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ABSTRACT  

Greenhouse gas emissions are the primary factors causing climate change and global 

warming, wherein around three quarters of total greenhouse gas emissions are attributed to 

energy-related activities. This highlights the significance of improving energy efficiency to 

achieve carbon neutrality and sustainable development. Advanced control strategies can 

facilitate the energy-efficient/cost-effective operation of energy systems. Model predictive 

control (MPC), a popular advanced control algorithm, has received a lot of attention and 

demonstrated excellent control ability in various applications.   

In light of the inherent diversity and complexity of thermal energy systems, the application 

of MPC in thermal energy systems of different types and scales should be examined to fully 

exploit its potential benefits. This thesis aims to identify and demonstrate how MPC can 

enable energy-efficient/cost-effective operation of thermal energy systems at different scales. 

To achieve this, numerical experiments of MPC on different case studies were carried out. 

Given that the share of greenhouse gas emissions from buildings and industry sectors in total 

greenhouse gas emissions is nontrivial, the thesis focuses on three case studies consisting of 

buildings, PCM-based ventilation systems, and greenhouse energy systems. The selected 

case studies cover thermal energy systems at building room level, heating, ventilation and 

air conditioning component level, and relatively large industry level.  

To reach the aim of the thesis, dynamic simulation models of different case study thermal 

energy systems are first developed to analyze energy production, storage, and consumption. 

Next, MPC for different thermal energy systems is implemented using diverse control 

models and tool-chains to demonstrate its feasibility and applicability. Then, a rule-based 

controller (RBC) for each thermal energy system is proposed and simulated to benchmark 

and manifest the benefits of MPC. Last, sensitivity analysis is conducted considering various 

disturbances such that the robustness of the developed MPC is evaluated and the limitations 

are highlighted. 

With a systematic investigation of MPC on three thermal energy systems at different scales, 

a comprehensive conclusion is made. In short, the feasibility of applying MPC for different 

thermal energy systems to improve energy efficiency and reduce operational costs is 

examined, identified, and demonstrated. The evaluation results highlight the influence of the 

MPC setups and disturbances on the control performance. Also, MPC exhibits limitations 

and it does not necessarily outperform RBC. The benefits of MPC compared to RBC highly 

depend on the setups for both MPC and RBC as well as the evaluation metrics.  
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DANSK RESUMÉ 

Drivhusgasemissioner er de primære faktorer, der forårsager klimaforandringer og global 

opvarmning, hvor omkring tre fjerdedele af de samlede drivhusgasemissioner tilskrives 

energirelaterede aktiviteter. Dette understreger betydningen af at forbedre 

energieffektiviteten for at opnå CO2-neutralitet og bæredygtig udvikling. Avancerede 

kontrolstrategier kan lette energieffektiv/omkostningseffektiv drift af energisystemer. 

Model prædiktiv kontrol (MPC), en populær avanceret kontrolalgoritme, har fået meget 

opmærksomhed, og har demonstreret fremragende kontrolevne i forskellige applikationer. 

I lyset af termiske energisystemers iboende mangfoldighed og kompleksitet, bør 

anvendelsen af MPC i termiske energisystemer, af forskellige typer og skalaer, undersøges, 

for fuldt ud at udnytte dets potentielle fordele. Denne afhandling har til formål at identificere 

og demonstrere, hvordan MPC kan muliggøre energieffektiv/omkostningseffektiv drift af 

termiske energisystemer i forskellige skalaer. For at opnå dette, blev der udført numeriske 

eksperimenter med MPC på forskellige casestudier. Da andelen af drivhusgasemissioner fra 

bygninger og industrisektorer i de samlede drivhusgasemissioner er ikke-triviel, fokuserer 

afhandlingen på tre casestudier bestående af bygninger, PCM-baserede ventilationssystemer 

og drivhusenergisystemer. De udvalgte casestudier dækker termiske energisystemer på 

bygningsrumsniveau, varme-, ventilations- og klimaanlæg komponentniveau og relativt 

stort industriniveau. 

For at nå formålet med afhandlingen, udvikles først dynamiske simuleringsmodeller af 

forskellige casestudie termiske energisystemer, til at analysere energiproduktion, lagring og 

forbrug. Dernæst implementeres MPC for forskellige termiske energisystemer ved hjælp af 

forskellige kontrolmodeller og værktøjskæder, for at demonstrere dets gennemførlighed og 

anvendelighed. For hvert energisystem, opsættes, simuleres og sammenlignes den 

tilsvarende regelbaserede controller (RBC) med MPC, for at benchmarke og manifestere 

fordelene ved MPC. Til sidst udføres følsomhedsanalyse under hensyntagen til forskellige 

forstyrrelser, således at robustheden af den udviklede MPC evalueres, begrænsningerne 

fremhæves. 

Med en systematisk undersøgelse af MPC på tre termiske energisystemer i forskellige 

skalaer, drages en omfattende konklusion. Kort sagt, gennemførligheden af at anvende MPC 

til forskellige termiske energisystemer, for at forbedre energieffektiviteten og reducere 

driftsomkostningerne er undersøgt, identificeret og demonstreret. Evalueringsresultaterne 

fremhæver MPC opsætningernes og forstyrrelsernes indflydelse på kontrolydelsen. MPC 

udviser også begrænsninger, og overgår ikke nødvendigvis RBC. Fordelene ved MPC 

sammenlignet med RBC afhænger i høj grad af opsætningerne for både MPC og RBC samt 

evalueringsmetrikkerne. 
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Chapter 1 Introduction 

This chapter presents an overview of the thesis and is organized as follows: Section 1.1 and 

Section 1.2 introduce the research background and highlight the motivation of the doctoral 

project. A general review of model predictive control (MPC) including its history, evolution, 

and related applications in different fields is presented in Section 1.2. Section 1.3 describes 

the aim of the thesis. Research methodology and thesis structure are detailed in Section 1.4 

and Section 1.5, respectively. 

 

1.1  Climate change and energy efficiency 

Climate change and global warming are global challenges and pose a harmful impact on 

human society as it not only hinders human economic development but also deteriorates the 

Earth's environment [9]. Environmental deterioration would yield poor air quality, the 

prevalence of extreme weather, frequent natural catastrophes, etc., which in turn influences 

the health of human beings. In an effort to mitigate climate change, the Paris agreement sets 

the long-term goal to limit global warming to well below 2°C, preferably to 1.5°C, compared 

to pre-industrial levels [10]. It is widely acknowledged that greenhouse gas (GHG) 

emissions are the primary factors leading to climate change and global warming. This 

highlights the significance of reducing greenhouse gas emissions to reach the long-term 

goals under the Paris agreement. In particular, CO2, as a major component of greenhouse 

gas emissions, is nontrivial and should be tackled seriously. In this regard, many countries, 

as well as the entire European Union (EU), have pledged to achieve carbon neutrality by 

mid-century [11]. For instance, Denmark committed to phasing out fossil fuels and reaching 

Net Zero Emissions (NZE) of CO2 by 2050. Even China, as a large energy consumer and 

release a large amount of CO2, is moving towards decarbonization and aims to achieve 

carbon neutrality by 2060 [12]. 

According to the world energy outlook report of the year 2021 [11], fossil fuels are still the 

main energy sources fueling world development from a global perspective, causing a large 

amount of greenhouse gas emissions and pollutions. Another fact is that energy-related 

activities are responsible for around three quarters of total greenhouse gas emissions, which 

highlights the significance of reducing greenhouse gas in the energy sector. Among the 

energy sector, energy consumption in buildings, transportation, and industry are the main 

contributors to total energy-related greenhouse gas emissions [11]. International Energy 

Agency (IEA) has investigated the current situation and outlined the roadmap to achieve 

global carbon neutrality by 2050 (Figure 1.1). The study takes into account different 

measures for CO2 reduction as well as CO2 emission growth due to human activities. The 

important role of enhancing energy efficiency in green and sustainable transition is 
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highlighted in the roadmap, which has been found in similar studies as well [13,14]. On the 

other hand, the energy-efficient operation of systems will benefit energy end-users 

economically as it cut down energy consumption, thus reducing energy bills.  

Hence, this thesis intends to foster energy-efficient operation of energy systems to mitigate 

climate change and global warming.   

 

Figure 1.1: Emission reductions by mitigation measures in the NZE, 2020-2050 [15]. 

 

1.2  The motivation of applying MPC for energy systems 

Improving the energy efficiency of the energy systems can be potentially exploited at 

different stages spanning from system design, construction, operation, and continuous 

commissioning. In the system operation stage, control techniques are required to reach 

expected system performance. Modern energy systems often involve complex system 

dynamics with multi-input and multi-output (MIMO), as well as some conflicting control 

objectives. This fact challenges conventional control strategies such as proportional-

integral-derivative (PID) controllers to attain a satisfactory performance in terms of energy 

efficiency. For instance, considering a building equipped with a CO2-driven ventilation 

system and a hydronic heating loop connected to a district heating network, how to control 

and coordinate different energy systems in a smart manner such that it achieves the lowest 

energy costs without sacrificing occupants comfort? To increase energy efficiency, an 

energy system of this kind often calls for advanced control strategies for smart operations. 

Some advanced control techniques have been reported in the literature such as adaptive 

control [16], stochastic control [17], fuzzy control [18], model predictive control [19,20], 

etc. Among them, model predictive control, as a class of optimal control algorithms, is highly 

popular and has received a lot of attention. The wide popularity of MPC lies in its excellent 

control performance dealing with multi-input and multi-output systems under constraints 
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[21]. Seeing at least five books and thousands of papers published, the research of MPC in 

different fields has thrived enormously in the current century [22]. Over time, several 

valuable review papers on MPC have been published, providing a good insight into MPC 

ranging from its concept, history, evolution, and industrial applications [21–30].  

The initial application dates back to the 1970s, intended for the process industry such as oil 

refineries, chemical plants, etc [31]. Since then, MPC has been successfully applied in 

different systems including energy systems. Publications on MPC in various systems are 

massive, covering wastewater treatment plants [32], fuel cells [33], mechanical systems [34], 

robots [35], electric vehicles [36], solar thermal power plant [37],smart grid [38], power 

electronics [39], etc. 

The discussions above highlight the potential capability of MPC in increasing efficiency and 

reducing operating costs for energy systems. However, given the inherent diversity of 

different energy systems, it remains a question whether and how MPC can enable energy-

efficient or cost-effective operation of different energy systems at different scales? The 

answer to this question assists with promoting the wide application of MPC for energy 

systems, which further helps bridge the gap between research studies to practical 

implementations. 

 

1.3  Aim and objectives 

This thesis deals with the analysis and application of MPC in energy systems. More 

specifically, it aims at thermal energy systems. Thermal energy systems, defined as systems 

that involve the storage and transfer of heat [40], are one of the main elements of energy 

systems. The aim of the thesis is to: 

 

Identify and demonstrate how MPC can enable energy-efficient/cost-effective operation 

of thermal energy systems at different scales 

 

The aim of the thesis is further broken down into four main research objectives. 

• Objective 1 

Model and analyze energy production, storage, and consumption of thermal energy 

systems at different scales. 

 

• Objective 2  

Demonstrate MPC applications for different thermal energy systems. 
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• Objective 3 

Benchmark MPC with conventional controllers to harvest benefits of MPC. 

 

• Objective 4 

Identify the influence of system disturbances on MPC performance. 

Thus, the intent is to generate generic knowledge that is transferable for MPC applications 

in different thermal energy systems through a systematic investigation. 

 

1.4  Methodology  

Given a study covering all thermal energy systems is impossible, this thesis adopts the case 

study approach, where typical and representative thermal energy systems at different scales 

are investigated. Section 1.1 highlights that greenhouse gas emissions emitted by buildings, 

transport, and industry are the main contributors to total energy-related greenhouse gas 

emissions. It is therefore essential to investigate thermal energy systems from these sectors. 

Taking into consideration the projects and data availability, three thermal energy systems of 

different scales are chosen, i.e.,  

• Buildings 

• Phase change material (PCM)-driven ventilation system 

• Greenhouse energy systems 

Buildings represent MPC for thermal energy systems at room level, whereas PCM-driven 

ventilation system, as a component of the HVAC system in buildings, stands for thermal 

energy system at the component level. The greenhouse energy systems, attributed to the 

industry sector, are thermal energy systems at a relatively large industry scale. 

Investigating MPC for different case studies can be either practical implementation or 

simulation-based numerical experiments. Despite that practical implementation enables 

precisely capturing physical system dynamics and real-time control, it requires a 

combination of large efforts and expertise from different fields covering software, hardware, 

energy engineering, control engineering, data science, etc. Often, this is expensive, time-

consuming, and risky. Apart from this, physical systems are subject to uncontrollable, 

unmeasurable, and stochastic operating conditions, which challenges the comparison and 

evaluation of different control strategies for this system under the same conditions. In this 

regard, the simulation-based study is deemed a good approach to handle these issues as it 

offers a controlled, configurable simulation environment for various numerical experiments. 

Overall, numerical experiments are conducted on different case studies, aiming to fulfill the 

aim of the thesis. Here, the corresponding method to achieve each research objective is 

outlined below. 
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• Methodology to the research objective 1: Dynamic simulation of thermal energy 

systems. 

Dynamic simulation can assist in understanding the behaviors of the thermal energy systems 

In this context, the emulation model for each case study is developed using the Modelica 

modelling language [41]. 

• Methodology to the research objective 2: Develop control model and tailored MPC 

algorithms for different thermal energy systems. 

MPC for each thermal energy system is developed considering a suitable control-oriented 

model, optimization algorithm, eclectic tool-chain, etc. 

• Methodology to the research objective 3: Compare MPC with RBC 

The performance of an MPC is compared to an RBC based on suitable evaluation metrics. 

Hence, the benefits of MPC as compared to RBC are analyzed. 

• Methodology to the research objective 4: Sensitivity analysis 

The influence of disturbances on MPC performance is evaluated through sensitivity analysis, 

where different types and different levels of disturbances are studied. The corresponding 

impact of disturbances on MPC performance is analyzed based on chosen evaluation metrics. 

 

1.5  Thesis structure 

This thesis consists of three main parts and largely follows the format of a collection of 

papers. 

Part I is the summary report made of five chapters (from chapter 1 to chapter 5).   

Chapter 1 gives a general introduction of the thesis covering research background and 

motivation, aim, research objectives, and methodology. Chapter 2 presents the background 

knowledge of MPC used in the thesis. Chapter 3, chapter 4, and chapter 5 present the MPC 

case studies for different thermal energy systems, i.e., buildings, PCM-based ventilation 

systems, and greenhouse energy systems, respectively. Chapter 3 discusses the results found 

in paper A and paper B.  Chapter 4 discusses the results found in paper C, paper D, and paper 

E. Chapter 3 and chapter 4 are formulated as a summary of the case study, detailed works 

should be found in the corresponding papers. Chapter 5 is formulated as a monography of 

the case study.   

Part II contains the five publications included in the thesis, both published, accepted for 

publication, and submitted to the scientific community. 
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Paper A develops a building emulation model as a virtual testbed for MPC implementation 

and simulation. Paper B develops an MPC strategy for a building room integrating an online 

occupancy prediction model. The influence of occupancy disturbance on the performance of 

MPC for buildings is evaluated. In Paper C, an emulation model for a PCM-based ventilation 

system is developed, which is further integrated into an MPC framework applied in paper D 

and paper E. Both paper D and paper E developed an MPC for the PCM-based ventilation 

system, where paper D formulates a nonlinear MPC with multi-stage optimization, paper E 

developed a mixed-integer linear MPC for the same system aiming to optimally choose 

system operation modes. The benefits of both MPC are evaluated by comparing to an RBC. 

Part III is the conclusion of the thesis.  

Chapter 6 concludes the work carried out in this thesis. Contributions of the thesis are drawn. 

Limitations of the presented works are outlined and future research directions are 

recommended. 

Figure 1.2 depicts the schematic overview of the thesis aim, objectives, methodology, and 

how each chapter contributes to fulfilling the aim and research objectives of the dissertation. 

Figure 1.2: Schematic overview of the thesis structure. 
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Chapter 2 Model Predictive Control 

This chapter is dedicated to presenting the background knowledge of MPC relevant to the 

rest of the thesis. The aim is not to present a comprehensive summary of the MPC theory. 

Instead, this chapter focuses on illustrating the principle of MPC and detailing the relevant 

concepts and terminology. A detailed introduction to MPC covering the theoretical and 

practical aspects can be found in the reference book [42,43]. 

 

2.1  Principle of MPC 

Model predictive control is a well-established control method that is good at dealing with 

constrained optimization. As a class of optimal control algorithms, MPC explicitly utilizes 

the model of the system dynamics to optimize control variables with a specific optimization 

time window to attain defined objectives. 

The basic structure of MPC is illustrated in Figure 2.1, which depicts the interaction between 

the model predictive controller and the controlled system. The basic components in a model 

predictive controller consist of a control model, constraints, disturbances, and an objective 

function. In this thesis, since MPC is studied in a simulation-based numerical experiment, 

the real system is replaced by a high-fidelity emulator. 

 

 

Figure 2.1: Basic structure of MPC 

The working principle of MPC is illustrated in Figure 2.2, where the difference between the 

top and the bottom figure is one time step, and the orange dashed curve represents the 

predicted output from the previous time step. At each time step, the control model, in 
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combination with the forecasted disturbances, predefined objective function, and constraints, 

formulates a constrained optimization problem. The optimization problem is solved for a 

finite time horizon (optimization horizon), deriving a sequence of control input over the 

optimization horizon. Rather than feeding optimal control input into the real system or 

emulator for the entire optimization horizon, MPC only applies some of the first control 

sequences for a shorter time window (control horizon). The resulting system state is fed into 

the control to update initial states at the next time step. Accordingly, optimization is shifted 

to the next optimization horizon and the procedure is repeated. This working principle is 

called receding horizon control as well. 

 

Figure 2.2: Schematic of the principle of receding horizon. 

Mathematically, the optimization problem that MPC attempts to solve can be described as 

follows (in discrete time domain): 

 

𝑚𝑖𝑛
𝑢0,...,𝑢𝑁−1

∑ 𝑙𝑘(𝑥𝑘 , 𝑢𝑘, 𝑑𝑘)

𝑁−1

𝑘=0

 

 

Objective function 

 

(2.1a) 

      Subject to    
 𝑥0 = 𝑥 Current state (2.1b) 

 𝑥𝑘+1 =  𝑓(𝑥𝑘 , 𝑢𝑘 , 𝑑𝑘) Dynamics – update state (2.1c) 

 𝑦𝑘  =  𝑔(𝑥𝑘 , 𝑢𝑘 , 𝑑𝑘) Dynamics – system output   (2.1d) 

 (𝑥𝑘 , 𝑢𝑘) ∈  𝒳𝑘 × 𝒰𝑘 Constraints (2.1e) 
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Where k denotes the discrete time step, 𝑁 denotes the optimization horizon, 𝑥𝑘 is the system 

state, 𝑢𝑘  is control input, 𝑑𝑘  is disturbances,  𝑦𝑘  is system output, 𝒳𝑘  𝑎𝑛𝑑 𝒰𝑘  are the 

constraints sets for system state and control input respectively.  

 

2.2  Key elements of MPC  

Normally, a typical procedure for MPC implementation involves the five steps shown below: 

• Selecting and developing proper models 

• Defining the objective function to optimize 

• Choosing a suitable optimization technique 

• Programming and implementing the control strategy 

• Testing and commissioning of the control program 

To implement MPC, the following key elements involved need to be configured properly:  

• Control model 

The control model, hereafter referred to as the controller model or control-oriented model as 

well, is the mathematical description of the system dynamics as stated in Equations (2.1c) 

and (2.1d). In the application of model predictive control, the control performance is highly 

related to control model accuracy [44]. This fact imposes the significance of developing a 

control-oriented model with sufficient accuracy to represent the real system. Compromise 

between control-oriented model and accuracy is always challenging for MPC development. 

Normally, the development of a control model falls into three main categories: white-, grey- 

and black-box models. The white-box model can capture more details of the physical system, 

but it is too heavy for optimization purposes since it requires a significant computation effort. 

The black-box model can be a good candidate for optimization, but it depends significantly 

on model input and output data, and it does not reflect the physical properties of the real 

system. Hence, the grey-box model combines the advantages of the white- and black-box 

model, resulting in a control-oriented model with simplified system physics.  

In this thesis, the grey-box model is frequently used, thus system identification is performed 

to estimate the unknown parameters with aid of on-site measurements. The parameter 

estimation is carried out through ModestPy – a python-based package applying genetic 

algorithm for parameter estimation in functional mock-up unit (FMU) [45]. 

• Emulation model 

The emulation model, hereafter referred to as the emulator, is used to represent the real 

system in a simulation-based implementation of MPC. The white-box model is commonly 

used to develop such an emulation model aiming to capture detailed system dynamics of 
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every aspect. Examples of mature software for developing white-box models include 

EnergyPlus, Dymola, TRNSYS, ESP-r, etc. In this thesis, the emulation models are 

implemented in Dymola using the Modelica modelling language. 

• Objective function 

The objective function, hereafter referred to as the cost function, is the function that the 

optimization algorithm seeks to minimize over the prediction horizon. The objective 

function can be formulated as the sum of several objectives, where a weight factor for each 

objective is introduced to balance the significance of different objectives.  

