. Layout of the proposed multiobjective design and operation dimensioning methodology. 
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Figure 2. Solar-assisted geothermal heat pump control strategy flow chart. 
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Figure 3. Solar-assisted geothermal heat pump layout. 
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Figure 4. Monthly thermal system energy consumption (QHP) model training and validation performance. 
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Figure 5. Monthly DHW thermal coverage (DHWcov) surrogate model training and validation performance. 
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Figure 6. Monthly Pareto frontier surrogate model training performance. 
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Figure 7. Pareto frontier of the system monthly operation during December. 
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Figure 8. Pareto frontier of the system monthly operation during August. 
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Table 1. Parameter value ranges.






Table 1. Parameter value ranges.





	
Symbol

	
Description

	
Value Range

	
Unit






	
H

	
DHW storage tank height (m)

	
0.18–0.55

0.1–0.5

40–50

	
m




	
mHP

	
HP water mass supply (kg/s)

	
kg/s




	
THP,set

	
HP heating temperature setpoint (°C)

	
°C




	
no

	
Solar collector optical efficiency

	
0.82

	
0.75

	
0.57

	
-




	
Ul

	
Solar collector heat loss factor

	
7.5

	
5

	
1.82

	
W·m−2·K−1




	
Asol

	
Solar collector area (m2)

	
2–7

	
m2
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Table 2. Fixed characteristics of the case system.






Table 2. Fixed characteristics of the case system.





	Description
	Value
	Unit





	Auxiliary storage tank height
	1
	m



	Auxiliary storage tank radius
	0.4
	m



	Auxiliary storage tank volume
	500
	lt



	Auxiliary storage tank heat loss factor
	0.07
	W·m−2·K−1



	Auxiliary storage tank set point
	60
	°C



	DHW storage tank radius
	0.3
	m



	DHW storage tank set point
	40
	°C



	Heat exchangers effectiveness
	0.85
	-



	Geothermal Heat pump circulator power
	1000
	W



	Solar collector operational mass supply
	0.1
	kg/s
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Table 3. Thermal system energy consumption (QHP) surrogate model coefficients produced from model training.
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	Month
	Χ1
	Χ2
	Χ3
	Χ4
	Χ5
	Χ6
	Χ7
	Χ8
	Χ9
	Χ10
	Χ11
	Χ12
	X13





	January
	2.88
	−0.19
	0.12
	0
	0
	−1.71
	0
	0.94
	0
	−0.48
	7.74
	0
	0



	February
	0
	0
	0.47
	0
	0
	0
	2.86
	0.30
	−15.91
	−0.51
	1.35
	0
	39.93



	March
	0
	0
	0.13
	0
	−5.29
	0
	1.15
	0
	0
	−0.52
	0
	0.85
	0



	April
	1.88
	0
	0.14
	0
	−8.93
	0.31
	0
	0
	0
	−0.44
	0
	0
	0



	May
	2.78
	0
	0.12
	0
	0
	0
	0
	0
	0
	−0.40
	6.42
	−1.68
	0



	June
	5.71
	0
	0.12
	0
	0
	0
	−1.39
	0
	0
	−0.35
	10.55
	−2.72
	0



	July
	1.40
	0
	0.14
	0
	−5.47
	0
	0
	0
	0
	−0.29
	4.24
	0
	0



	August
	1.71
	0
	0.12
	0
	0
	0
	0
	0
	0
	−0.31
	6.75
	−1.71
	0



	September
	2.06
	0
	0.15
	0
	0
	0
	0
	0
	−1.57
	−0.35
	0
	−0.65
	0



	October
	2.35
	0
	0.12
	0
	0
	0
	0
	0
	0
	−0.36
	6.20
	−1.58
	0



	November
	3.13
	0
	0.16
	0
	0
	0
	0
	0
	−1.78
	−0.43
	0
	0
	0



	December
	3.54
	0
	0.41
	0
	0
	0
	0
	0
	−12.40
	−0.49
	−0.13
	0
	29.40
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Table 4. DHW thermal coverage (DHWcov) surrogate model coefficients produced from model training.
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	Month
	Χ1
	Χ2
	Χ3
	Χ4
	Χ5
	Χ6
	Χ7
	Χ8
	Χ9
	Χ10
	Χ11
	Χ12
	X13