• Disturbances 

The disturbance is the uncontrolled inputs to the system. In an example of MPC for buildings, 

the disturbances include not only the weather and occupancy information that affects the 

evolution of system dynamics but also the energy prices (e.g., prices for electricity and 

heating) that are incorporated in the objective functions. The prediction model for 

disturbances can be embedded into a model predictive controller, allowing a real-time 

forecast of disturbances. In this thesis, MPC that incorporates a disturbance prediction model, 

as well as MPC that assumes ideal and known a-priori disturbances, is studied. 

• Constraints 

Constraints can be placed on the system states, control variables, and system outputs to 

reflect the users’ preferences or the system operating limitation. For instance, in the 

application of MPC for buildings, the constraints can be indoor temperature range according 

to occupants’ thermal comfort preference as well as the maximum available heating power 

of the radiator. These constraints can be either soft constraints or hard constraints. 

• Sampling time (𝑻𝒔) 

As shown in Figure 2.2, the sampling time is the time interval in which the control input 

remains constant. Choosing a proper sampling time suitable for the system highly depends 

on the time constant of the controlled system. 

• Prediction horizon (N) 

Prediction horizon, hereafter referred to as the optimization horizon as well, is the time 

window that the model predictive controller “looks ahead” to predict system dynamics and 

optimize the control inputs to minimize the given objective function under constraints.     

• Control horizon (𝑵𝒄) 

Control horizon is the time window that the model predictive controller applies the optimal 

control inputs to the real system or emulator.  Control horizon is shorter or equal to prediction 

horizon (𝑁𝑐  ≤  𝑁). 
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Chapter 3  MPC for Buildings 

This chapter presents the case study of MPC for buildings based on the works in Paper A 

[Implementation and performance analysis of a multi-energy building emulator] and Paper 

B [The Impact of Occupancy Prediction Accuracy on the Performance of Model Predictive 

Control (MPC) in Buildings]. Paper A develops a building emulation model as a virtual 

testbed for MPC implementation and simulation. Paper B develops an MPC strategy for a 

building room integrating an online occupancy prediction model. The influence of 

occupancy disturbance on the performance of MPC for buildings is evaluated. The chapter 

is organized as follows: Section 5.1 introduces the background and motivations, Section 5.2 

reviews the related works on MPC for buildings. Section 5.3 summarizes the contributions 

of the papers. The related works presented in this chapter (Section 5.2) cover the general 

literature review on MPC for buildings, whereas paper A and paper B provide the 

supplementary literature review tailored to the specific research niche of the corresponding 

paper.   

 

3.1  Introduction 

Facing the issue of climate change and global warming, many countries have set ambitious 

goals to achieve carbon neutrality and sustainable development. For instance, Denmark aims 

to phase out fossil fuels by 2050. Increasing the share and penetration of renewable energy 

in total energy consumption is a reliable solution to achieve this goal. Besides, improving 

energy efficiency of the existing energy systems is also a feasible and significant way to 

accelerate the green transition. Globally, buildings account for nearly 40% of total energy 

consumption and around 33% of the world’s CO2 emissions [46,47]. Among building 

services, HVAC systems contribute to approximately 50% of total energy consumption both 

in residential and commercial buildings [46], which highlights the significance of reducing 

energy in buildings especially HVAC systems to retain sustainable development.  

The great potential of enhancing energy efficiency via design, construction, operation, and 

continuous commissioning has been addressed by many previous research studies. In the 

operation stage, advanced control strategies would potentially enable better control 

performance in buildings as compared to conventional control strategies such as PID control. 

It is estimated that these advanced strategies can facilitate up to 5%-30% energy savings 

[48]. One promising advanced control strategy that attracts researchers’ interest is model 

predictive control. Although MPC is originally developed and applied in the process 

industries (e.g., oil refineries, chemical plants) in the late 1970s, it has received considerable 

popularity over the last 10 years in building energy systems due to its reliability and 

outstanding control performance [49]. 
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The concept and fundamentals of MPC have been detailed in chapter 2. Here, Figure 3.1 

illustrates a typical MPC framework tailored for buildings. Tzone is the temperature in the 

building zone. The MPC aims to minimize energy costs related to heat consumption while 

satisfying indoor temperature comfort constraints. First, MPC requires an accurate control-

oriented model to precisely forecast its expected future states (Tzone) for a set of inputs 

(weather and occupancy, etc). Second, with predicted states, given parameters, and a set of 

objectives (minimize energy costs and maintain indoor thermal comfort), MPC will optimize 

control variables (heating power of the radiator) for a specific prediction horizon to reach a 

defined trajectory. Last, instead of implementing optimal control variables over the 

prediction horizon, MPC only applies them within the control time-step and the system will 

undergo a continuous recalibration and optimization process at each time-step based on the 

feedback of predicted and real states of the system. The peculiarities of a predictive model, 

rolling optimization, and feedback correction make MPC a strategy of high control quality 

dealing with constrained optimization as well as exploiting the large thermal inertia of 

buildings to obtain a considerable overall performance.  

 

Figure 3.1: A typical structure of MPC for buildings 

     

Figure 3.2: Building OU44 
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Figure 3.3: Schematic diagram of the energy systems of building OU44 

In this chapter, the case study of MPC for buildings is conducted on a teaching building 

OU44 located in the University of Southern Denmark, which is a living lab equipped with 

numerous sensors for data collection and allows full access to monitor, manage and control 

the building operations [50].  The investigated building and its schematic overview of the 

energy systems are shown in Figure 3.2  and Figure 3.3, respectively. 

3.2  Related works 

Over the last decade, a large block of research works has been done related to building MPC 

in balancing energy consumption and cost, greenhouse gas emissions, occupant thermal 

comfort, etc. There exist some review papers in literature covering building models, MPC 

implementation, influential factors on MPC performance, etc., which provide a brief and 

direct insight into the specific research field of building MPC. Serale et al. [51] reviewed the 

building MPC covering problem formulation, applications, advantages, shortcomings, 

opportunities as well as potentially further research topics proposed. Similarly, Rockett et al. 

[52] detailed MPC for non-domestic buildings from concept to implementation, merits, 

prospectives, challenges, and related works in literature. A more ambitious review aiming 

to provide all information related to MPC for buildings is presented in [53]. Modelling 

techniques utilized in building HVAC control systems were summarized in [54] and 

technologies used to predict building energy consumption were reviewed in [55]. Afram 

reviewed not only control methods, with an emphasis on the theory and applications of MPC 

for HVAC systems [56], but also MPC for HVAC systems using artificial neural network 

(ANN) [57]. A review of utilizing data-driven predictive control to unlock building energy 

flexibility was carried out in [58]. In addition, the significant impact of occupancy on 

building MPC was highlighted and findings from the relevant research papers were 

summarized in [59].  
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Even though MPC for energy-efficient and smart buildings has attracted great attention in 

recent research studies and investigations, some critical issues still need to be handled before 

widely applying it in commercial practice. One of the main challenges largely owes to the 

significant effort required to configure and calibrate the control-oriented model for MPC. 

The control-oriented model is essential for building MPC since it imposes a significant 

impact on the control performance [44]. However, developing a suitable and proper model 

for capturing building dynamics remains challenging. It is deemed a tough and time-

consuming task that can occupy up to 70%-75% of the effort for MPC implementation [52]. 

Reducing the time and expertise for developing such a control-oriented model will therefore 

improve the scalability of MPC. The modeling approaches fall into three main categories, 

namely white-, grey- and black-box model. The white-box model is describing buildings 

explicitly based on detailed physical processes and equations. Thus, the development of a 

white-box model requires the detailed documentation of building properties, which prohibits 

its wide usage. The white-box model is often used as an emulator to represent physical 

building energy systems. Only a few studies have been reported adapting white-box models 

as MPC controllers such as demonstrated in [60–62]. The black-box model is developed 

simply based on the training of input and output data without understanding building physics. 

Such purely data-driven models (e.g., statistical and machine learning) for building MPC are 

reported in [63–65]. The quality and features of the training dataset show a significant impact 

on the accuracy of the black-box model [66]. The grey-box model is a combination of the 

white- and black-box model, which uses partial building physics as the mathematical 

structure and measured data to estimate the parameters of the model. The most 

commonly used grey-box model for buildings is resistance and capacitance (RC) 

networks as highlighted in [67–70]. Comparisons of white-, grey- and black-box models 

for building MPC are reported in [71,72]. Figure 3.4 (a) outlines the difference between 

different model types and Figure 3.4 (b) illustrates an example of the grey-box model for a 

building zone using RC networks. 

      
(a)                                                                 (b) 

Figure 3.4: (a) Comparison of different model types, (b) an example of R2C2 grey-box model [5] 
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Aside from the model type for building MPC, attention should be paid to some other factors 

that affect MPC performance as well. The critical elements and factors of MPC applied to 

buildings and HVAC systems are shown in Figure 3.5. For instance, the impact of weather 

and occupancy disturbances on MPC performance are addressed in [73] and [74], 

respectively. The suitable order of model that enables accurately capturing building 

dynamics is studied in [60,75,76]. The influence of objective function formulation on MPC 

performance is studied in [77]. In addition, Blum et al. [68] systematically studied the 

practical factors affecting MPC performances, those factors involve building design, model 

structure, model order, data set, data quality, identification algorithm, and software tool-

chain, etc. Choosing proper parameters is important for MPC performance and yet remains 

challenging, M. Luzi et al. [78] proposed a methodology for tuning controller parameters to 

identify the optimal parameters of MPC for energy-efficient building.  

Despite that there are some practical implementations of MPC in real buildings reported in 

[67,79–85], commercial applications are lagging behind. The majority of studies still 

investigate MPC via simulation-based numerical experiments. This fact largely owes to the 

barriers of transferring MPC from research simulation to real systems as outlined in [49,86]. 

Those challenges mainly include endeavors to obtain an accurate control-oriented model for 

capturing building dynamics, the difficulty to determine an appropriate MPC setup for a 

specific objective, and the high cost of design and deployment, etc.  

 

Figure 3.5: Critical elements for developing building MPC [53] 

In addition, the model predictive controller is often evaluated by comparing it to a 

conventional controller on a specific building with a particular type of energy system and 



 

MPC FOR BUILDINGS 

16 

 

thermal dynamics. Yet, it remains unclear how the MPC performs compared to other 

advanced controllers on the same building, and whether similar benefits of the MPC can be 

seen in a different building. Closing this research gap will help convince industrial 

companies and foster the wide implementation of MPC in real buildings. To that end, the 

ongoing research project IBPSA Project 1 is developing a simulation framework consisting 

of various high-fidelity building emulators and a software platform that allows users to test 

and benchmark different advanced control algorithms (BOPTEST-Building Optimization 

Performance Test Framework) [87]. 

In this chapter, paper A develops a single-zone emulation model representing the entire 

building, which serves as a virtual testbed for MPC simulation under the scope of BOPTEST.  

Paper B develops an MPC strategy for one study room in building OU44. The MPC 

algorithm has integrated an online occupancy prediction model to evaluate the impact of 

occupancy prediction accuracy on the overall MPC performance. The contribution of paper 

B as compared to the critical elements of building MPC is highlighted in a red dashed 

rectangle in Figure 3.5. 

 

3.3  Main contributions 

The main contributions of paper A are twofold:  

• The first contribution involves the development of a building emulator for a university 

teaching building. The emulator is modelled as a single zone to represent the entire 

building equipped with a hydronic heating loop and a CO2-driven ventilation system. 

Calibration of the emulator is performed using on-site measurements collected from 

various installed sensors. The thermal dynamic of the emulator is evaluated and it is 

BOPTEST-ready and publicly available for potential users to test their customized 

advanced controllers using BOPTEST framework. 

• The second contribution involves revealing the influence of the pressure drop, choice of 

valves, coefficient of PID controllers on the accuracy and simulation time of the single-

zone building emulator.  

The main contributions of paper B are threefold:  

• Many studies use ideal occupancy information as forecast when they evaluate the MPC 

performance for building applications. The first contribution of this paper involves 

incorporating an occupancy prediction model capable of forecasting occupant count into 

the MPC optimization procedure. The MPC using ideal occupancy and MPC using 

occupancy forecast are compared, and corresponding performances are evaluated in 

terms of energy consumption and indoor thermal comfort. This advances the 

understanding of the impact of occupancy on the building MPC, which in turn assists in 
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bridging the gap between academic simulation-based researches to industry practical 

implementation. Numerical experiments indicate that occupancy predictions with low 

accuracy (prediction error) can lead to lower energy consumption at the expense of 

comfort violations.  

• The second contribution involves studying the influence of prediction horizon on the 

MPC performance, results show that the negative influence of occupancy prediction 

error on MPC performance can be partially mitigated by adopting longer optimization 

horizons. 

• The third contribution involves benchmarking MPC with a rule-based controller, more 

specifically a PID controller. Results show an MPC in contrast to a rule-based controller 

demonstrates better indoor thermal comfort and higher energy consumption if there is 

no occupancy prediction error. 
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Chapter 4  MPC for PCM-based Ventilation System 

In this chapter, the case study of MPC for a phase change material (PCM)-based ventilation 

system is presented. This chapter discusses the works in Paper C [Object-oriented Modeling 

and Performance Evaluation of a PCM-based Ventilation System], Paper D [Formulation 

and Implementation of a Model Predictive Control (MPC) Strategy for a PCM-driven 

Building Ventilation Cooling System], and Paper E [A Mixed-integer Model Predictive 

Control Strategy for a PCM-driven Ventilation Cooling System]. In Paper C, an emulation 

model for a PCM-based ventilation system was developed, which was further integrated into 

an MPC framework in paper D and paper E. Paper D and paper E present different MPC 

strategies for the PCM-based ventilation system. Both MPC algorithms were compared to 

an RBC for evaluation. The chapter is organized as follows: Section 5.1 introduces the 

background and motivations, Section 5.2 reviews the related works on MPC for PCM-based 

ventilation systems. Section 5.3 summarizes the contributions of the papers. The related 

works presented in this chapter cover the general literature review on MPC for PCM-based 

ventilation systems, while paper C, paper D, and paper E provide the supplementary 

literature review tailored to the specific research niche of the corresponding papers.  

  

4.1  Introduction 

As highlighted in Section 3.1, buildings are responsible for approximately 40% of total 

energy consumption worldwide, wherein around 50% of the energy is consumed by HVAC 

systems [88]. To that end, facilitating the energy-efficient operation of HVAC systems is of 

significance in terms of retaining global sustainable development. 

The use of thermal energy storage systems (TES) is capable of shifting peak load and 

eliminating the mismatch between the heating or cooling supply with demand. Hence, 

integrating TES with HVAC systems would potentially enhance the overall energy 

efficiency [89]. Such a TES system can be categorized into three types: sensible thermal 

energy storage, latent thermal energy storage (LTES), and thermochemical energy storage. 

The common use of sensible thermal energy storage has been observed with the storage 

medium ranging from water to air, oil, rock bed, etc. Recently, increasing interests have been 

seen in the research community with respect to applying LTES in buildings [90]. LTES 

system can provide high energy storage capacity within a relatively narrow temperature 

range due to the use of phase change materials. One of the key characteristics of PCM is the 

hysteresis during phase change as shown in Figure 4.1, where the PCM melting temperature 

differs from the PCM solidification temperature. Here, the liquid fraction is defined as the 

ratio of the liquid mass over the total mass of the PCM. In addition, partial phase transition 

of PCM often occurs, i.e., the solidification process of PCM starts when the melting process 
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is incomplete and vice versa. In this thesis, the way of modelling the partial phase transition 

feature between the solidification process and the melting process is illustrated with the 

dashed red and dashed blue curves in Figure 4.1, which is similar to the method described 

in [91]. 

 

Figure 4.1: Hysteresis curves of the PCM 

Normally, there are two ways of applying PCM in buildings, i.e., passive and active 

applications. For passive applications, PCM is embedded into the building envelope such as 

walls and ceilings [92]. Alternatively, for active applications, PCM can be used in a stand-

alone heat exchanger, which is capable of providing “free” heating or cooling in combination 

with e.g., solar collectors or air conditioning systems [93]. 

This PCM-based ventilation system presented in this chapter is an active application 

intended for cooling purposes. The investigated system is a valuable asset in regions such as 

Denmark, where heavy insulation of the buildings and a lack of air conditioning systems 

during the summer period often results in frequent violation of indoor thermal comfort. The 

working principle of the investigated PCM-based ventilation system in summer is illustrated 

in Figure 4.2. During the day, PCM extracts heat from the supplied hot ambient air, where 

PCM is subjected to the melting process. Correspondingly, the ambient air is cooled down 

and is further circulated in the building room to lower down the indoor temperature. During 

the night, the cool ambient air is again passing through the PCM, which solidifies via 

releasing heat to the ambient (solidification process of PCM). As a result, PCM regenerates, 

and the process repeats the next day. The PCM panel and layout of the investigated PCM-

based ventilation system are shown in Figure 4.3.  
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(a)                                                                           (b) 

Figure 4.2: (a) Melting process of PCM and (b) solidification process of PCM 

 

                    

(a)                                                                          (b) 

Figure 4.3: (a) PCM panel and  (b) PCM-based ventilation system 

 

4.2  Related works 

In the literature, Navarro et al. reviewed the use of both passive TES  [94] and active TES 

[95] in buildings, which highlights the viability of PCM-based LTES for both passive and 

active applications in buildings. In addition, a review with a focus on the passive applications 

of PCM for enhancing building energy efficiency is presented in [96]. PCM-based 

technologies for cooling purposes are summarized in [97–99]. 

In relation to MPC for thermal storage systems, a systematic review is detailed in [100]. 

Recent literature shows a large block of works concerning MPC controlling conventional 

HVAC systems, for instance, the studies reported in [101–104]. However, the study on MPC 

for PCM-based thermal energy storage systems and its integration with HVAC is still limited. 

Numerical and experimental investigations of MPC for buildings employing PCM were 

conducted in [105]. However, this work focuses on the passive application of PCM in 
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buildings, where the PCM was embedded in the building envelopes instead of working as a 

stand-alone energy storage unit. The proposed MPC strategy is reported to enable a 20.4% 

and 21.6% peak reduction of heat demand for the first and second tested day, respectively. 

Often, passive PCM application offers less flexibility to be controlled compared to active 

PCM applications [90]. Serale et al. [106] applied MPC on a hybrid heating system 

consisting of PCM coupled solar collectors and a backup electric heater. Their work shows 

that MPC outperforms classical RBC regulation with energy demand reductions from 19.2% 

to 31.8% depending on controller setup. Gholamibozanjani et al. [107] proposed an MPC 

strategy of a PCM heat exchanger for heating. The influence of building type, prediction 

horizon, decision time step, and PCM mass capacity on the overall MPC performance was 

studied. Their work aimed to utilize PCM and solar collectors to meet the prescribed heating 

demand of the building, which is calculated offline in advance. Such an MPC configuration 

is incapable of demonstrating indoor temperature evolution. Fiorentini et al. [108] presented 

a practical implementation of a mixed-integer MPC for both heating and cooling using air-

based photovoltaic thermal collectors accompanied with a PCM thermal storage system. The 

investigated system shows the switching dynamics of different operation modes. The 

proposed approach demonstrates high performance in optimizing the operation of a 

multimode HVAC system. However, the MPC was not benchmarked against RBC to 

manifest the advantages of MPC compared to conventional controllers. 

In this chapter, the MPC for a PCM-based ventilation cooling system is studied. In an effort 

to implement MPC simulation for such a system, an emulator representing the physical 

system is required. Hence, paper C deals with the emulator development in accordance with 

the PCM panel and system layout shown in Figure 4.3. Based on the emulator in paper C, 

Paper D formulated a nonlinear MPC with multi-stage optimization controlling the air flow 

rate of the PCM-based ventilation system. In addition, paper E presents a mixed-integer 

linear MPC for the system aiming to optimally control different operation modes. Both MPC 

algorithms were compared to an identical RBC to evaluate the benefits of MPC and compare 

the influence of the MPC setups on its control performance. 

 

4.3  Main contributions 

The main contributions of paper C are twofold:  

• The first contribution involves the development of a one-dimensional PCM model 

considering partial phase transition. The developed PCM model is further used as a 

module to develop a PCM-based ventilation cooling system. The ventilation system 

model is validated based on experimental data, demonstrating its accuracy in capturing 

the thermal dynamics of the specific PCM designed for the cooling application. The 
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model for the PCM-based ventilation system is made publicly available, allowing 

potential users to utilize the model as an emulator/virtual testbed for numerical 

experiments for various purposes. In addition, the model is parameterizable, users can 

readily adjust the model to align with their system parameters.  

• The second contribution involves the methodology for model calibration. A sensitivity 

analysis is first applied to identify the most influential parameters on the model accuracy. 

Next, among the most influential parameters, selected parameters with potential errors 

are estimated to match the experimental data, resulting in an improvement of model 

accuracy. This approach is transferable in the system identification process of similar 

applications.   

The main contributions of paper D are twofold:  

• The first contribution involves the development of a nonlinear MPC for a PCM-based 

ventilation cooling system. The PCM-based ventilation system has four operation modes. 

This nonlinear MPC is performing multi-stage optimization, where the operation mode 

is decided by the predefined rules. The MPC aims to manipulate the airflow rate to 

minimize energy consumption and indoor temperature violation. 

• The second contribution involves a comparison of the MPC with an RBC. The 

performance of the MPC is evaluated. Simulation results show that the PCM-based 

ventilation cooling system allows mitigating indoor zone thermal discomfort, but its 

effect is limited by the weather conditions. In addition, MPC can achieve less energy 

consumption, but it does not necessarily result in less thermal discomfort as compared 

to RBC. 

The main contributions of paper E are threefold: 

• The first contribution involves the development of a mixed-integer linear MPC for a 

PCM-based ventilation cooling system. The PCM-based ventilation system has four 

operation modes. The mixed-integer linear MPC aims to optimally dispatch different 

operation modes to achieve multiple objectives, i.e., minimize operation costs, indoor 

thermal discomfort, and regenerate PCM properly. The formulation method of such an 

MPC is valuable and transferable to similar applications.  

• The second contribution involves comparing the developed MPC with an RBC, 

demonstrating the MPC outperforms RBC in such a setup in terms of both energy cost 

reduction and thermal discomfort reduction. This comparison contributes to convincing 

potential stakeholders to move towards practical implementation of MPC for such a 

PCM-based ventilation system.  

• The third contribution involves studying the influence of ambient air temperature, solar 

radiation, number of occupants in the room, and PCM mass on the control performance 

under both MPC and RBC regulations. Results indicate that ambient temperature 

influences control performance the most among the investigated disturbances. The 
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ambient temperature imposes the limitation of the cooling effect of a PCM-based 

ventilation system under both MPC and RBC regulation as the control performance 

highly relies on the ambient temperature. Besides, Increasing PCM mass alone is 

incapable of removing thermal discomfort for both MPC and RBC regulation, showing 

that the PCM-based ventilation system has to be finely tuned for specific climate 

conditions to fully exploit the achievable benefits of MPC. These findings contribute to 

giving recommendations to stakeholders on what should be considered at the design 

stage if seeking a PCM-based ventilation system with high MPC control performance. 

Last but not the least, paper D and paper developed different MPC algorithms for the same 

system, and MPC performance was evaluated by comparing to an identical RBC. The mixed-

integer linear MPC achieves more favorable system operation efficiency. This highlights the 

significant influence of MPC setups (i.e. the way how the MPC is formulated) on the overall 

control performance.  
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Chapter 5   MPC for Greenhouse Energy Systems 

This chapter presents the case study of MPC for greenhouse energy systems. To that end, 

this chapter is organized as follows: Section 5.1 introduces the background and motivations, 

Section 5.2 reviews the related works on MPC for the greenhouse energy systems. Section 

5.3 details the control and emulation models developed for the case study. Section 5.4 

demonstrates an economic MPC for the production scheduling of the greenhouse energy 

systems. Section 5.5 summarizes the contributions of this chapter.  

 

5.1  Introduction 

Globally, the agriculture sector accounts for around one-third of greenhouse gas emissions, 

wherein most of the emissions are attributed to industrial agriculture [109]. In Europe, the 

agriculture sector consumes 3.3 % of final energy in 2019 (Figure 5.1). Among European 

Union, Netherland (NL) has the highest share of agriculture in energy consumption (8.9%), 

while in Denmark (DK) agriculture made up 4.3% of final energy consumption [110]. 

Although it is a relatively small share compared to some other sectors such as buildings, the 

agriculture sector features depletion of non-renewable energy resources since it primarily 

consumes a large amount of fossil fuels for daily operation [110]. These facts highlight the 

significance of enabling energy-efficient operation in the agriculture sector to accelerate the 

carbon-neutral and green energy transition. 

 

Figure 5.1: Share of energy consumption by agriculture in final energy consumption, EU, 2019 [110] 

Controlled environment agriculture, such as commercial greenhouses, is an important way 

to cultivate crops including vegetables, fruits, and flowers, etc., especially in regions where 

the natural climate is insufficient to provide optimal conditions for crop growth. As such, 

the common use of commercial greenhouses makes it one of the most energy-consuming 

facilities in the agriculture sector [111].  
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As illustrated in Figure 5.2, greenhouse climate compartments and greenhouse energy 

systems are two main subsystems in commercial greenhouses. Crops cultivated in 

greenhouse climate compartments require specific indoor temperature, illuminance, CO2 

concentrations, humidity levels, etc., to ensure high crop quality and productivity. Heating, 

cooling, and electricity demand are usually requested to regulate the microclimate of 

greenhouse climate compartment at favorable conditions for crops growing. These demands 

are secured by greenhouse energy systems. Hence, coordination of greenhouse climate 

compartments and energy systems is frequently needed and this calls for optimal operation 

of both parts. On the other hand, the cost associated with energy consumption is usually the 

second largest cost in the greenhouse industry while labor cost takes the first place [112]. In 

regions with extreme climatic conditions, the share of energy costs for heating and cooling 

greenhouses can be as high as 70-85% of total operation costs [113]. These facts highlight 

the necessity of enabling energy-efficient operation and reducing energy costs in the 

greenhouses industry. 

 

Figure 5.2: Representation of greenhouse systems [114]  

Normally, energy systems in a greenhouse entail units for energy conversion and storage. 

Typical greenhouse energy systems are combined heat and power plant (CHP), heat pump 

(HP), gas boiler (GB), district heating network (DH), thermal energy storage systems (TES), 

etc. CHP is commonly used in the greenhouse industry, not only because it supplies heat, 

but also due to the fact that electricity production by CHP is capable of cutting down 

electricity purchases from the electrical grid. Apart from these, some greenhouses install 

aquifer thermal energy storage systems (ATES) enabling the possibility of seasonal energy 

storage to be applied in the greenhouse industry. Utilizing renewable energy resources in the 

greenhouse industry is viable as well, for instance, photovoltaics (PV) [115–117], solar 

collectors [118–120].  

The multi-energy systems characterize greenhouse energy systems as an energy hub as 

illustrated in Figure 5.3.  The energy hub is defined as a unit that exhibits the features of the 
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input, output, conversion, and storage of multiple energy carriers [121,122]. Such an energy 

hub structure imposes the degree of freedom of choosing different energy sources to meet 

energy demand. However, full exploitation of freedom and flexibility requires suitable 

optimization and control strategies.  

 

Figure 5.3: Schematics of a representative structure of energy hub. 

The inherent coupling and interconnection between different subsystems make the 

greenhouse an extremely complex system with multi-input and multi-output. This challenges 

conventional control strategies such as RBC to achieve multi-objective to optimal levels. In 

order to improve energy efficiency, reduce energy costs, ensure crop quality and yields, and 

accelerate the sustainable transition in the modern commercial greenhouse industry, 

advanced control strategies potentially provide a solution to optimally manage various 

energy resources. Advanced control strategies combined with multi-objective optimization 

can guarantee optimal crop growing conditions while simultaneously providing a dispatch 

plan for the greenhouse energy systems ensuring minimal energy costs. Model predictive 

control, as one of the advanced control strategies that have been extensively seen to 

outperform conventional control strategies [123], is chosen and presented in this chapter.  

The focus of this chapter lies in model predictive control for greenhouse energy systems, 

whereas management of greenhouse climate compartments is out of scope. The interaction 

between greenhouse energy systems and climate compartments is simplified by ensuring 

that the energy system can provide the requested energy demand from greenhouse climate 

compartments, which is computed online or offline. More specifically,  we aim to develop 

an MPC strategy for managing greenhouse energy systems enabling minimal energy cost 

and simultaneously meeting energy demand from greenhouse climate compartments.  
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5.2  Related works 

Over time, there are some published review papers in literature with respect to energy 

efficiency and control of greenhouse-related fields. Engler et al. [109] reviewed energy 

efficiency in controlled environment agriculture. Cuce et al. [124] reviewed the renewable 

and sustainable energy-saving strategies for greenhouse systems. Ding et al. [125] reviewed 

the application of model predictive control in agriculture fields. In particular, the focus was 

placed on irrigation systems, agricultural machinery, agricultural production, product 

processing, and greenhouses. They concluded that significant productivity and efficiency 

benefits can be expected if applying MPC to these agricultural processes or systems. Iddio 

et al. [126] reviewed the application of different control algorithms in greenhouse studies 

and found that model predictive control, as one of the optimal control strategies, is the most 

popularly used by researchers reported from 1998 to 2018. In addition, a comprehensive 

review of model predictive control review for greenhouses is detailed in [127].  

However, most of the research studies focused on MPC for greenhouse climate compartment 

control, where the focus is to control the key microclimate parameters for crops cultivation. 

These parameters are aforementioned indoor temperature, illuminance, CO2 concentrations, 

humidity levels, etc. Some examples of MPC for greenhouse climate control can be found 

in [128–132]. Yet, the number of studies on MPC for greenhouse energy systems planning 

is limited.  

P.J.M. van Beveren et al. [133] investigated the optimal utilization of a boiler, CHP, and a 

heat buffer deployed in a horticulture greenhouse to minimize cost via resource allocation. 

They implemented the optimal solution in the physical system and demonstrated the benefits 

of optimal control as compared to the grower’s current operating schedule. However, their 

study focuses on optimal control problems in general instead of specifically MPC. A similar 

study in relation to optimal control of greenhouse energy systems with renewable energy 

sources is presented in [134]. An MPC strategy for the greenhouse energy system was 

proposed in [135], aiming to track predefined indoor temperature of greenhouse climate 

compartments. However, this study only presents one controllable energy system, i.e. a 

ground-coupled heat pump (GCHP). To the best of the author’s knowledge, MPC dedicated 

to greenhouse multi-energy system planning has not yet been reported.  

The greenhouse energy systems are identified as energy hubs. There are many studies in the 

literature reporting optimal control of different energy hubs, which serve as significant 

references for the optimal control of greenhouse energy systems. Mohammadi et. al  [136] 

presented a holistic review of energy hubs ranging from concept definition to applications 

and optimal management. Pazouki et al. [137] investigated the optimal planning and 

scheduling of an energy hub consisting of CHP, boiler, wind turbine, electric and thermal 

energy storage systems. They formulated a mixed-integer linear programming (MILP) 

strategy for optimizing the energy hub under different season scenarios and analyzed the 
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functionality of each subsystem in the energy hub in terms of delivering electricity and heat 

demand. Similarly, Wang et al. [138] developed the energy hub model consisting of PV, 

CHP, boiler, HP, battery, and thermal energy storage systems. The proposed MILP 

optimization results in a significant reduction of energy cost and CO2 emissions as compared 

to the system without employing energy hub and optimization. Cheng et al. [139] proposed 

an MPC for an energy hub enabling multi-time scale coordination and optimization, through 

which they suggested proper system and capacity to be installed in the energy hub. The 

simulation results show this approach demonstrates an economic benefit and ability to 

accommodate the uncertainty of variable energy resources and mitigate grid fluctuation 

simultaneously. In addition, similar works on mathematical modeling of multi-energy 

systems using the energy hub concept and corresponding MPC implementation can be found 

in [140–142]. 

In this chapter, the control and emulation models for greenhouse energy systems are first 

presented, followed by an economic MPC for greenhouse energy system planning based on 

the energy hub concept.  

 

5.3  Control and emulation models 

To facilitate simulation of the model predictive control, two types of models are developed, 

i.e., control model and emulation model. The control model and emulation models presented 

in this section are part of work attributed to the project Greenhouse Industry 4.0 [114], which 

aims to develop a genetic algorithm-based MPC for greenhouse energy system planning on 

the three selected Danish grower sites (Hjortebjerg, Knud Jepsen, and ByGrowers). 

Considering the inherent complexity and diversity of greenhouse energy systems at each 

grower site, a two-step approach is therefore adopted. Generic control and emulation models 

for greenhouse energy systems are first developed to demonstrate the application of MPC 

for greenhouse energy systems. Then, the emulation models are tailored to represent the 

specific energy systems of each grower. 

In this context, the generic models are made simple, adaptable, and parameterizable, i.e., 

they can be customized to match new system size and characteristics, which allows them to 

be readily adapted to different types of greenhouse energy systems. The object-oriented 

modelling language Modelica is thus a good candidate for developing such reusable models. 

The control and emulation models are both developed in Modelica-based modeling and 

simulation platform Dymola [41]. 

In this section, the generic control and emulation models are described. In addition, an 

example of a more detailed emulation model with complex system dynamics is presented. 

These models are created largely based on the system features of a Danish greenhouse 
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grower Kund Jepsen. The models presented in this section utilize Modelica Standard Library 

(MSL), Buildings library [143], and Greenhouses library [144].  

5.3.1 Generic control models 

The generic control models are a set of five typical components commonly found in 

greenhouse energy systems, i.e., combined heat and power plant, heat pump, gas boiler, 

district heating network, and a thermal energy storage system. The graphical user interfaces 

and the corresponding inputs/outputs structure of each component are illustrated in Figure 

5.4 and Figure 5.5, respectively. Table 5.1 summarizes the physical meaning of the inputs 

and outputs used in each component while Table 5.2 details the parameters used in each 

component.  

 

Figure 5.4: The graphical user interface of the generic control models 

 

Figure 5.5: Inputs and outputs of the generic control models 

• Combined heat and power plant (CHP) 

The generic natural gas-based CHP is modelled based on the following equations: 
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𝑃ℎ,𝑐ℎ𝑝 =  𝐿𝐹𝑐ℎ𝑝 ∙ 𝑃𝑛𝑜𝑟𝑚,𝑐ℎ𝑝 ∙ 𝜂𝑡ℎ   (5.1) 

𝑃𝑒,𝑐ℎ𝑝 =  𝐿𝐹𝑐ℎ𝑝 ∙ 𝑃𝑛𝑜𝑟𝑚,𝑐ℎ𝑝 ∙ 𝜂𝑒𝑙   (5.2) 

𝑚𝑐ℎ𝑝 ∙ 𝐻𝑉𝑔𝑎𝑠 ∙ 𝜂𝑐 =  𝐿𝐹𝑐ℎ𝑝 ∙ 𝑃𝑛𝑜𝑟𝑚,𝑐ℎ𝑝 (5.3) 

Where 𝑃𝑛𝑜𝑟𝑚,𝑐ℎ𝑝 is the nominal power of CHP, 𝜂𝑡ℎ  is the heat efficiency, 𝜂𝑒𝑙  is the 

electricity efficiency, 𝐻𝑉𝑔𝑎𝑠 is the low heating value of natural gas, 𝜂𝑐  is the natural gas 

combustion efficiency. Combusting natural gas to produce heat and power, the CHP has an 

operational range defined by 𝐿𝐹𝑐ℎ𝑝 in the range of 0 to 1. The generic CHP model does not 

consider efficiency variation with different load factors. Hence, electricity efficiency and 

heat efficiency are considered constant in the model. 

• Gas boiler (GB) 

Similar to the CHP model, the generic GB model is developed using the following equations:  

𝑃ℎ,𝑔𝑏 =  𝐿𝐹𝑔𝑏 ∙ 𝑃𝑛𝑜𝑟𝑚,𝑔𝑏 (5.4) 

𝑚𝑔𝑏 ∙ 𝐻𝑉𝑔𝑎𝑠 ∙ 𝜂𝑐 =  𝐿𝐹𝑔𝑏 ∙ 𝑃𝑛𝑜𝑟𝑚,𝑔𝑏 (5.5) 

Where 𝑃𝑛𝑜𝑟𝑚,𝑔𝑏 is the nominal power of GB. Similar to CHP, the GB has a load factor 

ranging from 0 to 1.  

• Heat pump (HP) 

The generic HP is modelled based on the equation below: 

𝑃𝑒,ℎ𝑝 =  
𝑃ℎ,ℎ𝑝

𝐶𝑂𝑃
 

(5.6) 

The HP model does not consider part-load operation. When HP is off (the input OnOffhp =0), 

the heat produced by HP and the electric power consumed by HP are both zero. When HP is 

on (OnOffhp =1), a constant coefficient of performance (COP=4) is applied. The model input 

Tsource  is kept to enable the possibility for model users to identify COP value as a function of 

water temperature at the inlet of the evaporator. An instance of such a function can be found 

in [145]. 

• District heating network (DH) 

The generic DH model serves as an ideal heat source where the grower can request heating 

demand from the district heating network when needed. 

𝑃𝑑ℎ =  𝑃𝑑ℎ,𝑟𝑒 ∙ 𝜂𝑑ℎ (5.7) 

 

Where 𝜂𝑑ℎ  is the district heating network efficiency considering heat loss in heat exchangers. 
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• Thermal energy storage (TES) 

The thermal energy storage tank can not only store all heat produced by CHP, HP, GB, DH, 

but also supply heat to the greenhouse compartments. The heat dynamics of the generic TES 

model is governed by a first-order differential equation: 

𝐶𝑇𝐸𝑆 ∙
𝑑𝑇𝑇𝐸𝑆

𝑑𝑡
=  𝑃ℎ,𝑐ℎ𝑝 +  𝑃ℎ,𝑔𝑏 + 𝑃ℎ,ℎ𝑝 + 𝑃𝑑ℎ − 𝑃𝑔ℎ (5.8) 

Where 𝐶𝑇𝐸𝑆 is the heat capacity of the TES. The generic TES assumes one lumped thermal 

mass and evenly distributed water temperature in the buffer tank. Heat loss from the TES to 

ambient is neglected. 𝑇𝑖𝑛𝑖𝑡 is implemented as model input to allow users to define the initial 

water temperature of TES. The output 𝑄𝑇𝐸𝑆 represents the stored energy in TES and it is 

calculated based on the reference temperature (𝑇𝑟𝑒𝑓) which defines zero energy in the TES: 

𝑄𝑇𝐸𝑆 = 𝐶𝑇𝐸𝑆 ∙ (𝑇𝑖𝑛𝑖𝑡 − 𝑇𝑟𝑒𝑓)  + ∫ (𝑃ℎ,𝑐ℎ𝑝 + 𝑃ℎ,𝑔𝑏 + 𝑃ℎ,ℎ𝑝 +  𝑃𝑑ℎ − 𝑃𝑔ℎ)𝑑𝑡
𝑡

0

 (5.9) 

𝐶𝑇𝐸𝑆  and 𝑇𝑟𝑒𝑓  remain unknown, and it is, therefore, necessary to conduct parameter 

estimation using the measured data from the Danish greenhouse grower Kund Jepsen. The 

system identification is conducted using Modestpy – a python-based parameter estimation 

package [45], which attempts to minimize the root mean square error (RMSE) between 

simulation and measurement using a genetic algorithm. The model was trained and validated 

using data from 2020-03-01 to 2020-03-15 and data from 2020-03-16 to 2020-03-31, 

respectively. Validation results are shown in Figure 5.6. Estimated value for 𝐶𝑇𝐸𝑆 and 𝑇𝑟𝑒𝑓 

are 5.686e9 J/K and 42.5°C, respectively. 

Table 5.1: Nomenclature of inputs and outputs in control models 

Symbol Unit Range Description 
LFchp [-] [0, 1] Load factor of CHP 
LFgb [-] [0, 1] Load factor of GB 
OnOffhp [-] {0,1} Switching on/off status of HP 

Tsource [°C] [20, 50] Water temperature at the inlet of the evaporator 
Ph,chp [MW] [0, 4] Heat power produced by CHP 

Ph,hp [kW] [0, 500] Heat power produced by HP 
Ph,gb [MW] [0, 7] Heat power produced by gas boiler 

Pdh,re [MW] [0, 6] Request district heating power from DH  

Pdh [MW] [0, 6] Obtained district heating power from DH  
Pgh [MW] [0, 10] Greenhouse heat demand 

Tinit [°C] [42.5, 90] The initial temperature of TES 
Pe,chp [MW] [0, 4] Electric power produced by CHP 

mchp [kg/s] [0, 0.12] Gas mass flow rate consumed by CHP 

mgb [kg/s] [0, 0.194] Gas mass flow rate consumed by gas boiler 
Pe,hp [kW] [0, 125] Electric power consumed by HP 

TTES [°C] [42.5, 83.65] Water temperature of TES 
QTES [MWh] [0, 65] Stored energy in TES 
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Table 5.2: Nomenclature of parameters in control models 

Symbol Unit Values Description 
Pnorm, chp [MW] 4 Nominal power of CHP 
ηel [-] 0.7 Electricity efficiency of CHP 
ηth [-] 0.3 Heat efficiency of CHP 

ηc [-] 0.9 Natural gas combustion efficiency 

HVgas [J/kg] 4e7 Low heating value of natural gas 
COP [-] 4 Coefficient of performance of HP 

Pnorm, gb [MW] 7 Nominal power of GB 
ηdh [-] 0.9 District heating network heat exchanger 

efficiency  

 

Figure 5.6: Measured vs. simulated TES temperature and stored energy (orange - model 

predictions, blue - measurements) 

5.3.2 Generic emulation model 

The generic emulation model is developed based on the energy system schematics illustrated 

in Figure 5.7. Complying with the operation scheme of energy systems at Kund Jepsen, the 

heat produced by each energy subsystem is entirely delivered to the thermal energy storage 

tank, the electric power produced by CHP will be sold to the electrical grid. On the other 

hand, the greenhouse will extract heat directly from the thermal energy storage tank, and it 

will purchase electricity from the grid upon demand. The electricity buying price is normally 

higher than the selling price due to the additional costs of tariffs, levies, etc. The thermal 

storage tank enables the most flexibility from greenhouse energy systems, it can be used to 

store excess heat production, and discharge to the greenhouse via supplying hot water to 

eliminate the mismatch between energy demand and energy supply. 