	January
	19.23
	−1.92
	1.62
	−3.15
	0
	−1.09
	−10.35
	14.67
	0
	0
	58.12
	0
	0



	February
	−20.18
	1.94
	0
	0
	0
	0
	0
	12.57
	0
	0
	49.07
	0
	0



	March
	1.78
	0.09
	2.32
	0
	0
	0.06
	−0.37
	−0.48
	−14.05
	0
	0
	0
	37.60



	April
	2.25
	0
	2.33
	0
	0
	0.05
	0
	−0.18
	−15.50
	0
	0
	0
	42.38



	May
	−1.80
	0.07
	2.23
	0
	−6.80
	0
	1.54
	−0.39
	−12.31
	0
	−4.35
	0
	31.67



	June
	−6.15
	0
	1.90
	0
	0
	0
	3.00
	−0.15
	−2.55
	0
	0
	0
	0



	July
	−4.96
	0
	1.45
	0
	0
	0
	2.37
	−0.14
	23.64
	0
	0
	0
	−61.31



	August
	−4.49
	0
	1.56
	0
	0
	0
	2.10
	0
	18.37
	0
	0
	0
	−46.89



	September
	−4.45
	0
	1.91
	0
	0
	0
	2.45
	−0.08
	2.00
	0
	0
	0
	0



	October
	0
	0.12
	1.96
	0
	2.71
	0
	0.85
	−0.62
	0
	0
	−1.60
	0
	0



	November
	2.74
	0
	2.03
	0
	1.58
	0
	−0.70
	−0.08
	−1.21
	0
	0
	0
	0



	December
	0
	0
	2.02
	0
	0
	0
	−0.10
	−0.08
	0
	0
	0
	0.25
	−1.43
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Table 5. Monthly Pareto frontier surrogate model coefficients produced from model training.
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	Month
	Χ1
	Χ2
	Χ3





	January
	0.45
	−30.00
	97.33



	February
	0.34
	−24.16
	79.96



	March
	0.11
	−1.70
	0



	April
	0
	7.69
	−32.46



	May
	0.73
	−57.46
	194.55



	June
	0.51
	−38.34
	128.49



	July
	0.10
	−1.72
	0



	August
	0.36
	−25.30
	82.83



	September
	0.41
	−30.02
	99.91



	October
	0.73
	−57.81
	196.15



	November
	1.42
	−118.03
	405.05



	12
	0
	6.06
	−25.03
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Table 6. Multiobjective optimization dimensioning results for 10 runs of the reverse-engineering procedure (desired DHW thermal coverage at 95%).






Table 6. Multiobjective optimization dimensioning results for 10 runs of the reverse-engineering procedure (desired DHW thermal coverage at 95%).





	Solution No.
	DHW Storage Tank Height (m)
	HP Water Mass Supply (kg/s)
	HP Heating Temperature Setpoint (°C)
	Solar Collector Maximum Efficiency (-)
	Solar Collector Heat Loss Factor (W·m−2·K−1)
	Solar Collector Area (m2)
	APRE





	1
	0.35
	0.36
	42
	0.57
	1.82
	4.1
	0.246



	2
	0.52
	0.24
	43
	0.57
	1.82
	6.8
	0.252



	3
	0.36
	0.13
	49
	0.75
	5
	5.5
	0.249



	4
	0.18
	0.36
	42
	0.75
	5
	5.4
	0.249



	5
	0.35
	0.26
	41
	0.57
	1.82
	2.2
	0.247



	6
	0.36
	0.46
	40
	0.75
	5
	5.7
	0.249



	7
	0.36
	0.20
	40
	0.75
	5
	5.2
	0.251



	8
	0.53
	0.49
	48
	0.75
	5
	2.5
	0.249



	9
	0.35
	0.24
	40
	0.82
	7.50
	5.6
	0.249



	10
	0.34
	0.33
	47
	0.57
	1.82
	6.3
	0.248
















	
	
Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or products referred to in the content.