The generic emulation model is identical to the generic control model. The control models 

are connected based on Figure 5.7 and used within the emulator to simulate the physics of 
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the individual components of the energy systems. Inputs and outputs of the emulator are 

illustrated in Figure 5.8.  

 

Figure 5.7: Schematics overview of the generic energy systems 

 

Figure 5.8: Greenhouse energy system emulator implemented in Dymola/Modelica 
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Rather than validating the emulator against the real system in every detailed aspect, 

verification of the emulator is performed to attest the rationality when simulating with given 

inputs. More specifically, we use the data from on-site measurements as the inputs to the 

emulator and analyze whether the outputs fall into a reasonable value range. To that end, the 

emulator has been simulated for 3 days (from 2020-03-01 to 2020-03-03) for verification 

(Figure 5.9). Input data are load factor of CHP, district heating power, and greenhouse heat 

demand. The HP and GB are switched off during the verification period. The initial TES 

temperature is assumed to be 60 °C. Outputs for verification are 𝑇𝑇𝐸𝑆 and 𝑄𝑇𝐸𝑆 respectively. 

The simulation results show that the emulator produces reasonable outputs. 𝑇𝑇𝐸𝑆 , as well as 

𝑄𝑇𝐸𝑆, increases and decreases expectedly as a result of the combined influence of varying 

inputs.  In addition, a similar verification process has been furtherly done with HP and GB 

running, showing a reasonable set of output values. 

 

Figure 5.9: Verification of emulator for three days (blue curve- input, orange curve - output) 
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5.3.3 Emulation model for Kund Jepsen 

The numerical simulation of an MPC algorithm necessitates an emulator that can mimic the 

physical system behavior as closely as possible. The generic emulator is incapable of 

representing specific energy systems at each grower site. To that end, in this section, a more 

detailed emulator for the energy systems at Kund Jepsen is presented. The chosen grower 

has a connection to a district heating network and has four CHP (1x2MW and 3x1MW), four 

HP (4x500kW), one GB (7MW), and two TES. The corresponding system schematics are 

shown in Figure 5.10. CHP, GB, DH are operating in parallel while CHP and HP are running 

in series. There are two ways of utilizing the heat produced by each energy subsystem, i.e., 

it can either be stored in the small TES or directly supplied to the greenhouse compartments. 

It is possible to supply heat to both simultaneously, where the heat distribution ratio between 

the two is controlled by the grower. The electricity produced by CHP will be entirely sold 

to the electrical grid, whereas the greenhouse will purchase electricity from the grid upon 

demand. The small TES supplies heat to the greenhouse compartments, while the big TES 

aims to store surplus heat from the small TES and release heat to the small TES when 

necessary.  

 

Figure 5.10: Schematics overview of the energy systems at Kund Jepsen 

The development of the more detailed emulator involves three main steps: First, each 

component of the energy system is updated with more detailed physics as compared to the 

generic version presented above. Second, the updated components are connected to 

formulate an emulator according to the system schematics in Figure 5.10. Next, the data 

from on-site measurements are derived and used to validate the emulator.  
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The following features of each component of the energy system are added as compared to 

the generic models: 

• Fluid dynamics is implemented in CHP, HP. GB, DH, and TES models. To achieve this, 

the component Buildings.Fluid.HeatExchangers.HeaterCooler_u is used as an ideal 

heater or cooler with a prescribed heat flow rate.  

• Ramp time for CHP, HP, DH and GB are implemented, ramp time for CHP, HP, DH, 

GB are 10 minutes, 5 minutes, 20 minutes and 5 minutes, respectively. The different 

values for the ramp times correspond to the specifications for each component provided 

by the grower. 

• Temperature stratification is modelled in both TES. 

• The electricity efficiency (𝜂𝑒𝑙) and heat efficiency (𝜂𝑡ℎ) of CHP are both 0.5. 

The four CHP are aggregated into one CHP by summing up the total capacity. Similarly, the 

four HP are lumped as one HP that is four times the capacity of the original HP. Given the 

similar changes implemented for CHP, HP, GB, and DH,  a similar modelling approach is 

applied for each energy unit using the same Modelica components from Modelica Standard 

Library and Buildings Library. Here, a representative example of the updated CHP model is 

shown in Figure 5.11.  

 

Figure 5.11: Emulation model of CHP implemented in Dymola 

The TES is modelled as a stratified water storage tank based on the component from 

Buildings.Storage.Stratified. This standard component from the Buildings library is 

modified and customized for the emulator. These modifications include: (1) enabling 

different initial temperatures for each of the fluid layers and (2) enabling different thermal 

conductances for each fluid layer for the calculation of heat transfer between two adjacent 

layers. The updated TES model is shown in Figure 5.12.  
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Figure 5.12: Emulation model of TES implemented in Dymola 

 

Figure 5.13: Emulation model for Kund Jepsen developed in Dymola 
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The developed emulator is shown in Figure 5.13. Apart from the system layout information 

given in Figure 5.10, several assumptions (hereafter referred to as “assumption set one”) are 

made when connecting energy substems as an emulator:  

• The charge and discharge between the two TES are done through a heat exchanger, 

which assumes an ideal heat exchanger effectiveness of 1.  

• The TES uses the configuration of direct charge and discharge, meaning that there are 

no internal heat exchangers in the TES.  

• The TES does not consider heat loss to the ambient. 

• For the small TES, when energy production units run, cold water from the bottom layer 

is extracted and hot water is either supplied to the greenhouse compartment directly or 

returned to the top layer. When the small TES supplies heat to the greenhouse 

compartment, hot water from the top layer is extracted and the same amount of cold 

water returns to the bottom layer. When the small TES charges the big TES, hot water 

from the top layer of small TES flows out and the same amount of cold water returns to 

the bottom layer, and vice versa. 

• For the big TES, when it charges the small TES, hot water from the top layer of the big 

TES flows out and the same amount of cold water returns to the bottom layer, and vice 

versa. 

Here, when the small TES charges the big TES, the water flow directions for both loops are 

highlighted in red curves in Figure 5.13. Likewise, when the big TES charges the small TES, 

the water flow directions for both loops are highlighted in green curves in Figure 5.13.  

To perform system validation, the developed emulator is simulated with given inputs, and 

the simulated water temperatures of the two TES are compared with measurements. Since 

both TES are equipped with 25 temperature sensors evenly distributed along the height of 

the tanks, the simplified TES models with five stratified layers are utilized in the emulator, 

where the temperature of each simplified layer corresponds to the averaged temperature of 

five layers from the original measurements. The emulator is validated using data in March 

2020. The inputs for validation are highlighted in Figure 5.13. However, the water mass flow 

rate of each hydronic branch is not available from the measurements, it is thus needed to 

manually calculate these inputs with available measurements. The available measurements 

include district heating power (𝑃𝑑ℎ), CHP heat power production (sum of heat produced by 

all four CHP, 𝑃ℎ,𝑐ℎ𝑝 ), heat power supplied from production directly to greenhouse 

compartments ( 𝑃𝑔ℎ,𝑒𝑠 ), heat power supplied from the small TES to greenhouse 

compartments (𝑃𝑔ℎ,𝑡𝑒𝑠) and the heat power that the big TES is charged by the small TES 

(𝑃𝑛𝑒𝑡,𝑏). Negative values for 𝑃𝑛𝑒𝑡,𝑏 represent the process that the big TES charges the small 

TES. One-month data of these measurements are presented in Figure 5.14. 
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Figure 5.14: Measured data in March 2020 

To compute mass flow rates at key locations based on the available measurements of power 

consumption, the following assumptions (hereafter referred to as “assumption set two”) are 

made: 

• Outlet water temperature HP, GB, and DH (highlighted as Thp, Tgb, and Tdh in Figure 

5.13) equal the top layer water temperature of the small TES.  

• The return water temperature from the greenhouse compartment equals the bottom 

layer water temperature of the small TES. 

• When the big TES charges the small TES, the water in the small TES loop is heated 

up and it is assumed to equal the water temperature at the top layer of the small TES. 

Similarly, the water in the big TES loop is cooled down to the same temperature at 

the bottom layer of the big TES.  

• When the small TES charges the big TES,  the water in the small TES loop is cooled 

down to the same temperature at the bottom layer of the small TES. The water in the 

big TES loop is heated up to the same temperature at the top layer of the big TES. 

As a result, the calculated inputs are shown in Figure 5.15. The load factor of CHP (LFchp) 

is calculated by mapping the energy production of the four CHPs to the lumped CHP. This 

applies to HP as well. Given the known heat power of each hydronic branch and the 
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assumptions for inlet/outlet temperature, the corresponding mass flowrate of each hydronic 

branch is calculated simply based on energy balance. The physical meaning of each 

calculated mass flowrate is illustrated in Figure 5.13. It should be noted that the negative 

values of mb,tes and ms,tes represent reversed water flow directions compared to the process 

that small TES charge the big TES. It can be noted that GB and HP are switched off for the 

entire month in March 2020. The emulator is simulated using the aforementioned inputs. 

 

Figure 5.15: Calculated inputs for emulator validation. 

The simulated small and big TES water temperatures of different layers are compared with 

measurements in Figure 5.16 and Figure 5.17, respectively. T1 to T5 represents the water 

temperature from the top layer to the bottom layer. It is observed from Figure 5.16 and Figure 

5.17 that the developed TES model is capable of demonstrating the stratified feature of the 

water temperature. However, the inaccuracy between emulator simulation results and 

measurements is found nontrivial. The culprits of a less accurate emulator can largely trace 

back to all the assumptions (assumption sets one and two) presented above in the procedures 

of connecting energy systems as an emulator and calculating inputs for emulator validation.  

To compensate for the missing data and information about the actual systems of the growers, 

it is needed to make these assumptions. 
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Figure 5.16: Comparison of simulated water temperature with measurements for the small TES 

 

Figure 5.17: Comparison of simulated water temperature with measurements for the big TES 
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Among them, some assumptions should be emphasized as they are likely more influential 

than others on the emulator accuracy. First, the water heated up by CHP, HP, GB, and DH 

is assumed to have the same temperature as the top layer of the small TES. In practice, this 

temperature could probably be higher than the top layer water temperature to accommodate 

more added heat power to the small TES. Second, the retuning water temperature from 

greenhouse compartments is assumed to be the same as the bottom layer water temperature 

of the small TES. However, the grower has three main greenhouse compartments, and each 

of them has an individual returning water branch with a specific temperature and mass flow 

rate. Third, the assumptions for the charge and discharge between two TES are likely 

insufficient to capture the accurate thermal dynamics. In addition, both TES are modelled as 

a five-layer stratified water tank, where 25 layers are monitored in reality. Choosing a proper 

number of layers for the TES models can potentially lead to accuracy improvement of the 

emulator.  

Future work will be focused on improving the emulator accuracy. In particular, significant 

efforts should be made to access more system operation information and data, which will 

be used to verify the assumptions and update the emulation model accordingly. 

 

5.4  Demonstration of MPC for greenhouse energy systems  

In this section, an economic MPC algorithm is developed based on the energy hub model to 

demonstrate the feasibility of MPC for greenhouse energy system planning. The MPC 

algorithm aims to minimize the energy cost through smartly dispatching energy systems and 

utilizing the thermal storage tank to balance energy production and consumption.  

5.4.1 Model predictive controller 

The developed MPC controller consisting of the control model, emulation model, 

disturbances, constraints, and objective is detailed as follows: 

• Control and emulation model 

The control model used for the demonstration is largely based on the generic models in 

Section 5.3. It contains one CHP, one GB, one TES, and DH while HP is excluded in the 

demonstration. This is because HP is barely used at Kund Jepsen according to the measured 

data. The system operation scheme complies with the layout in Figure 5.7, where the heat 

produced by each energy component is fed into TES, and heat demand from the greenhouse 

climate compartment is only supplied by TES. The greenhouse electricity demand is purely 

met by purchasing from the electrical grid.  Hence, the control-oriented model is defined as 

the system dynamics of the TES. The control model and emulation models used for 

simulation are identical in the demonstration. 
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𝐶𝑇𝐸𝑆 ∙
𝑑𝑇𝑇𝐸𝑆

𝑑𝑡
=  𝑃ℎ,𝑐ℎ𝑝 + 𝑃ℎ,𝑔𝑏 + 𝑃𝑑ℎ − 𝑃𝑔ℎ                                 (5.10) 

To formulate the MPC problem, the system dynamics is analytically reformulated in 

continuous time state-space form: 

�̇� =  𝐴𝑥 + 𝐵𝑢𝑢 + 𝐵𝑣𝜈 (5.11) 

𝑦 =  𝐶𝑥 + 𝐷𝑢𝑢 + 𝐷𝑣𝜈 (5.12) 

Where 𝑥 = 𝑇𝑇𝐸𝑆  is the system state,  𝑢 =  [𝐿𝐹𝑐ℎ𝑝  𝐿𝐹𝑔𝑏  𝑃𝑑ℎ,𝑟𝑒]𝑇  is the set of control 

variables determining operation status of CHP, GB, and DH, 𝜐 = 𝑃𝑔ℎ represents greenhouse 

heat demand, which is the forecasted disturbance affecting system dynamics. The 

corresponding matrices are defined as: 

𝐴 = 0        𝐵𝑢 = [
𝑃𝑛𝑜𝑟𝑚,𝑐ℎ𝑝 ∙𝜂𝑡ℎ

𝐶𝑇𝐸𝑆
    

𝑃𝑛𝑜𝑟𝑚,𝑔𝑏

𝐶𝑇𝐸𝑆
    

𝜂𝑑ℎ

𝐶𝑇𝐸𝑆
 ]    𝐵𝑣 = −1/𝐶𝑇𝐸𝑆 (5.13) 

𝐶 = 1          𝐷𝑢 = 0          𝐷𝑣 = 0 (5.14) 

• Disturbances forecast 

The disturbances for the TES entail greenhouse heat demand (𝑃𝑔ℎ), greenhouse electricity 

demand (𝑃𝑒𝑙 ), electricity price (𝑃𝑟𝑖𝑐𝑒𝑒𝑙), gas price (𝑃𝑟𝑖𝑐𝑒𝑔𝑎𝑠) and district heating price 

(𝑃𝑟𝑖𝑐𝑒𝑑ℎ). The greenhouse heat demand is the disturbance directly included in the linear 

time-invariant state space model for the system dynamics, whereas the rest are incorporated 

in the objective function. To facilitate the simulation, the disturbances are considered as 

known a-priori, greenhouse heat and electricity demand are derived from 7 consecutive days 

in March at Kund Jepsen The dynamic gas price is artificially created within a reasonable 

range. The dynamic electricity price is obtained from the Noordpool spot price. In addition, 

the district heating price is assumed constant as 140 DKK/MWh. All the prices are presented 

in a resolution of an hour. 

• Constraints 

The constraints reflecting operating limitations of physical systems are as follows: 

42.5 °𝐶 ≤ 𝑇𝑇𝐸𝑆 ≤  83.65 °𝐶 
(5.15) 

0 ≤ 𝐿𝐹𝑐ℎ𝑝 ≤ 1 (5.16) 

0 ≤ 𝐿𝐹𝑔𝑏 ≤ 1 
(5.17) 

0 ≤ 𝑃𝑑ℎ.𝑟𝑒 ≤ 6 MW 
(5.18) 

Here, the lower and upper limits of 𝑇𝑇𝐸𝑆  corresponds to the minimum (0MWh) and 

maximum (65MWh) stored energy in the TES. 
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• Objective function 

The MPC algorithm solves an optimization problem to obtain the minimum value of the 

objection function for a given prediction horizon. The objective function is shown as: 

𝑚𝑖𝑛{u}0
N−1   𝐽 =  𝐽𝑐ℎ𝑝,ℎ + 𝐽𝑔𝑏 +  𝐽𝑑ℎ + 𝐽𝑒𝑙 −  𝐽𝑐ℎ𝑝,𝑒 (5.19) 

Where:  

𝐽𝑐ℎ𝑝,ℎ =  ∑(𝐿𝐹𝑐ℎ𝑝 ∙ 𝑃𝑛𝑜𝑟𝑚,𝑐ℎ𝑝 /𝐻𝑉𝑔𝑎𝑠/𝜂𝑐) ∙ 𝑇𝑠 ∙ 𝑃𝑟𝑖𝑐𝑒𝑔𝑎𝑠;

𝑁−1

𝑘=0

 (5.20) 

𝐽𝑔𝑏 =  ∑(𝐿𝐹𝑔𝑏 ∙ 𝑃𝑛𝑜𝑟𝑚,𝑔𝑏 /𝐻𝑉𝑔𝑎𝑠/𝜂𝑐) ∙ 𝑇𝑠 ∙ 𝑃𝑟𝑖𝑐𝑒𝑔𝑎𝑠

𝑁−1

𝑘=0

; (5.21) 

𝐽𝑑ℎ =  ∑ 𝑃𝑑ℎ,𝑟𝑒 ∙ 𝑇𝑠 ∙ 𝑃𝑟𝑖𝑐𝑒𝑑ℎ

𝑁−1

𝑘=0

; (5.22) 

𝐽𝑒𝑙 =  ∑ 𝑃𝑒𝑙 ∙ 𝑇𝑠 ∙ (𝑃𝑟𝑖𝑐𝑒𝑒𝑙 + 𝑃𝑟𝑖𝑐𝑒𝑡)

𝑁−1

𝑘=0

; (5.23) 

𝐽𝑐ℎ𝑝,𝑒 =  ∑ 𝐿𝐹𝑐ℎ𝑝 ∙ 𝑃𝑛𝑜𝑟𝑚,𝑐ℎ𝑝 ∙ 𝜂𝑒𝑙 ∙ 𝑇𝑠 ∙ 𝑃𝑟𝑖𝑐𝑒𝑒𝑙

𝑁−1

𝑘=0

; (5.24) 

The objective function contains five parts, 𝐽𝑐ℎ𝑝,ℎ and 𝐽𝑔𝑏 are operation costs associated with 

the gas consumption for CHP and GB, respectively. 𝐽𝑑ℎ is district heating cost, 𝐽𝑒𝑙 is cost 

due to greenhouse electricity consumption, and 𝐽𝑐ℎ𝑝,𝑒  is the revenues due to selling 

electricity produced by CHP. It needs to be noted that 𝑃𝑟𝑖𝑐𝑒𝑒𝑙 is the Nordpool spot price, 

which is used as electricity selling price in this simulation.  𝑃𝑟𝑖𝑐𝑒𝑡 represent the tariffs and 

levies added on the Nordpool spot price when buying electricity from the grid, which is 

assumed as 185 DKK/MWh. 

The economic MPC is implemented in Matlab using the Yalmip toolbox [146]. The system 

dynamics is discretized with sample time 𝑇𝑠  (30 minutes) using the c2d function. Control 

horizon and optimization horizons are 30 minutes and 24 hours, respectively.  

5.4.2 Results and discussion 

To study the influence of dynamic prices on the greenhouse energy system planning, the 

system is simulated for 7 days under two scenarios for comparison. The first scenario 

considers dynamic gas and electricity price, whereas the second scenario uses constant gas 

and electricity price computed as the average values over the investigated 7 days. The 

disturbance including the greenhouse heat demand, electricity demand, gas price, and 

electricity price are shown in Figure 5.18. 
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Figure 5.18: Different prices, greenhouse heat, and electricity demand. 

Figure 5.19 presents the MPC simulation results under the dynamic gas and electricity price 

scenario. From the top to the bottom, the five subplots are the temperature of TES, energy 

stored in the TES, load factor of CHP, the load factor of GB, and requested district heating 

power, respectively. The black dashed curves represent the physical temperature limit and 

the allowed energy limit in the TES. Here, we only discuss the balance between greenhouse 

heat demand and heat production. The discussion on the greenhouse electricity demand is 

not covered in this section as they are directly satisfied by purchasing electricity from the 

electrical grid. The overall cost for the dynamic price scenario is 214672 DKK for 7 days 

simulation. To quantify and compare the cost of running each energy system, a 

“representative cost value” for each energy system is calculated in a unified unit of 

DKK/MWh, indicating the price of producing one MWh heat for a specific energy system. 

The corresponding prices for CHP, GB, and DH are shown in Figure 5.20. It needs to be 

noted that this value for CHP is partially reduced due to the revenues of selling electricity 

produced by CHP.   

It is observed that the TES temperature varies during the simulation period, which reflects 

the use of TES to store energy for later use at peak heat demand periods or high price periods. 

This verifies that TES allows demand-side management and enables flexibility for the 

greenhouse energy systems to shift heat load. The heat stored in the TES comes from the 

heat production of each energy subsystem, whose dispatch plan highly depends on the price 
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signal. Figure 5.20 shows that running CHP is less costly than GB most of the time on 

account of the earnings from selling electricity. Consequently, the controller prefers to run 

CHP instead of GB, which is seen in Figure 5.19. The low price of district heating is seen 

spans around 12h-36h, 72h-96h, and 132h-156h. Accordingly, requesting heat from the 

district heating network happens frequently during these periods. Likewise, the CHP is 

operating at the duration when its price is relatively low among the three energy systems. 

These highlight the developed economic MPC prioritizes the use of low-cost energy systems 

and results in minimizing overall operation cost by smartly dispatching different energy 

systems. 

 

Figure 5.19: MPC results for dynamic price scenario. 

 

Figure 5.20: The representative cost for running each energy unit. 



 

MPC FOR GREENHOUSE ENERGY SYSTEMS 

47 

 

 

Figure 5.21: MPC results for constant price scenario 

Figure 5.21 presents the MPC simulation results under the constant gas and electricity price 

scenario. The constant gas, electricity, and district heating price are 1.73DKK/kg, 246.44 

DKK/MWh, and 140DKK/MWh respectively. Accordingly, the calculated “representative 

cost values” for CHP, GB, and DH are 138.5DKK/MWh, 172.6DKK/MWh, and 

140DKK/MWh,  respectively.  As a result, the MPC controller prioritizes running CHP in 

presence of heat load and runs DH as a substitute heat source when CHP heat production 

cannot meet the greenhouse demand. 

The TES temperature is close to the lower temperature limit and its evolution is less dynamic 

as compared to the MPC scenario with the dynamic price. This is because the constant price 

has reduced the economic benefit of storing excess energy in the TES. However, there are 

still small TES temperature peaks existing over the simulated 7 days. This is because, for 

instance, the greenhouse heat demand is low during the period of 36h-48h, but the controller 

forecasts a high heat demand in the coming 24h. Instead of extracting heat from DH at the 

coming peak demand period, the controller decides to switch on CHP at the current time step 

to store excess energy in the tank, given that running CHP is less costly than DH. The overall 

cost for the constant price scenario is 215821 DKK for 7 days simulation. 

Combining the obtained results for both MPC algorithms with dynamic price and constant 

price scenarios, it can be concluded the formulated MPC demonstrates the ability to exploit 
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and harvest the economic benefits by properly dispatching different energy considering 

different energy prices.  

This MPC simulation utilizes generic models in combination with the measured heat and 

electricity demand from grower Kund Jepsen, artificially created gas and district heating 

prices. These facts impose the inherent limitations of such an MPC in terms of reliability 

and robustness. However, the aim of this work is to manifest the feasibility of applying MPC 

for greenhouse energy systems planning, the specific MPC devised for specific greenhouse 

energy systems is left for future investigation. 

 

5.5  Main contributions 

The main contributions of the work presented in this chapter are threefold: 

• Open-source generic greenhouse energy system models 

Generic control and emulation models for typical greenhouse energy systems consisting of 

CHP, HP, GB, DH, and TES are developed. These models are built as generic, reusable, and 

open-source, allowing users to access and readily adapt them to their customized models. In 

this regard, this work contributes to providing Modelica models for greenhouse energy 

systems modeling, which allows potential users to quickly align to their specific energy 

systems and enables simulation and testing for conceptual design at the early stage. 

• A showcase of developing a detailed emulation model for greenhouse energy systems 

Starting from the generic models, a step-by-step showcase of developing a detailed emulator 

tailored to a specific greenhouse grower is presented, which serves as a guide and reference 

for the potential model developers to build up their energy system emulator. In addition, the 

developed emulation model is partially validated against on-site measurements, simulation 

results are compared with the measurements to analyze model accuracy. Suggestions for 

attaining a high-fidelity emulator are recommended. 

• A demonstration of an economic MPC strategy for greenhouse energy system planning 

An economic MPC for greenhouse energy systems based on an energy hub model is 

proposed. The MPC algorithm aims to minimize the operational costs while satisfying 

greenhouse heat and electricity demand and physical operation constraints. Through this 

study, the flexibility of utilizing TES is identified. The proposed MPC, taking into account 

different energy resources and energy prices, demonstrates the ability to exploit economic 

benefits by smartly dispatching greenhouse energy systems. This demonstration verifies the 

viability of applying MPC for greenhouse energy scheduling and highlights the potential 

economic benefits, which contribute to moving research simulation work toward real-life 

implementation
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Abstract—An accurate and fast model is essential for 
implementation of model predictive control (MPC) in building 
management systems to reduce the load on electric grid without 
sacrificing occupant comfort. In this paper, an open source 
emulation model (made available on GitHub) has been 
developed for a Danish university teaching building to be 
applied in the MPC toolchain BOBTEST within the IBPSA 
project 1. The model is calibrated and realistic occupancy is 
introduced based on data measured by meters installed in the 
building. Simulation and sensitivity analysis performed on 
controllers and electricity-consuming devices helped to improve 
the emulator implementation and make it BOBTEST-ready. 
Results indicate that (1) the model is physically realistic in terms 
of electric load and thermal comfort estimation and (2) a new 
control/actuation setup considerably improves simulation time. 

Keywords— building energy system, multi-energy simulation, 
emulator, energy storage, model predictive control. 

I.� INTRODUCTION

Buildings are responsible for approximately 40% of final 
energy consumption in EU and US [1]. Advanced control 
strategies have been proved to enable significant energy 
savings by reducing operational costs, increasing demand 
flexibility for grid services and improve occupant comfort. 
Among them, model predictive control has received much 
popularity over the last decade due to its good performance. 
There are multiple case studies of MPC implementation in real 
buildings [2-4]. However, the majority of studies still 
investigate MPC on virtual test buildings due to obstacles in 
transferring this technology from research to real systems [5]. 
One of the main challenges is the difficulty to obtain 
computationally efficient model that is accurate enough to 
capture building dynamics and match real power consumption 
in the building. In this respect, a building model serves as a 
crucial component for MPC implementation [6] and falls into 
either white-, grey- or black-box category. Black-box models 
can reduce modeling effort and increase applicability of MPC 
both in commercial and residential buildings but may need 
more practical intuition. White-box models may demonstrate 
higher accuracy in a wider range of parameters, but their 
complexity often reduces numerical performance [7-8]. 
Finding optimal model complexity for MPC remains a non-
trivial and time-consuming task. Therefore, the testing of 
different MPC algorithms with different emulation models 
plays an essential role in their implementation in real systems 
for improved demand-side management. To automate such 
testing, the toolchain BOBTEST is developed within the 
IBPSA project 1, WP1.2 [9]. To comply with BOBTEST 
standards on complexity/numerical performance, we use the 
Modelica language to implement a grey-box single-zone  

emulator, to simulate electric load and thermal dynamics of 
the university building and investigate factors influencing its 
accuracy and computational efficiency to demonstrate that it 
can be a potential candidate for the BOBTEST. 

Another aspect of MPC in buildings is the choice of a local 
control strategy to enhance model performance, reduce power 
consumption from the grid while maintaining a stable 
temperature in the building. One possible strategy is to adhere 
to the predetermined setpoints in each electricity consumer 
(e.g. building rooms or different buildings) through the 
proportional-integral-derivative (PID) controller and tune the 
separate setpoints centrally by the MPC signals. If the 
emulator is used for control, the supervisory controller (MPC) 
performance highly relies on local controller (PID) 
performance [10]. Therefore, the PID controller included in 
the emulator influences its accuracy and the overall MPC 
performance. A study shows that proper calibration of 
proportional coefficients can reduce the energy consumption 
of a heating, ventilating and air conditioning (HVAC) system 
by up to 29% and can improve meeting temperature setpoints 
by up to 45% [11]. In order to obtain a high-fidelity model, 
some researches implemented self-tuning procedures to adapt 
the PID controller parameters [12-13]. Moreover, response 
speed of a system is significantly determined by PID 
controller’s coefficients [14].  

Apart from the PID controller, pressure drop impacts 
system behavior and thereby the numerical and energy 
performance. Nabil et al. [15] investigated the impact of air 
filter pressure drop on the performance of typical air-
conditioning systems and revealed influence of pressure drop 
on mass flow rate and energy consumption of the system. 
Jorissen et al. highlighted the influence of pressure drop on 
simulation time of building energy systems [16]. In addition, 
the comparison of the two- and three-way valves performance 
are not often done.  

To address the stated points, this paper contributes with:  

• an opensource simplified emulation model for an entire
teaching building based on Buildings Modelica library [17], 

• performance tuning based on three aspects: coefficients
of PID controller, pressure drop and valve type, 

• summary of the model development, performance
assessment and model improvement to show that the model is 
BOPTEST-ready. 
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II. METHODOLOGY 

A. OU44 building model 
Complying with Danish 2020 standard, the OU44 building 

is a highly energy efficient teaching building at the University 
of Southern Denmark in Odense [18]. It has a surface area of 
8500 m2 and can accommodate maximum 1350 people. There 
are 3 above-ground floors containing classrooms (40% of 
floor area), study zones (25%), offices (15%) and common 
spaces (20%). There is also a basement level containing main 
HVAC facilities and the main heat exchanger connected to 
district heating network. 

Fig. 1. Modelica implementation of OU44 teaching building 

The building system is modeled using Buildings library in 
Dymola (Figure 1) as a single zone supplied with a HVAC 
system consisting mainly of two parts:  

1. A hydronic heating loop supplying heat to the building 
served by the district heating network. It has two branches: 
one goes to indoor radiator, the other proceeds to air handling 
unit preheating supply air to a specific temperature setpoints. 

2. A CO2-driven ventilation system that controls indoor 
CO2 concentration to a specified level. Mass flow rate of 

supply air is controlled by variable speed fans to ensure that 
indoor CO2 concentration does not exceed this level. 

The actual building is equipped with 4 balanced air 
handling units (AHU) with heat recovery wheels and pre-
heating coils (Figure 2) and each room is equipped with 
radiator heating. A district heating grid is providing heat to 
meet building energy demand (Figure 3). Two variable pumps 
powered from the utility grid are configured in the district 
heating system. However, only the pump supplying heat water 
to buildings can be controlled since the other pump in the 
district heating loop is operated by district supplier directly. 
As the emulator is single-zone, four AHUs are presented by a  

single AHU oversized by a factor of 4 and all radiators are 
lumped as a single radiator. In the model, the AHU contains 
two identical fans, one for supply air and one for extract air 
with nominal air volume flow rate capacity set to 140000 
m3/h. Both the lumped radiator and the pre-heating coil in the 
AHU model are connected to the district heating heat 
exchanger with assumed constant efficiency and the water 
flow to the radiator and AHU's pre-heating coil is controlled 
with two 3-way valves (in the real building, the supply air of 
ventilation is controlled by adjusting damper position). When 
temperature is lower than the setpoints, the three-way valve 
will allow hot water flow into coil or radiator, otherwise hot 
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water will proceed to the bypass of each valve to avoid 
overheating. 

The zone model consists of building envelope and 
occupancy models. The building thermal envelope is 
comprised of three different opaque constructions: ground 
floor, external wall and roof. The interior walls are a single-
layer generic construction representing medium-weight 
partitions. All windows have the same construction type based 
on a triple-glass window model from Buildings library with 
the following layers: triple pane, clear glass 3mm, air 12.7mm, 
clear glass 3mm, air 12.7mm, clear glass 3mm. The actual 
OU44 is equipped with camera-based sensors that estimate 
real-time occupant number. Occupancy data is extracted from 
our internal database and stored in "occ.txt" file in the model. 
The internal gain per person is 120 W and it is evenly 
distributed over the floor area (i.e. 120 W/8500 m2). Occupant 
interacts with zone climate via generating heat and CO2, the 
heat generated per occupant is divided as 40% radiative, 40% 
convective and 20% latent heat. Since the whole building is 
modeled as a single zone, a scaling factor for occupant CO2 
generation is introduced to match the energy consumption of 
fans in AHU and is calibrated as described further in the text. 

Fig. 2. Air handling unit in Dymola 

Fig. 3. District heating system in Dymola 

B. Controllers 
In order to address the rule-based control logic in the 

building system, four different low-level controllers are 
implemented: 

• Controller for indoor temperature: a PI controller 
(proportional gain K=1, integral time Ti=600) is 
implemented to control three-way valve in radiation 
loop based on difference between indoor temperature 
and the setpoint. The temperature setpoint is 21°C due 
to that average temperature of the several 
representative large rooms of the building in January is 
calculated to be around this value as shown in Figure 
4. 

• Controller for indoor CO2 concentration: a PID 
controller (K=0.005, Ti=600, derivative time  Td=300) 
is used to control fan speed in AHU based on indoor 
CO2 concentration and CO2 setpoint (800 ppm), 
meaning that fans in AHU will supply fresh air to the 
zone when indoor CO2 concentration exceeds 800 
ppm. 

• Controller for ventilation air supply temperature:  a 
PID controller (K=1, Ti=600, Td= 0.1) is applied to 
ensure constant temperature (21°C) of supply air, 
three-way valve is controlled based on difference 
between measured and setpoint of the supply air 
temperature. 

• Controller for district heating pump: in the initial 
model setup, constant control signal of 1 is introduced 
to the district heating pump, indicating that it is always 
running on full power to supply hot water to buildings. 

Fig. 4. Average indoor temperature of several representative rooms of 
OU44 in January 

C. Calibration 
The calibration methodology of the model consists in 

matching simulated total energy consumption and electricity 
consumption of fans in the AHU to measurements [18]. The 
calibration data was measured in January, by setting pressure 
drops in valves, pumps, junctions, pipes and radiator to get 
reasonable lumped pressure drop for the reference energy 
consumption value. Several factors contribute to the choice of 
the one-month simulation/calibration time period: (a) the 
available energy consumption data used for calibration is 
measured monthly, (b) in January, most rooms of the building 
are heavily occupied due to frequent teaching activities, (c) the 
heating demand is higher compared to other months as it is the 
coldest period of the year, (d) simulation speed of the model 
impacts the applicability of MPC in buildings and the longer 
period is more convenient for simulation time estimations.  

D. Model modification for BOPTEST 
The initial model setup complies with the realistic 

operation scheme of the building which maintains indoor 
temperature to be 21°C both in the daytime and at night. 
However, in order to make it BOPTEST-ready and better see 
the potential impact of MPC on preheating building, natural 
cooling of the building should be included. Hence, different 
temperature regimes are combined over 24 hours in the 
modified model setup. In the daytime, the PID control is 
applied, whereas at night the temperature is uncontrolled and  
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Fig. 5. Comparison of simulation results for initial and updated models  

the building cools down passively. This strategy may be 
considered similar to the night  setback control applied in 
office building [19-20].  

E. Simulations 
All simulations were performed using Dymola 2019 and 

DASSL with the default solver tolerance of 1e-4 and a 1.9 
GHz i7 processor. One-day simulation test of the model was 
performed using DASSL integrator to investigate influence of 
tolerance on simulation time.  For tolerance of 1e-2, 1e-4 and 
1e-6, simulation time for one-day are 36 s, 76 s and 161s 
respectively while the total energy consumption under varying 
tolerance remains unchanged. Therefore, DASSL solver with 
the default solver tolerance of 1e-4 are applied in all model 
setup in order to eliminate influence of solver and tolerance 
on simulation speed. 

III. RESULTS AND DISCUSSION 

A. Initial setup 
In accordance with the fact that the indoor temperature 

does not fluctuate significantly in the real building, the 
calibrated model setup behaves similar to a building operating 
at constant indoor temperature setpoint 21°C. In calibration, 
the aggregated pressure drop of 20000 Pa was found by 
approximating simulated total heating consumption (69 
MWh) to measured data (70 MWh) and the scaling factor of  
4 for occupant CO2 generation was identified by 
approximating the simulated total electricity consumption of 
the fans (1.3 MWh) to measured data (2 MWh).  

The monthly simulation on this initial calibrated model 
setup takes around 17 minutes and results are in blue curves 
shown in Figure 5. The subplots from top to bottom refer to  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

indoor temperature (Tzone), CO2 concentration (CO2), 
occupant number (occupancy), water mass flow rate in 
radiator (m_rad) and heating supplied by the radiators (q_rad). 
Some peaks of CO2 concentration exceed 800 ppm due to that 
the small proportional coefficient in fan’s PID controller. The 
indoor temperature can be almost maintained at 21°C, which 
is consistent with realistic indoor temperature, indicating the 
good ability of PI controller to regulate indoor temperature. 
However, the constant indoor temperature setpoint is achieved 
by continuous heat supply as shown in subplots of radiator 
mass flow rate and heating power. The large drop of 
temperature at some points is due to that high occupancy leads 
to more ventilation supply air and the supply air may be lower 
than 21°C, which may be caused by insufficient control 
performance of the PID controllers. Proper calibration is 
therefore helpful to improve simulation performance. 

B. Modified setup 
Although the initial model setup complies with the 

realistic building operation scheme, the monthly simulation 
time is rather large for the MPC model. Additionally, MPC 
must exploit the thermal inertia of the building to reduce 
energy consumption without sacrificing indoor thermal 
comfort. Stable indoor temperature would question the 
potential benefits of applying MPC in the building. To address 
these issues and tailor the model specifically for BOPTEST as 
explained in methodology, the model was updated with a new 
setup: 1) PI controller for fan (K=0.05, Ti=600), PI controller 
for coil (K=0.001, Ti=600) and PI controller for radiator 
(K=0.1, Ti=600), the new values of control parameters were 
found through trial and error process; 2) indoor temperature is 
only regulated to be 21°C from 7 am to 19 pm, radiator does 
not supply heat during night and weekends; 3) the radiator’s 
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control signal is used as the control signal for controller on the 
district heating pump. 

These updates result in considerably faster 6.4 minutes 
simulation shown in Figure 5 thereby increasing 
computational performance by 62%. Judging from the figure 
the indoor comfort is maintained during large occupancy 
periods changing to passive cooling during nights and 
weekends with dynamics complying with many studies in 
literature. It should be noted that, although the updated model 
is physically realistic, it is not entirely representative operation 
of OU44 building. This, however, does not impact the 
usefulness of the model. 

The heat and electric energy flows in the updated model 
are reduced as shown in Figure 6. The total heating energy is 
composed of the energy supplied by the district heating system 
to the radiator (major part) and to the heating coil (minor part), 
which considerably exceed the integrated electric power 
supplied by the pump (minor part) and fans (major part).  
Although the fans consume more electricity than the pump, 
since the share of radiator heat in the system is predominant, 
the change in the pump control has more influence on total 
heat consumption and, as a result, on the electricity 
consumption shown on Table I. This suggests incentivizing 
the pump set-point control, when constructing the MPC 
objective function. Considerable reduction in total estimated 
electric energy shown Figure 7 (smaller for heating energy in 
the same figure) suggests that the model can be further 
improved if a more systematic sensitivity analysis is 
employed. 

Fig. 6. Energy flows in the initial and updated model setups 

TABLE I.  ENERGY CONSUMPTION OF THE TWO SETUPS 

Energy 
consumption 

Qh_total 
[MWh] 

Qh_rad 
[MWh] 

Qh_coil 
[MWh] 

Qe_fan 
[MWh] 

Qe_pump 
[MWh] 

Initial  
model  69.15 60.74 8.41 1.27 0.37 

Updated 
model  51.45 43.95 7.50 1.26 0.11 

 Turning to the dynamics of electrical load applied to the 
grid, the only considerable change is observed in pump 
consumption dynamics shown in Figure 7. Due to additional 
dynamics acquired by electric power signal (red curve in the 
upper subfigure) compared to static PID control signal (blue 
curve in the upper subfigure), there is an opportunity for 
further load reduction if smart control strategies are applied on 

the interzone/interbuilding level. In this case, the central MPC 
would preheat each zone/building at night starting after the 
indoor climate have reached a specific threshold set by the 
building management system. If each zone’s (building’s) 
setpoint is controlled independently of others, the simultaneity 
effect can be reduced through smart scheduling with a 
sufficiently short time horizon and bring further reduction in 
electricity consumption. 

Fig. 7. Consumed electric power in both models and energy savings 

C. Influence of parameters in PI controllers 
Table II. shows how simulation time differs from that in 

the upgraded model setup when varying only one specific 
parameter in each PI controller (the base scenario was 
considered in the previous section). Simulation results show 
that case 4 yields the longest simulation time (962 s) 
corresponding to the reduced Ti (integral time) value in coil’s 
PI controller. Shortest simulation (359 s) time is achieved in 
case 2 via reducing Ti parameter value in fan’s PI controller. 
Apart from the improved computational performance, proper 
PI tuning have reduced the oscillatory behavior of the system. 
These oscillations may be further tracked by a variable time 
step integrator, resulting in increase of simulation time [16]. 

D. Influence of pressure drop in radiator 
The nominal pressure drop in the radiator was calibrated, 

therefore it is meaningful to investigate influences of this 
value on the simulation results. Simulation performance of 
two cases was compared: 1) model with calibrated nominal 
pressure drop dp_nominal (2000 pa) in the radiator and; 2) 
model without considering pressure drop in radiator (0 Pa). 
The resulting simulation shows that low pressure drop leads 
to the increased mass flow rate and decreased heating energy 
consumption, but almost no change in indoor temperature and 
CO2 concentration. Simulation time in the latter setup is 6.2 
minutes, indicating that change in dp_nominal does not 
influence the computational performance considerably. 