© 2023 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).






media/file13.jpg
DDHW,cov (%)

100
L.l ‘.. oen
9 wTecg ° o
0
5
L ~—— Pareto frontier
Pareto surogate

10 1s 20 25 30 35 40 e scenario
Qhp.cons (kWh)





media/file4.png
Control strategy algorithm
(start)

TDHW storage tank

<T,

etpoint

Tsolar collector>

T

auxiliary storage
tank

T

solar ccllector}

TDHW storage tank

Turn on Loop 1 circulator
Redirect flow towards
DHW storage tank

Turn on Loop 1 circulator
Redirect flow towards
auxiliary storage tank

Turn off Loop 1

T

solar collector =
Tauxiliarv storage
tank

Turn on Loop 1 circulator
Redirect flow towards
auxiliary storage tank

Turn off Loop 1
circulator

circulator

Control strategy algorithm
(finish)






nav.xhtml


  energies-16-01266


  
    		
      energies-16-01266
    


  




  





media/file16.png
DHW,cov (%)

100 -

95 -

90 -

85 -

80 -

0.75

1.00

1.25

1.50 1.75
Qhp,cons (kwWh)

2.00

2.25

2.50

—— Pareto frontier
—— Pareto surrogate
® Scenario





media/file2.png
Dynamic
simulation
model

Thermal
system
operation
controlling
strategy

Parametric
monthly
operation
data batch

Monthly
Pareto
Frontiers

Determine user-

preferred values

on optimization
objectives

Monthly
Pareto Reverse-
Frontier engineering
surrogate algorithm
models

Monthly
operation
surrogate

models

Optimal
parameter
values






media/file5.jpg
vty e s

toon

toon2

toops






media/file3.jpg





media/file1.jpg





media/file7.jpg
09
08
07
06
05
04
03
02
01

%

N 8
& & & &
St

&

=R (training) e R2 (validation)

RMSE (training)

035
03
025
02
015
01
005

RMSE

RMSE (validation)





media/file10.png
RZ

0.98
0.96
0.94
0.92

0.9
0.88
0.86
0.84
0.82

I R?2 (training)

4.5

3.5

2.5

1.5

0.5

B R2 (validation) essss=RMSE (training) e RMSE (validation)

RMSE





media/file12.png
RZ

0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1

I R?2 (training)

e RMISE (training)

0.4
0.35
0.3
0.25
0.2
0.15
0.1
0.05

RMSE





media/file9.jpg
R2

098
096
094
092

09
088
086
084
082

— R2 (training)

- R2 (validation)

RMSE (training)

45

35

25

15

0s

‘.

RMSE (validation)

RMSE





media/file0.png





media/file14.png
DHW,cov (%)

100 -

95 -

(o]
o
]

co
Ln
1

80 -

00 Goeep ¢*°S ¢ °
o P °Yw N
Q° % Ve o0

o Wollo Pegn, o *°

0 PWA® Jo g0 8 %
‘e VO oo,

o o0 QoW o

oWe N, %q °

wpo &, Pl 0 o

° o® oF®0 %.o: o o

1.0

1.5 2.0 2.5 3.0 3.5
Qhp,cons (kWh)

4.0

- Pareto frontier
—— Pareto surrogate
® Scenario





media/file8.png
0.35
0.3
0.25
0.2
0.15
0.1
0.05

RMSE

I R?2 (training) M R2 (validation) e RMSE (training) e RMSE (validation)






media/file11.jpg
R?

09
08
07
06
05
04
03
02
01

o” »‘*‘,f\é‘@\» \‘*

= R? (training)

——RMSE (training)

o

04
035
03
025
02
0.5
01
0.05

RMSE





media/file6.png
Digital 3-way Solar

vave collector
Auxiliary storage tank
Circulator
Tinlet pipe Nd
T return pipe

DHW storage tank

Circulator

Loop 1

Loop 2

Loop 3

Loop 4






media/file15.jpg
DHW.cov (%)

100

95

80

— pareto frontier
Pareto surrogate

075 100 125 150 175 200 225 250
Qhp,cons (kWh)

® scenario