E. Influence of valve type in radiator water circuit 
Since switching in valves can be a source of events in the 

simulation and therefore may reduce the numerical 
performance, it is important to compare three- valve and two- 
valve implementations. The simulation results (not shown due 
to lack of space) show that three-way-valve performs better 
than the two-way valve in terms of ensuring the indoor 
thermal comfort and two-way valve does not add much value 
on reducing simulation time. 
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TABLE II.  INFLUENCE OF PI CONTROLLERS’ PARAMETER ON SIMULATION TIME

 

 

 
 
 
 
 
 
 

IV. CONCLUSION 
The paper presents a simplified single-zone model to 

represent a large university teaching building at SDU, 
Denmark, whose ventilation unit is coupled to the local district 
heating network. The model is open for public use at GitHub 
(https://github.com/sdu-cfei/ou44-modelica-emulator). The 
updated model reproduces expected building thermal 
dynamics and achieves relatively small monthly simulation 
time of 6.4 minutes. The main conclusion to be made from this 
study is that the modified behavior of the building brings more 
opportunities for load reduction and shifting using the 
centralized MPC, when the separate setpoints are controlled 
by the PI instead of PID controller. The resulting thermal 
dynamics and considerable computational and energy 
performance improvements form a good case for the emulator 
is to be employed in the BOBTEST toolchain. Minor 
conclusions to be made is: (a) pressure drop of radiator has 
influence only on mass flow rate, subsequently affecting 
energy consumption of the zone, but does not influence the 
simulation time, (b) three-way valve outperforms two-way 
valve for controlling hydronic water circuit and regulating 
indoor temperature of the zone, but also have minor influence 
on the computational performance. Although the model 
estimations point at possible considerable savings associated 
with control tuning, the model with the updated control design 
has to be validated and applied in sensitivity and case studies. 
This work will improve the quality of predictions and establish 
a reference for parameter estimation as a part of the MPC 
implementation, which is left for future study. 
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 PI fan PI coil PI radiator Simulation time (s) 
Parameter K Ti K Ti K Ti  

Base scenario 0.05 600 0.001 600 0.1 600 370 
Case 1 0.5  828 
Case 2  200 359 
Case 3   0.01 362 
Case 4   200 962 
Case 5   0.01 395 
Case 6   200 856 
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Abstract 

Model Predictive Control (MPC) is a promising approach 

for mitigating energy consumption and for enabling 

efficient building climate regulation without sacrificing 

occupants’ comfort. At the same time, occupancy is one 

of the leading factors influencing the performance of 

MPC. In this paper, we investigate the impact of 

occupancy prediction accuracy on the performance of 

building MPC in terms of energy consumption and 

thermal discomfort. The obtained results indicate that 

MPC consumes more energy than conventional rule-

based controllers. Occupancy predictions with low 

accuracy (prediction error) can lead to lower energy 

consumption at the expense of comfort violations. 

However, the result also indicates that the negative 

influence of prediction error can be partially mitigated by 

adopting longer optimization horizons. 

Key Innovations 

This paper incorporates a prediction model for occupant 

counts in MPC optimization procedure. It contributes to 

understanding the building MPC performance gap 

between ideal simulation studies and implementation with 

the prediction of occupancy.  

Practical Implications 

The paper analyses the practical implication of occupancy 

data availability and quality for practitioners of MPC 

algorithms. Results hint to a potential solution for low 

prediction accuracy data to be handled by adjusting the 

optimization horizon. 

 

Introduction 

Globally, buildings are still responsible for nearly 40% of 

total energy consumption among other sectors (Cao et al., 

2016). From this quota, the consumption from the 

Heating, Ventilation, and Air Conditioning (HVAC) 

accounts for nearly 50% of the total energy consumption 

in both residential and commercial buildings (Pérez-

Lombard et al., 2008) . In an effort to optimize building 

energy consumption and to achieve a comfortable indoor 

environmental condition for its occupants, various 

strategies such as the concept of Model Predictive Control 

(MPC) for systematic building management have been 

proposed. These strategies are estimated to facilitate up to 

5% to 30% building energy savings (Costa et al., 2013). 

Recently, the concept of MPC, in contrast to the 

conventional rule-based controls (RBC), has received 

considerable popularity over the past 10 years. This is 

because of its reliability and superior performance (Afram 

and Janabi-Sharifi, 2014). For instance, unlike RBC for 

building controls, MPC requires an accurate model of a 

building to forecast its expected future states for a set of 

input parameters such as outdoor temperature, solar 

radiation, and the occupant behaviors in the building. 

Given these parameters and a number of conflicting 

objectives (such as increased thermal comfort and 

reduced energy consumption), an MPC framework 

engages an optimization process that is continuously 

calibrated at each time step to produce a considerable 

overall performance (Mirakhorli and Dong, 2016). 

While there exists a wide range of parameters for MPC-

based building controls, the accurate estimation of 

occupancy in buildings constitutes a major factor for 

achieving considerable ambient comfort and energy 

saving within buildings (Goyal et al., 2012). This is 

because, the mere presence of occupants within buildings 

largely influences the indoor climate and more so, 

occupant’s interactions with various building systems 

such as adjusting temperature setpoints, and door and 

window opening contribute immensely to the energy 

profile of a building. For instance, the empirical study 

conducted by Lutzenhiser et al. (1987) indicates that 

identical residential units with different occupant 

behavior may have energy usage profiles that vary by as 

much as 200-300%. 

In this work, we investigate the impact of occupancy 

prediction accuracy on the performance of MPC-based 

building controls via comparing MPC using ideal 

occupancy information and MPC using predicted 

occupancy information (prediction error). As a simulation 

setup, we have developed and calibrated a grey box model 

representing the HVAC system in a case study building, 

which serves as a virtual testbed to test different MPC 

controllers. Subsequently, we have deployed a number of 

3D stereo-vision cameras to obtain accurate occupancy 

counts in this building. Based on the obtained historical 

occupancy counts, we have developed a data-driven 

occupancy prediction model that enables predicting 

upcoming occupant counts starting at certain time point. 

In our evaluation, we compare two MPC-based building 

controllers, based on multiple-shooting optimization 

(Arendt and Veje, 2019) using the occupancy counts from 

both the deployed cameras and the data-driven prediction 



model. These two MPC-based building controllers are 

further compared with a conventional RBC controller in 

terms of energy consumption and indoor thermal 

discomfort. 

 

Related Work 

Over time, a number of studies such as highlighted in 

(Dobbs and Hencey, 2014; Shi et al., 2017) have 

developed prediction models to forecast building 

occupancy which are subsequently embedded into the 

MPC framework for building optimization.  

Yang et al. (2016) investigated and illustrated the impact 

of occupancy on the energy efficiency of HVAC systems 

from three dimensions. These dimensions include 

occupancy transitions, variations, and heterogeneity. 

However, building system types and control approaches 

were not studied in their work. Similarly, Martani et al. 

(2012) highlighted the dynamic relationship between 

building occupancy and energy consumption. In order to 

investigate the potential benefit of employing occupancy 

information in building climate control, Oldewurtel et al. 

(2013) compared three different MPC controllers using 

different occupancy information with a baseline 

controller. The baseline controller utilizes fixed 

occupancy schedules while MPC controllers use both 

occupancy fixed occupancy schedules and ideal 

occupancy prediction. The result from the study indicates 

that taking into account occupancy information in 

building control results in a significant energy-saving 

potential. These results are consistent with the findings by 

Goyal et al. (2013). Additionally, Goyal et. al further 

indicates that instantaneous occupancy information 

already enables a large part of this potential and more 

complicated occupancy prediction does not add much 

value on improving energy efficiency. However, both 

works conducted by Oldewurtel and Goyal used ideal 

occupancy prediction (i.e. it knows a priori the occupancy 

information that is realized in the future). In real 

implementation of building MPC, the ideal occupancy 

prediction cannot be attained. Instead, an occupancy 

prediction model will be incorporated into the 

optimization process. The majority of previous simulation 

studies on building MPC assume ideal occupancy 

information available. Studies including the real-time 

occupancy prediction model into MPC framework can 

only predict occupancy presence rather than occupant 

counts (Dobbs and Hencey, 2014; Killian and Kozek, 

2019).  

MPC controllers may react in different ways to different 

patterns of inputs such as occupancy profile and seasonal 

changes. Parisio et al. (2014) compared the results of 

building MPC controllers with both low and high 

occupancy. Brooks et al. (2015) recorded an energy 

savings of 43.4 - 48.2%, 28.3 - 38%, and 23.5 - 26.1% in 

winter, spring and summer respectively compared to a 

conventional controller. However, MPC with occupancy 

information does not always outperform RBC controllers 

in terms of energy consumption. Garnier et al. (2015) 

compared an MPC controller with five non-predictive 

controllers. The result obtained indicates that two of the 

non-predictive controllers consume less energy than the 

MPC controller while the others consume more. The MPC 

controller in this study, however, exhibits the least 

thermal discomfort among the six controllers. 

In this study, we incorporate a prediction model for 

occupant counts into MPC optimization process and 

compare its MPC performance with MPC using ideal 

occupancy information and a rule-based controller. This 

study contributes to understanding the MPC performance 

gap between ideal simulation studies and implementation 

with the prediction of occupancy. 

 

Simulation Setup 

In this section, we present our simulation setup composed 

of the various subsystems used for evaluating the impact 

of occupancy prediction accuracy on the performance of 

MPC-based building controls. In Figure 1, we present an 

overview of the various subsystems. These include an 

occupancy model for predicting the count of occupants, a  

control and emulation model in the form of a grey-box 

model representing the HVAC system in a real case 

building and lastly, an MPC framework for optimizing 

and controlling the operations of the HVAC system in the 

case building. 

 

Figure 1: Overview of the simulation setup 

 

Occupancy Model 

In order to obtain training data for forecasting the count 

of people in the case study teaching room, we have 

deployed two units of 3D stereo-vision cameras at the 

entrances of the case room alongside a cleaning method 

(Sangoboye and Kjærgaard, 2016). Given the obtained 

historical occupancy count from the camera sensors, we 

have developed a single-layer artificial neural engine for 

forecasting the count of people in multiple temporal 

resolutions and horizons. Thus, given a prediction time, a 

pre-processing step is developed to sub-divide the training 

data into daily profiles and subsequently, the daily profile 

is divided into input and target feature sets. The input 

feature set is comprised of all occupancy counts preceding 

the prediction time from the beginning of a typical day 

while the target feature set is composed of all occupancy 

data from the prediction time to a specified temporal 

horizon. The obtained input and target feature sets are 

subsequently used to train the neural engine. This neural 



engine utilizes a number of rectifier activation functions. 

The ratio between the input shape and the size of the 

activation function was cross-validated and regularized 

using the l2-N to ensure generalization and robustness. 

Lastly, we have utilized the mean squared error metric as 

a loss function alongside the Adam stochastic gradient 

descent optimizer to train the neural engine. Three months 

of training data were obtained from the deployed camera 

sensors and used to train the neural engine prior to a 

specified prediction time. Figure 2 highlights the actual 

and predicted occupancy counts in the case room with a 

four-hour prediction horizon for the evaluation days. The 

neural engine achieved a root mean square error (RMSE) 

of 5.32 for the three evaluation days. 

 

Figure 2: Occupancy prediction with four hours horizon 

 

Building Control and Emulation Model 

Building model is a crucial part in MPC implementation 

(Prívara et al., 2013). The model used in MPC can be 

classified into three main categories, namely white-, grey- 

and black-box model (Drgoňa et al., 2020). White-box 

model is highly detailed and building physics can be well 

captured, but it requires a large amount of building 

property data and time for accurate calibration. Black-box 

model does not consider building physics and is typically 

generated based on training data. Even though its 

accuracy is higher than white-box model, black-box 

model needs massive training data and demonstrates poor 

generalization capability. Grey-box model, however, 

provides a compromise solution between white- and 

black-box model, allowing simplified physical model 

with some estimated parameters.  

A grey-box (R2C2) model of a teaching building has been 

adopted for this study. Some studies in literature already 

show that second-order models are sufficiently accurate 

in capturing single zone thermal dynamics (Bacher and 

Madsen, 2011; Vogler-Finck et al., 2019; Yu et al., 2019). 

 

Figure 3: Schematic diagram of building energy system 

 

Figure 4: R2C2 model of a thermal zone built in Dymola 

This building is equipped with a ventilation system and a 

hydronic heating loop. This model was developed in 

Dymola for a 139m2 teaching room in the case study 

building and it is calibrated with measured data from the 

room. Figure 3 describes the layout of zone model and 

energy systems, figure 4 illustrates the inputs and the 

major outputs of the model used for calibration. The input 

parameters are solar radiation, outdoor temperature, 

occupancy counts, ventilation damper and radiator valve 

position while the two major outputs are indoor 

temperature, CO2 concentration. Given the measured 

inputs and outputs, the maximum heat supply and 

ventilation rate of the zone at 2689W and 4800m3 

respectively, we have utilized a parameter estimation 

model – ModestPy (Arendt et al., 2019) to estimate the 

unknown parameters of the model. ModestPy learns the 

parameters of the model by fitting the CO2 concentration 

and indoor temperature to the measured data. Figure 5 

compares the obtained results of the estimated parameters 

with the measured parameters for four days spanning 

April 9-12, 2018. T_meas and CO2_meas represent the 

measured indoor temperature and CO2 concentration 

respectively while T_val and CO2_val are the simulated 

indoor temperature and CO2 using the calibrated model. 

The RMSE of indoor temperature and CO2 concentration 

are 0.98C and 44.31ppm respectively, as compared to the 

measured data. The calibrated model is subsequently 

adopted by the MPC framework as the building control 

model. Lastly, a surrogate of the calibrated building 

control model is used as an emulation model instead of an 

actual MPC implementation in our case room. 

 

Figure 5: Validation results of the calibrated R2C2 model 



MPC Framework 

We have adopted MShoot - a python-based software as 

our MPC framework (Arendt and Veje, 2019). The 

framework uses the multiple shooting method for 

dynamic optimization (optimal control problem), in 

which the prediction horizon is divided into N 

subintervals with state continuity constraints. Each 

subinterval is optimized separately using the Sequential 

Quadratic Programming (SQP) solver. To simplify the 

control process of the control and emulation models and 

instead of controlling the damper position and valve 

position simultaneously, the heating/cooling power [W] 

will be the only control variable in our setup. In practice, 

the optimized heating/cooling power can be set as 

objective and implemented in other low-level controllers 

(supervisory MPC). These objective function and 

constraints are formulated as follows: 

 

Minimize∑ |
𝑞𝑖

𝑞𝑛𝑜𝑚
|

𝑁

𝑖=1
  (1) 

subject to       Ti,min ≤ Ti ≤ Ti,max , i = 1, . . . , N, 

where qi is the heating/cooling power [W] supplied to the 

system at each subinterval i of the optimization, qnom is the 

nominal heating/cooling power [W], N represents the last 

subinterval of the entire optimization period, Ti is the 

indoor temperature in Kelvin [K] at the corresponding 

sub-interval i. Ti,max and Ti,min are lower limit and upper 

limit of indoor temperature constraints, respectively. 

 

Evaluation and Discussion 

In this section, we provide details on the evaluation and 

performance of the MPC-based building controller. We 

split this section into two subsections. In the first 

subsection, we describe the evaluation setup consisting of 

the baseline model and evaluation hypothesis and the 

evaluation scenarios. In the second subsection, we 

describe and discuss the obtained evaluation results. 

 

Evaluation Setup 

In all evaluation cases, we have benchmarked the MPC-

based controller with a rule-based controller (RBC). The 

rule-based controller includes two proportional integral 

derivative (PID) controllers constructed in Dymola. The 

first PID controller controls the cooling power supply 

when the indoor temperature of the case room exceeds a 

specified Ti,max , while the other PID controller controls 

the heating power supply when the indoor temperature is 

lower than Ti,min. In order to solely evaluate the impact of 

occupancy prediction accuracy on the performance of 

MPC-based building control, the actual measurements of 

all other parameters except for the occupancy input 

parameter are used for calibration. 

Furthermore, we propose to evaluate the performance of 

MPC-based building control using occupancy predictions 

with multiple temporal horizons. Here, temporal horizon 

implies the look-ahead period of the prediction method. 

This is because, generally, obtained occupancy 

predictions from the neural engine can be slightly 

inaccurate when compared to the ideal occupancy as 

shown in the Occupancy Model section. Hence, we 

hypothesize that an increase in the temporal horizon for 

obtaining occupancy prediction will reduce the accuracy 

of the predicted occupancy counts. Given these 

hypotheses, we propose the following evaluation 

scenarios: 

(1) Rule-based controller, no optimization available. 

(2) MPC controller with ideal occupancy information 

(hereafter referred to as ideal MPC) that runs at four 

optimization horizons: h4, h6, h8 and h10 corresponding 

to four, six, eight and ten hours respectively. 

(3) MPC controller with predicted occupancy information 

(hereafter referred to as predicted MPC) that runs at four 

optimization horizons: h4, h6, h8 and h10. 

The prediction horizon for occupancy is consistent with 

the optimization horizon of the MPC framework in all 

evaluation scenarios. Four optimization horizons are 

chosen complying with building system time constant and 

occupancy prediction ability and following other studies 

demonstrating good MPC performance (Hilliard et al., 

2016). 

Lastly, we have evaluated the performance of the MPC-

based building controller using obtained datasets 

spanning three days (5th - 9th of April, 2018) and with 

two main metrics namely total energy consumption 

[kWh] and temperature discomfort [Kh]. As specified in 

Equation (1), both the total energy consumption [kWh] 

and the temperature discomfort [Kh] represent the MPC 

cost function and optimization constraints respectively. 

Temperature discomfort is defined as the number of 

Kelvin-hours [Kh] when indoor temperature is out of 

comfort range during occupied time. It is calculated as a 

sum of each temperature violation multiplied by 

corresponding duration. All source code and dataset are 

open sourced at https://github.com/sdu-cfei/occupancy-

mpc. 

 

Evaluation Result 

The preliminary results in Figures 6a and 6b highlight the 

indoor temperature for ideal and predicted MPC for the 

various optimization horizons, whereas Figures 7a and 7b 

highlight the total energy consumption and temperature 

discomfort respectively. 

As presented in Figure 6a, the zone cools down passively 

during night. when the zone is occupied during day, 

internal heat gain increases and additional heating/cooling 

will be supplied in case indoor temperature is violating 

temperature set point. Ideal MPC outperforms RBC in 

terms of indoor temperature regulation for varying 

optimization horizons. This is due to that MPC is capable 

of taking into account future disturbance and 

preheat/precool indoor air to maintain thermal comfort. It 

can also be intuitively observed that increase in 

optimization horizon for ideal MPC leads to less 

temperature violation. However, the upper bound of 

indoor temperature is violated for all horizons during last 

https://github.com/sdu-cfei/occupancy-mpc
https://github.com/sdu-cfei/occupancy-mpc


simulation period. It is likely that the limited 

heating/cooling capacity, relatively high value of ambient 

temperature and occupant number make it insufficient to 

keep indoor temperature within constraints even if 

injecting maximum heating/cooling power. As for case of 

predicted MPC illustrated in Figure 6b, similar trend of 

indoor temperature evolution has been found, but the 

variation in the indoor temperature for different values of 

the optimization horizon cannot be directly distinguished. 

We therefore quantitatively analyze simulation results 

using two MPC performance metrics (total energy 

consumption [kWh] and temperature discomfort [Kh]).  

From Figure 7a and Figure 7b, it can be observed that 

RBC controller consumes 37.6kWh heating/cooling 

energy over 3-day simulation, which demonstrates 

rationality and has been already verified in (Jradi et al., 

2017). For 4h horizon, ideal MPC consumes the most 

energy (53.5kWh) and followed by predicted MPC 

(44.7kWh), both of which are more energy consuming as 

compared to RBC (37.6kWh). In contrast, ideal MPC 

violates indoor temperature the least (7.6Kh), while 

predicted MPC and RBC has moderate (13.3Kh) and the 

highest (13.4Kh) temperature discomfort respectively. 

The same results can be attained and further verified when 

changing horizon to 6h, 8h and 10h. MPC seeks to find 

optimal balance between conflicting objectives, namely 

energy consumption and temperature constraints in our 

case. Given the soft state constraint setup in the MShoot 

optimization package, it is observed in our setup that 

MPC prioritizes thermal comfort over saving energy, 

leading to better comfort but higher energy consumption 

as compared to the rule-based controller. Besides, results 

also show that errors in occupancy prediction can result in 

lower energy consumption at the cost of local comfort 

violation as compared to ideal MPC. It should be 

mentioned as well that at 4h horizon, predicted MPC 

exhibits extremely close value of temperature discomfort 

and higher energy consumption over RBC, we could infer 

that worse performance of MPC over RBC may happen 

due to occupancy prediction error. 

When varying horizon from 4h to 10h, energy 

consumption of ideal MPC increases incrementally from 

53.5kWh to 75.1kWh while temperature discomfort 

declines from 7.6Kh to 4.5Kh. Longer horizon enables 

MPC to consider future disturbance better and control the 

actuator more intelligently, resulting in more energy 

consumption and less thermal discomfort. But it has to be 

noted that increase in horizon might not add much value 

on reducing temperature discomfort if previous horizon is 

already sufficient to obtain a considerable performance. 

As for predicted MPC, slight increase in energy 

consumption and rough decrease in temperature 

discomfort have been observed with longer horizon. The 

results are derived under the impact of both occupancy 

error and horizon variation, which indicates that the 

negative influence of prediction error can be partially 

mitigated by adopting longer optimization horizons. It has 

to be mentioned that, for MPC with occupancy prediction 

error, there is only minor improvement of thermal comfort 

when increasing horizon from 6h to 10h. 

  

Figure 6: Indoor temperature for (a) ideal and (b) 

predicted MPC 

Figure 7: The energy consumption (a) and temperature 

discomfort (b) at varying prediction horizons respectively 

 



Figure 6 implies the temperature violation on the second 

and the third day may be due to the limited 

heating/cooling capacity. To investigate this, we therefore 

conducted an additional simulation with twice the 

maximum heating/cooling capacity. The corresponding 

results are shown in Figure 8 and Figure 9. 

Figure 8a shows that ideal MPC with all investigated 

horizons can better regulate indoor temperature within 

constraints as compared to RBC. On the contrary, for 

predicted MPC (Figure 8b), the 5 curves are very close to 

each other and it is hard to tell the difference in 

performance of each tested case. We calculated the 

aforementioned MPC performance metrics and visualized 

the corresponding results in Figure 9. 

Figure 9a observed the same results as in Figure 7a: both 

predicted MPC and ideal MPC consumes more energy 

than RBC. However, Figure 9b shows that the ideal MPC 

achieved less thermal discomfort as compared to RBC 

while predicted MPC obtained higher thermal discomfort 

as compared to RBC. This result verifies our previous 

inference that MPC may perform worse than RBC due to 

occupancy prediction error. In general, the results for the 

doubled heating/cooling capacity demonstrate similar 

findings derived from the previous test case. 

Our simulation study is carried on a virtual testbed of a 

university teaching building. In practice, the investigated 

teaching building is a living lab equipped with an 

abundance of sensors recording data such as weather 

profile, occupancy counts, indoor temperature, etc. The 

installed sensors and engine for data prediction enable 

deploying MPC and monitoring building performance 

continuously. The occupancy prediction model applied in 

this paper can therefore be incorporated into the MPC 

framework implemented in a real building, however it 

would require additional instrumentation as compared to 

a conventionally instrumented building.  

 

Conclusion and Future Work 

This paper investigated the influence of occupancy 

prediction accuracy on building MPC performance. MPC 

controllers using two different occupancy information 

(ideal occupancy from measurement and forecasted 

occupancy from occupancy prediction model) were 

implemented and tested on a virtual teaching room. MPC 

performance was compared with RBC, based on the study 

above, the conclusions can be drawn as follows: 

• An MPC-based controller in contrast to a rule-based 

controller demonstrates better indoor thermal 

comfort and higher energy consumption if there is no 

occupancy prediction error. 

• In our test case, the error in occupancy prediction can 

result in lower energy consumption when compared 

to MPC controllers with ideal occupancy, but this can 

only be obtained at the cost of comfort violation. 

 

 
Figure 8: Indoor temperature for (a) ideal and (b) 

predicted MPC with doubled capacity 

 

Figure 9: The energy consumption (a) and temperature 

discomfort (b) at varying prediction horizons respectively 

for MPC with doubled capacity 

 



• MPC with ideal occupancy shows more energy 

consumption and less temperature discomfort when 

increasing the optimization horizon. In addition, the 

negative influence of occupancy prediction error can 

be partially mitigated by adopting longer 

optimization horizons. 

As for future work, it is worth quantitatively analyzing the 

relationship between occupancy prediction error and 

MPC performance. Different occupancy prediction error 

could be introduced in MPC framework. Furthermore, 

implementing MPC with different occupancy prediction 

models in real buildings and comparing MPC 

performance could be further conducted. 
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Abstract:
The buildings sector is a large energy consumer, so improving the building block energy performance through
implementing energy-efficient techniques would aid in attaining the energy and environmental goals. Among
energy-saving technologies, Latent Thermal Energy Storage (LTES) systems have drawn great attention to
be applied in buildings as they enable more efficient and cost-effective thermal management by reducing
energy use or shifting peak loads. Particularly, Phase Change Material (PCM), as a storage medium in
LTES systems, has received considerable attention in recent research studies and investigations. This study
aims at modelling and assessment of a PCM-driven ventilation system. An energy storage system with four
PCM stacks was modelled using Modelica language considering the physical and operational parameters.
Subsequently, the influence of parameters on PCM temperature was evaluated by sensitivity analysis. Using
collected data from a system experiment, unknown parameters for the first stack were estimated on the
first 3 days and validated on the following 2 days through minimizing Root Mean Square Error (RMSE)
of predicted PCM temperature to the measured temperature using a genetic algorithm. The estimated
parameters were applied to the four stacks and developed ventilation system was then validated based on the
5-day measurements from experimental setup. The overall system performance was simulated and assessed
and the PCM thermal energy storage capacity was evaluated. Results showed that the object-oriented
Modelica model yields a sufficient accuracy in capturing the thermal behavior of the PCM-based energy
storage system. For each stack, the RMSE of predicted PCM temperature compared to measurements are
0.277 °C, 0.332 °C, 0.332 °C and 0.410 °C respectively.

Keywords:
Phase change material, Energy storage system, Parameter estimation, Modeling, Validation

1. Introduction
Globally, buildings contribute to approximately 40% of the total energy consumption and ac-
count for up to 30% of the annual greenhouse gas emissions. Among building services, Heating,
Ventilation and Air Conditioning (HVAC) systems consume nearly 50% of total energy both in
residential and commercial sectors [1]. Many countries have set ambitious goals with respect to
reducing energy consumption and greenhouse gas emissions in order to mitigate climate change.
This fact highlights the significance of attaining energy saving in buildings through integrating
energy-efficient technologies. Thermal Energy Storage (TES) systems are deemed to improve
energy efficiency as they enable matching energy demand and supply when they do not coincide
in time. Generally, TES in buildings falls into three main categories: namely sensible thermal
energy storage, latent heat energy storage and thermochemical energy storage. Latent Thermal
Energy Storage (LTES) systems have drawn great attention to be applied in buildings as they
are capable of utilizing ”free cooling” and improving the indoor thermal comfort throughout
the day. This is done by storing nighttime cooling to be supplied during the hot daytime. In
this way, overall cooling consumption is reduced and cooling peak loads can be shifted to more
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desirable periods. In particular, Phase Change Material (PCM), as a storage medium in LTES
systems, has received considerable attentions in recent research studies and investigations [2, 3].
An accurate PCM model is essential to fully understand the heat transfer process of PCM,
which in turn allows evaluating the benefits of implementing PCM and helps optimizing building
design at an early stage. A large block of research has been focusing on modeling and validating
PCM models. Bhamare et al. [4] built a 3D numerical model of PCM integrated into building
roof, the model equations were solved in ANSYS Fluent and validated against experimental
data. Changyu et al.[5] has numerically studied the thermal performance of PCM-filled double
galzing roof. Apart from embedding PCM layer into building envelope such as walls, floors,
roof, etc., active PCM investigations were presented where PCM modules and units serve
as an active component to enhance the efficiency of HVAC systems. For instance, a PCM-
based heat exchanger was developed and the potential of free cooling supplement was assessed
in [6, 7]. Many of the high-fidelity models existing in literature are built based on energy
balance equations characterizing heat and mass transfer using tools such as Matlab. However,
the drawback of these models is that they are not intuitive to many users and it requires
considerable effort to generalize it for different PCM materials and further control designs and
such models requires huge resources to build and tend to be unstable and nonrobust [8]. Under
these circumstances, Modelica is of great interest to be adopted as a flexible, equation-based
and objected-oriented modelling language, which reduces effort for model development and
increase scalability for control implementation. Corinna et al. [9] developed a PCM energy
storage model in Modelica and compared its performance with a sensible water storage in heat
pump systems. However, they focused on qualitatively analyzing the benefit that PCM can
bring rather than validating the PCM model. Akbar [10] demonstrated a Modelica-based PCM
model and validated it under several different scenarios, but the PCM model was aimed at
embedding PCM layer into the building envelope. On the other hand, the development and
validation of PCM-integrated heat exchangers using Modelica was only reported in few studies.
The objective of the paper is to design, develop and validate a PCM-based ventilation system
model using Modelica to predict thermal behaviour of the PCM and evaluate its cooling capac-
ity. The validation of the model will be performed based on experimental data. The developed
model should demonstrate transferability to be further employed in various advanced control
setups. This work is done under the NeGeV project aiming to develop the next generation of
energy-efficient HVAC, offering a technological quantum leap in HVAC solutions [11].

2. Methodology

2.1. Experimental setup

The experimental setup presented in this study is based on a ventilation system comprising
an air-PCM heat exchanger installed in Rubitherm facility in Berlin. As illustrated in Fig. 1,
the system has dimensions of 460 x 520 x 1500 mm consisting of four stacks with horizontal
uniform distribution and each stack has 25 panels distributed evenly in the vertical direction.
Each panel has dimensions of 450 x 300 x 15 mm representing one Compact Storage Module
(CSM) that is made of aluminium with 2 kg of PCM inside. The air gap between each panel is
5 mm. The PCM used in this test is SP21 and its physical and thermal properties are shown
in Table 1. Typical melting range and congealing range of this specific material are 22-23 °C
and 21-19 °C, respectively. Air with a constant air flow rate of 500 m3/h is supplied into the
system. Nine PT100 temperature sensors are placed in the system in order to measure air
and PCM temperature. Air temperature at the inlet and after each stack is measured while
representative PCM temperature is measured on the surface of the middle CSM panel in each
stack. 5-day temperature data is collected from 29-06-2017 to 04-07-2017 in resolution of one
minute.The legends in red shown in Fig. 1 are explained in results and discussions section.
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Figure 1: Diagram of the storage unit with sensors.

Table 1: PCM properties

Density Conductivity Latent heat of fusion Specific heat capacity
[kg/m3] [W/(m·K)] [kJ/kg] [kJ/(kg·K)]

Liquid 1400 0.6 140 2
Solid 1500 0.6 140 2

2.2. Model description

Since one of the requirements of the model is to be further employed in advanced control setups
such as Model Predictive Control (MPC), it is essential that the model is simple and versatile
to be easily reused. In addition, simplified model with high computational speed will reduce
difficulties in MPC implementation. Hence, several assumptions and simplifications are made
in order to obtain a simple model demonstrating sufficient accuracy. One dimensional PCM
model is applied assuming that PCM temperature is uniformly distributed inside each storage
module. Domain discretization along the direction of width, length and height is not taken into
account. Heat is transferred between air and PCM panel via convection while heat transfer
inside the PCM panel is assumed to be purely via conduction. Under these assumptions, each
stack was modeled using one representative control volume consisting of half air gap and half
PCM panel. The control volume for analysis is shown in Fig. 2. Hence, each stack can be
regarded as 50 control volumes with uniform thermal behaviour.

Figure 2: Schematic diagram of control volume.

2.2.1. PCM phase transition curves

Unlike conventional energy storage system, PCM absorbs and releases a large amount of energy
with both sensible and latent heat transfer patterns. The latent heat part is modeled using an
effective temperature dependent heat capacity method as shown in (1),

c (T ) =

(
cpl + hf

dlf
dT

)
lf +

(
cps + hf

dlf
dT

)
(1 − lf ) (1)
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Here l f is the liquid fraction of PCM and is calculated by liquid mass over total mass of PCM.
In order to model hysteresis phenomenon during phase change period, a three layer caliormetry
experiment on a 150 gram sample of SP21 was conducted in a programmable climate chamber.
The experimental data was utilized to fit the hysteresis curve in (2). Here A, K, B, M and V
are the fitting parameters to describe cooling and heating curves for the PCM. Obtained fitting
results are shown in Table 2. The hysteresis curve for both heating and cooling is detailed
by Ljungdahl et al. [12]. The transition process between cooling and heating curves during
partial phase change is implemented using logic as follows: at each time step, T air and T pcm

is compared to determine whether PCM is being melted or solidified by the air stream at that
time step. If it is different from previous time step, switching between heating and cooling
curve happens. In this way, parameter A will be updated based on equation (3) if switching
happens from cooling curve to heating curve, parameter K will be updated using equation (4)
if switching is from heating curve to cooling curve. lfi is the liquid fraction at the switching
point. The updated curve is subsequently employed to compute liquid fraction and derivative
of liquid fraction over temperature, and they are used to determine specific heat capacity of
PCM at the corresponding time step.

lf (T ) = A+
K − A

(1 + e−B(T−M))
1
V

(2)

Acooling−heating =
lfi − K

(1+e−B(T−M))
1
V

1 − 1

(1+e−B(T−M))
1
V

(3)

Kheating−cooling = (lfi − A) · (1 + e−B(T−M))
1
V + A (4)

Table 2: Parameters of hysteresis curve

A K B M V
Cooling 0 1 18.37 21.56 31.11
Heating 0 1 2.118 22.32 2.804

2.2.2. PCM modelica model

The control volume of PCM is implemented using the Modelica programming language in
Dymola 2019. Using Modelica Standard Library (MSL) version 3.2.2 and Buildings Library
version 6.0.0 [13], the Model configuration regarding PCM module and heat exchanger with
air are illustrated in Fig. 3a and Fig. 3b, respectively. The PCM is modeled as a lumped
heat capacitor and thermal conductor. Air volume flow rate is input to the model to compute
Nusselt number and convection heat transfer coefficient. The Nusselt number is calculated using
equation (5), which describes the forced convection in a turbulent air flow for the entrance region
between two isothermal plates. This is valid since the theoretical entrance region is longer than
the width of the panels. Obtained heat transfer coefficient along with T air and T pcm are
used to highlight cooling and heating curves, which are then used for the PCM heat capacity
calculation.

Nu = 7.54 +
0.03(Dh

W
)RePr

1 + 0.016((Dh

W
)RePr)

2
3

(5)

2.3. Model calibration and validation

Since the model emulates the PCM using a lumped heat capacitor and thermal conductor with-
out considering discretization and temperature distribution of the PCM, the model calibration
and validation will be performed to accurately capture thermal behaviour of the PCM and
simultaneously better match experiment data.
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(a) PCM module in Dymola (b) PCM heat exhange with air

Figure 3: Configuration of PCM ventilation system in Dymola

1. A sensitivity analysis is carried out in order to discover the most influential parameters
that contribute to the model accuracy in predicting the PCM temperature. The PCM
model developed in Dymola is exported as a Functional Mock-up Unit (FMU) [14], which
is subsequently run under Python environment using package SALib [15], Global sensitiv-
ity analysis Sobol method is adopted to evaluate influence of each parameter on accuracy
of T pcm . The data for sensitivity analysis is generated using the Saltelli sampler [16],
which is Saltelli’s extension of the Sobol sequence and generates quasi-random sets of the
investigated parameters within defined upper and lower bounds.

2. Based on the sensitivity analysis, 13 most influential parameters on accuracy of PCM
temperature is selected and subjected to a parameter estimation process. The values of
parameters from documentation originally may be inaccurate in this specific experimen-
tal setup, these parameters are therefore estimated again to better fit experiment data.
Parameter estimation is done utilizing Python package Modestpy[17] via iteratively run-
ning FMU of the model minimizing the Root Mean Square Error (RMSE) of simulated
T pcm as compared to measurements. Genetic algorithm is used to find optimum for these
parameters.

3. The resulted set of parameters estimated are used as input into the model, and the up-
dated model is validated accordingly. The initial air and PCM temperature for simulation
is set to be the same as measurement starting point. The model accuracy is assessed by
RMSE of T pcm as compared to measurements. Accuracy of the model prediction on the
temperature of the four stacks is demonstrated afterwards.

4. Energy storage capacity of the PCM is evaluated and compared to reference data.

3. Results and discussions
As for sensitivity analysis, 13 parameters of the model were investigated regarding their influ-
ence on PCM temperature of the first stack, here Bh, Mh and Vh are fitting parameters for
heating curve while Bc, Mc and Vc are fitting parameters for cooling curve as mentioned in
section 2.2.1. The Total Sobol index was calculated and corresponding results were displayed
in Fig. 4. Higher value in Total Sobol index indicates more influence of the parameter on
Tpcm . Results show that air conductivity λa and PCM transition temperature for cooling curve
(Mc) impact T pcm the most, followed by PCM transition temperature for heating curve (Mh),
latent heat of fusion (h f ), thermal conductance of PCM (G). Air conductivity λa allows for
the increase/reduction of the heat transfer between air and PCM, therefore it plays a vital
role in PCM temperature. Two scenarios were considered for parameter estimation based on
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sensitivity analysis results. Since the remaining parameters show minor influence on PCM
temperature, the five mentioned parameters above were estimated in scenario 1. Mc and Mh
are found by three layer caliormetry experiment which is different from experimental setup of
this paper and may have inaccurate values for this study. Therefore, in the scenario 2, hf and
λa values are taken from the documentation while three parameters Mc, Mh, G were estimated
instead of five parameters.

Figure 4: Total Sobol index calculation for the influential parametes

Parameter estimation was performed in the first stack. Results of two different scenarios are
shown in Table 3. Both scenarios used data from the first three day for estimation and validated
on the data from the last two days. RMSE calculated based on validation periods was used to
compare parameter estimation accuracy. It can be seen that estimating five parameters results
in higher model accuracy as compared to scenario that estimated only 3 parameters. However,
the accuracy is not significantly improved and estimating 3 parameters acquires sufficient model
accuracy. Hence, estimated parameters from scenario 2 (Mc = 20.66, Mh = 23.9, G = 15 )
were chosen to be further applied in the following validation process of all four PCM stacks.

Table 3: Parameter estimation scenarios

Estimated parameters Estimation period Validation period RMSE [°C]
scenario 1 Mc, Mh,λa , hf , G 3 days 2 days 0.334
scenario 2 Mc, Mh, G 3 days 2 days 0.348

Simulation of 4-stack PCM ventilation unit was conducted for the entire 5 days from 29-06-2017
to 04-07-2017. Results of the model regarding air temperature at the outlet of each stack and
PCM temperature of each stack are shown in Fig. 5 and Fig. 6 respectively. Here T air meas

is the measured air temperature input to the model. T air sim 1 , T air sim 2 ,T air sim 3 ,T air sim 4

are the corresponding simulated air temperature at the outlet of each stack, and T pcm sim 1 ,
T pcm sim 2 ,T pcm sim 3 ,T pcm sim 4 are the simulated PCM temperature of each stack. The legends
are further clarified in experimental setup Fig. 1. It can be observed intuitively that the
evolution trend of PCM temperature curve is consistent with that of supply air temperature.
When the supply air temperature is high during the day, T air is slightly decreasing from stack
1 to stack 4, so does T pcm . Conversely, when the supply air temperature is low during night,
T air and Tpcm are gradually increasing from stack 1 to stack 4. This is due to the fact that
the PCM absorbs heat from air during the day, which results in decrease of air temperature.
Conversely, the cooling capacity of PCM is recovering during night via releasing heat to the
air. PCM is mitigating the variation of air temperature, especially during the hot period. This
process has verified the benefit of PCM as a ”free cooling” source to adjust air temperature
supplied by the ventilation unit. Simulation results indicate that air can be cooled down up to
approximately 4 °C when employing this specific PCM-driven ventilation system.
As for Tair , it can be seen that the largest temperature difference between inlet and outlet
of each stack is obtained at the first PCM stack, implying that heat transfer between air
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Figure 5: Simulation results of air temperature at each stack

Figure 6: Simulation results of PCM temperature at each stack

and PCM happens mainly at the entrance of ventilation unit and declines along with the
direction of airflow. This phenomenon applies to PCM temperature as well. In order to
quantitatively evaluate model accuracy in terms of predicting Tair and T pcm , RMSE of each
stack was calculated as compared to the measured data. The results are shown in Table 4.
RMSE of Tpcm goes up from stack 1 to stack 4. This can be explained by that prediction error
of the current stack is propagating downstream, making cumulative error of last stack higher
than that of the previous stack. However, RMSE of Tair is not strictly increasing, this maybe
due to that the objective function of parameter estimation is minimizing RMSE of T pcm instead
of minimizing RMSE of both T pcm and Tair .

Table 4: RMSE [°C] of each stack

stack 1 stack 2 stack 3 stack 4
PCM 0.277 0.332 0.332 0.410
Air 0.477 0.336 0.414 0.489

Furthermore, comparisons of simulated PCM temperature with measured PCM temperature at
each stack are shown in Fig. 7, deviation of simulation PCM and air temperature as compared
to measurements at each stack are shown in Fig. 8. Deviation is calculated by absolute error
between simulation results and measurement divided by measurements . From Fig. 7 and Fig.
8, it can be observed that the deviation for each stack exhibits similar trend over simulation
time. Large deviation occurs mainly in the early stage of simulation. One factor contributing
to this can be that the initial condition of PCM (such as lf , dlf / dT) is a guess value and
may not be accurate compared to real system. Another large deviation for both PCM and air
temperature exists at the simulation time of 100 h, this is caused by the big fluctuation of supply
air temperature dropping from around 24 °C to 12 °C. Deviation of T pcm is smaller than that of
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T air on the whole, which is consistent with the results shown in Table 4. Maximum deviations
for T pcm and T air are 5.57% and 7.91%, respectively. Overall, the model matches simulation
results sufficiently well with measurements despite of some discrepancy at simulation start
point. It can be concluded based on these results that the presented PCM model are capable of
capturing the thermal behaviour of the PCM and the developed PCM-based ventilation system
demonstrates sufficient accuracy in terms of emulating the real system.

Figure 7: Validation of simulated PCM temperature against measurements at each stack

Figure 8: Deviation of simulation results compared to measurements at each stack

Based on the model with estimated parameters, evaluation of energy storage capacity of the
PCM was performed. Reference energy storage capacity of PCM SP21 is 170± 7.5 % kJ/kg in
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combination of sensible and latent heat in a temperature range of 13 °C to 28 °C. Therefore,
constant heating source of 28 °C and constant cooling source of 13 °C were input into the
model separately, two curves were illustrated in Fig. 9. Energy storage capacity was obtained
by integrating cp over temperature range from 13 °C to 28 °C. Consequently, obtained cooling
capacity (melting process) is 168.89 kJ/kg and heating capacity (solidification process) is 169.94
kJ/kg, demonstrating that it is very accurate in terms of energy storage capacity.

Figure 9: Evolution of specific heat capacity of PCM when varying temperature

4. Conclusions
In this paper, a one-dimensional simplified PCM model employing a lumped heat capacitor and
conductor was successfully developed in Dymola. Partial phase change was taken into account
and implemented in the PCM model. Subsequently, the PCM model was used in development of
a PCM-driven ventilation system. Sensitivity analysis of the ventilation system was performed
and results show that the five most influential parameters on the PCM temperature are the
air conductivity (λa), PCM transition temperature for cooling curve (Mc), PCM transition
temperature for heating curve (Mh), latent heat of fusion (h f ) and thermal conductance of
PCM (G). Hereafter, Mc, Mh and G were estimated by matching simulated PCM temperature
to measurements from experimental setup. The obtained model with estimated parameters
shows that the simplified PCM model is capable of capturing thermal behaviour of the PCM
and demonstrates ability of providing ”free cooling”. It yields sufficient accuracy in terms
of the PCM and air temperature. Compared to measurement, the RMSE of predicted PCM
temperature in each stack are 0.277°C, 0.332 °C, 0.332 °C and 0.410 °C respectively while the
RMSE of predicted air temperature in each stack are 0.477 °C, 0.336 °C, 0.414 °C and 0.489
°C respectively. The evaluated heating and cooling capacities of the modelled PCM are 169.94
kJ/kg 168.89 kJ/kg respectively, which is consistent with the reference data of 170 ± 7.5 %
kJ/kg. The model developed in Dymola exhibits transferability and it can be easily reproduced
or modified for personal use by any users. The developed PCM model is sufficiently accurate
to emualate physical system. In the future research work, the PCM model integrating with
building zone model can therefore serve as a virtual testbed to investigate performance of
various control setups (such as rule-based control and model predictive control) on PCM-based
ventilation system.
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Nomenclature

cp specific heat capacity, J/(kgK)

G thermal conductance, W/K

hf latent heat of fusion , kJ/kg

Nu Nusselt number

lf liquid fraction

Re Reynolds number

Pr Prandtl number

Dh hydraulic diameter, m

W width of the panel, m

Tpcm PCM temperature, ◦C

Tair air temperature, ◦C

Greek symbols

ρ density, kg/m3

λ thermal conductivity, W/(m · K)

υ viscosity, kg · m−1 · s−1

Subscripts and superscripts

s solid phase

l liquid phase

a air

c cooling curve

h heating curve
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Abstract 

This paper aims to integrate a phase change material 

(PCM) based ventilation cooling system with a building 

zone model and study the feasibility and overall 

performance of model predictive control (MPC) on such 

a system. To achieve this, a surrogate model of a PCM 

ventilation unit model was previously developed and 

validated based on results from an actual experimental 

setup. Here the PCM model is integrated with a calibrated 

grey-box office zone model as a system emulator. The 

simulation results of the whole system are performed 

under real occupancy and climate conditions. An MPC 

framework controlling supply airflow rate of the PCM-

based ventilation cooling system has been developed and 

tested on the emulator under summer weather conditions. 

The performance of the entire system is compared to a 

conventional system employing rule-based control (RBC) 

approach. Results show that PCM-based ventilation 

cooling system allows to mitigate indoor zone thermal 

discomfort. MPC can achieve less energy consumption, 

but it does not necessarily result in less thermal 

discomfort as compared to RBC. 

Key Innovations 

This paper developed an MPC controller for a separate 

PCM-based ventilation cooling system. It contributes to 

exploring the potential benefit of deploying model 

predictive control strategy on a separate PCM-based 

ventilation cooling system as compared to rule-based 

control.  

Practical Implications 

The paper analyses and evaluates the performance of 

MPC and RBC strategies on a PCM-based ventilation 

system for cooling in summer. Results show that MPC 

outperforms RBC in terms of energy savings, and the 

PCM cooling effect is mainly limited by the ambient air 

temperature. 

 

Introduction 

Buildings are responsible for approximately 40% of total 

energy consumption in Europe and the US (Cao et al., 

2016). Among building services, HVAC (Heating, 

Ventilation and Air Conditioning) systems consume 

nearly 50% of total energy both in residential and 

commercial sectors (Pérez-Lombard et al., 2008). This 

highlights the significance of reducing consumption of 

HVAC systems through integrating energy-efficient 

technologies and optimal control. In fact, reducing 

heating consumption in buildings has been intensively 

investigated, whereas ventilation systems with cooling 

capability are not often reported. In Northern Europe 

including Denmark, most buildings are highly insulated 

to reduce heat demand in winter, but few are equipped 

with cooling systems. This fact frequently leads to 

overheating of the building during summer. In order to 

meet indoor thermal comfort requirements and decrease 

energy consumption simultaneously in the summer 

period, techniques employing “free” cooling are therefore 

adopted. Latent Thermal Energy Storage (LTES) systems 

have drawn great attention to be applied in buildings as 

they are capable of improving indoor thermal comfort 

throughout the day by storing cold during the night to be 

supplied at the respectively hotter daytime. In this way, 

overall cooling consumption is reduced and cooling peak 

loads can be shifted to more desirable periods. 

Particularly, Phase Change Material (PCM), as a storage 

medium in LTES systems, has received considerable 

attention in recent research studies and investigations 

(Iten et al., 2016; Rathore and Shukla, 2019). 

Aside from utilizing PCM-based thermal energy storage 

systems, advanced control strategies have been proven to 

facilitate better performance in buildings as compared to 

conventional control strategies such as PID controllers 

and rule-based controllers. It is estimated that these 

advanced strategies can facilitate up to 30% energy 

savings (Costa et al., 2013). One promising advanced 

control strategy that attracts researchers’ interests and 

dominates the research field is model predictive control 

(MPC). Recent literature shows a large amount of work 

concerning MPC controlling conventional HVAC 

systems (Knudsen and Petersen, 2020; Kumar et al., 2020; 

Lee et al., 2020; Zeng and Barooah, 2020). However, it is 

not often reported that MPC regulates indoor climate via 

controlling PCM-based energy storage system for 

ventilation cooling.  

There is a trend of applying PCM-based energy storage 

systems and MPC in buildings aiming to improve the 

performance of HVAC systems. Osterman et al. (2015) 

demonstrated the feasibility of supplying “free” cooling 

and heating for buildings using a PCM thermal storage 

system coupled with a solar air collector. Previous 

research studies of building MPC mainly focus on 

traditional HVAC systems such as controlling radiators, 

cooling and heating coil in ventilation system, ventilation 



 

 

supply air, etc. Anastasios et al. (2018) numerically and 

experimentally investigated MPC control strategy in 

buildings with PCM. However, the PCM was embedded 

in the building envelopes rather than serving as a separate 

energy supply system. Gianluca et al. (2018) formulated 

an MPC controller of a hybrid heating system consisting 

of PCM units and a backup electric heater, comparison 

between RBC and innovative MPC controllers were 

carried out showing that the MPC controller proved to be 

robust and reliable, outperforming classical RBC 

regulation in terms of both provision of comfortable 

indoor temperatures and energy efficiency. 

Gholamibozanjani et al. (2018) proposed an MPC 

controller strategy of PCM heat exchanger for heating. 

They also investigated the influence of building type, 

prediction horizon, decision time step and PCM mass 

capacity on the overall MPC performance. Additionally, 

air-based photovoltaic thermal collector accompanied 

with a PCM thermal storage system were integrated and 

controlled using MPC for operation during both winter 

and summer (Fiorentini et al., 2015). However, to the best 

of the authors’ knowledge, it has not been investigated yet 

on the research question: how does MPC controller 

controlling a separate PCM-based ventilation cooling 

system perform as compared to rule-based controller? 

This research question constitutes the novelty of this 

paper.  

In this paper, a PCM-based ventilation cooling system for 

building application is presented. The overall feasibility 

and performance of the MPC controller for this system 

running during the summer period are investigated and 

compared to RBC.  

 

Methodology 

Figure 1 depicts the overview of the simulation setup 

investigated. It includes an emulation model (PCM 

ventilation system + building zone), a control model, and 

an MPC framework for optimizing and controlling the 

operations of the PCM ventilation system in the case 

building. The proposed MPC strategy is investigated in a 

co-simulation study where MPC control algorithm is 

programmed in Matlab and the controlled building and 

PCM ventilation system was modeled in Dymola using 

Modelica Language (Fritzson and Engelson, 1998). 

Prior to implementing an MPC strategy to control 

physical systems, we develop a surrogate model 

(emulation model) of a PCM ventilation unit as a virtual 

testbed to evaluate MPC performance. The emulation 

model consists of a PCM ventilation model and a building 

zone model. The PCM-based ventilation system model 

was previously developed and validated based on results 

from an actual experimental setup (Yang et al., 2020). To 

test the cooling ability of our PCM-based ventilation 

system, this PCM model is integrated with a grey-box 

office zone model. The integrated PCM model and zone 

model will together serve as an emulation model. A 

simplified control model is developed and utilized in the 

MPC framework for optimization. The objective of the 

controller is to maintain indoor thermal comfort while 

minimizing supplied air volume flow rate of the 

ventilation system. Performance of the entire system is 

compared with a conventional system employing rule-

based control approach in terms of thermal comfort 

violation and total air flow rate.  

Model descriptions for both emulation model and control 

model, together with ruled-based controller and MPC 

framework are described in detail in the following 

subsections. 

Figure 1: overview of simulation setup.  

 

Emulation model--PCM Ventilation System 

The PCM ventilation system model was developed and 

validated against experimental measurements from 

previous work (Yang et al., 2020).  However, the 

developed PCM model shows a small cooling capacity. In 

order to match the system with new prototype 

demonstrating the cooling benefit of the PCM ventilation 

system for a suitable building zone, modifications of the 

model are made such that its cooling effect increases. 

These modifications include reducing air gap between 

each PCM panel and increasing PCM mass of each panel.  

Figure 2 shows the chosen PCM panel and layout of the 

updated ventilation system. It has one stack consisting of 

48 PCM panels that are placed with an even distance in 

the vertical direction. The air gap between panels is 

1.5mm. The maximum air flow rate supplied to the PCM 

ventilation system is 850m3/h. Each PCM panel used in 

the experimental setup is a Compact Storage Module 

(CSM) made of aluminum with 2 kg of PCM inside. Each 

panel has dimensions of 450 x 300 x 15 mm. Table 1 

provides details of PCM physical and thermal properties. 

Typical melting range and solidification range of this 

specific material are 22-23°C and 21-19°C, respectively. 

Depending on charge or discharge process, supplied air is 

either cooled or heated when passing through PCM 

panels. It is assumed that air flow is evenly distributed in 

each air gap between panels. Hence, the PCM panel is 

modeled using a 1-D heat transfer approach where the 

temperature is assumed uniform across the PCM panel in 

one PCM stack. 



 

 

       

Figure 2: PCM panel (left) and updated PCM ventilation 

system layout (right). 

 

Table 1: PCM properties  

Properties Density  

[kg/m3] 

Conductivity 

[W/(mK)] 

Latent heat 

of fusion 

[kJ/kg] 

Specific heat 

capacity 

[kJ/(kgK)] 

Liquid 1400 0.6 140 2 

Solid 1500 0.6 140 2 

 

Emulation Model--Building Zone Model 

One single room located in a Danish university teaching 

building (Figure 3) is adopted to integrate with a PCM-

based ventilation system. The building is a living lab with 

full capability to monitor, manage and control the 

building operation (Jradi et al., 2017). The chosen room 

is a big classroom of 139 m2 equipped with radiators for 

supplying the heating demand. Indoor temperature 

sensors and cameras are installed to collect indoor 

temperature and occupancy data respectively. 

An emulation model which emulates the real building 

room is developed, the optimal decision variables 

obtained from the MPC controller will be applied to the 

emulation model. In general, building zone model falls 

into three categories, namely white-, grey- and black-box 

model. In this paper, grey-box model is chosen as an 

emulation model, which is identical to the control model. 

Grey-box model combines the known physical 

parameters from building documentation and estimated 

parameters based on the measured data. It is deemed that 

grey-box model is sufficiently accurate and requires only 

moderate effort to develop a model among the three 

model categories (Drgoňa et al., 2020). The most common 

grey-box model used for building modeling is RC 

(resistor-capacitor) model (Wang et al., 2019). Our work 

employs a R2C2 model since studies show that second-

order RC model can capture building thermal dynamics 

with good accuracy (Bacher and Madsen, 2011; Sourbron 

et al., 2013). A schematic diagram of the R2C2 zone 

model is shown in Figure 4. Meanwhile, the physical 

meaning of each parameter in Figure 4 is listed in Table 

2. The zone model was developed in our previous work in 

Dymola (Yang et al. 2021). Unknown parameters are 

estimated by fitting the simulated indoor temperature to 

measured indoor temperature using ModestPy - a tool 

applying genetic algorithm for parameter estimation in 

Functional Mock-up Unit (FMU) (Arendt et al., 2019).  

After obtaining a calibrated building zone model, a 

dimension reduction of the model was conducted in order 

to integrate with the new prototype PCM ventilation 

system and design an MPC control strategy. The room is 

scaled to appropriate size of the modeled system. 

Figure 3: OU44 teaching building.  

 

Figure 4: R2C2 schematic diagram of zone model.  

Table 2: Physical meaning of parameters in R2C2 model 

Parameters Unit Physical meaning 

qsolrad W Solar radiation 

qocc W Occupancy heat gain 

q W Heating supplied 

Tout [°C] Ambient air temperature 

Tin [°C] Indoor temperature 

Tint [°C] Temperature of interior heat 

capacity 

Re [K/W] External wall thermal resistance 

Rint [K/W] Interior thermal resistance 

Cin [J/K] Indoor thermal capacity 

Cint [J/K] Interior thermal capacity 

 

Rule-Based Controller 

The PCM model and building zone model are integrated 

as illustrated in Figure 5. There are three main fans (y1, 

y2 and y3) driving ambient air to PCM ventilation unit 

and subsequently the zone. The on/off status of each fan 

decides the airflow path (direction). The simple rule-

based controller targets activating or deactivating the 

PCM ventilation unit according to predefined rules. In this 

paper, we implement four operation modes for the PCM-

based ventilation system as illustrated in the RBC control 

logic flowchart (Figure 6). 

• Ventilation cooling with PCM (mode 1): The 

ventilation mode using PCM is activated when the 

zone indoor temperature is greater than the cooling 

set point (Tsp) and when the PCM temperature 

(Tpcm) is greater than the ambient air temperature 

(Tout). In this case, fans y1 and y2 are switched on 

while fan y3 is switched off. Ambient air is then 

driven through the PCM ventilation unit, and 

subsequently driven into the zone to cool down 

indoor zone temperature.  

             

    

      

       

       

    
       

 



 

 

• Ventilation cooling with ambient air (mode 2): The 

ventilation cooling mode using ambient air is 

activated when zone indoor temperature is less than 

cooling set point (Tsp) and PCM temperature (Tpcm) 

is greater than ambient air temperature (Tout). In this 

case, fans y1 and y2 are switched off, while fan y3 is 

switched on. Physically the PCM unit is bypassed in 

this mode, ambient air is then driven directly to zone 

for cooling purpose. 

• Regeneration of PCM (mode 3): Cooling capacity 

of PCM will be charged if (Tin<Tsp)& (Tpcm>Tout). 

In this case, fan y1 is switched on, while fans y2 and 

y3 are switched off.  

• No air supply to either zone or PCM (mode 4): In 

other cases, all three fans y1, y2 and y3 are switched 

off, meaning that there is no air supplied either to 

PCM or zone.  

The rule-based controller is implemented in Dymola, the 

time step indicated in the control logic flowchart is 900s 

(15 minutes) and the cooling set point is 24°C. By 

switching on/off the fans, air flows into the system can be 

either 0 m3/h or 850 m3/h (maximum air flow rate). The 

developed RBC model is exported as an FMU and 

simulated in Simulink as a baseline controller, which is 

compared to the MPC controller. 

 

 

Figure 5: Integration of PCM ventilation unit with 

building zone. 

Figure 6: Rule-based controller algorithm flowchart. 

Control Model 

The model predictive control approach is equivalent to 

solving a constrained optimization problem that finds 

optimal control variables to minimize the defined 

objective function at a given finite optimization horizon. 

The resulting optimal control variable will be only applied 

in a shorter control horizon than optimization horizon. 

Then the system shifts to the next optimization horizon 

and the optimization procedure is repeated. In this regard, 

a control-oriented system model that allows to accurately 

predict the system's future behaviors and simultaneously 

have appropriate complexity is essential for MPC (Prívara 

et al., 2013). 

In this paper, the proposed control model is built based on 

the different operation modes stated in the rule-based 

controller logic. For the building zone, the time-invariant 

state space control model (Equation (1) in Table 3) is 

derived analytically based on R2C2 structure showed in 

Figure 4. The model has two states Tin and Tint, shgc is 

the coefficient of solar radiation, occ_gain is the heat gain 

per person and occ is the occupant number. The q 

hereafter refers to ventilation cooling, it is subject to 

change on different operation mode, details of calculating 

q is explained in Equation (2). Tsup is the outlet 

temperature of PCM ventilation system, which is also the 

temperature of the supply air to the building zone. It is 

derived from the emulator “measurement” and is assumed 

unchanged over the given optimization horizon for 

simplification purpose. Such simplification stands when 

optimization horizon and control horizon is relatively 

short (2.5 hours and 15 minutes respectively, which will 

be stated in Model Predictive Controller Setup section). 

As such, Tsup will be updated every 15 minutes by the 

emulator “measurement”. 

For the PCM ventilation system, the evolution of PCM 

temperature (Tpcm) is described in Equation (3). The 

cooling capacity of the PCM was previously evaluated by 

integrating specific heat capacity over a temperature 

range from 13 °C to 28 °C, resulting in 170kJ/kg (Yang et 

al., 2020). Hence, the changing parameter specific heat 

capacity of 𝑐𝑝𝑝𝑐𝑚  is approximately simplified to be 17 

kJ/(kgK) if 15°C < Tpcm < 25°C and 2 kJ/(kgK) 

otherwise. 

 

Model Predictive Controller Setup 

The objective function is shown in Equation (4).  is 1 

when Tin exceeds Tsp and 0 otherwise.  is introduced in 

order to penalize the condition that indoor temperature is 

higher than cooling set point. Tsp is the cooling set point 

(24°C), Tref is set to be 13°C as we assume regeneration 

process completes at this temperature. The parameters 

used in the objective function have been normalized to be 

in the range of [0, 1]. The trial and error process has been 

conducted to the best possible representation of the 

thermal discomfort and energy consumption in objective 

functions. 

The MPC strategy is tested with a two-day simulation in 

August of 2019. The measured weather data (solar  

                            

   

    

  



 

 

 Table 3: List of equations 

 

radiation, ambient temperature) is used as ideal forecast. 

It is assumed occupant number is 6 during the day (9:00 

to 17:00) and no people in the other period. The data was 

sampled every 900s (15 minutes). The optimization 

horizon is 2.5 hours while the control horizon is 900s.  

The control variable is ventilation air flow rate Vair 

[m3/h], constraints for control variable is [0, 850] m3/h.  

The re-optimization procedure in MPC requires 

initializing model states at the next time step, which is the 

state estimation process. In this work, we utilize the 

emulation output of states as the initial value for the next 

control step. MPC controller is implemented in Matlab 

using non-linear MPC toolbox, the emulation model is 

simulated using Simulink interface for co-simulation. The 

default sequential quadratic programming algorithm is 

applied to solve the optimization problem. 

 

Results and Discussion 

In this section, we provide details on the evaluation and 

performance of the rule-based and model predictive 

controllers. 

Figure 7 shows the simulation results of the room without 

cooling power in the investigated summer period. It can 

be observed that the room cannot cool down passively if 

there is no additional cooling supplied. Indoor 

temperature can reach as high as 30°C for the two-day 

simulation. In summer, the threshold temperature for 

indoor thermal comfort is set at 24°C. Violation of 

thermal comfort results due to hot weather, well-insulated 

building envelope and a lack of air conditioning facilities. 

Under these conditions, the significance of applying “free 

cooling” technique to regulate indoor climate is justified. 

Two-day simulation results of rule-based controller are 

demonstrated in Figure 8. Weather and occupancy data 

used for this scenario is consistent with data shown in 

Figure 7. The initial zone and PCM temperature are 20°C 

and 15°C, respectively. Overall, the indoor temperature 

declines and thermal discomfort is reduced as compared 

to zone without PCM ventilation system. Utilizing PCM- 

based ventilation system allows to mitigate overheat of 

Figure 7: Zone temperature evolution when no cooling 

supplied. 

Figure 8: RBC simulation results for two days. 



 

 

the zone during summer. However, utilizing PCM 

ventilation system alone fails to keep indoor temperature 

lower than cooling set point during the simulated two 

days. The peak indoor temperature can still reach 26°C. 

The potential reason could be that cooling potential of 

PCM ventilation system relies on ambient air 

temperature, which is determined by system layout and 

cannot be avoided. This entails that an additional chiller 

can be added as a supplementary cooling source apart 

from the PCM ventilation system. 

In general, the PCM ventilation system, under the RBC 

control, successively undergoes four processes and 

repeats: regeneration process (mode 3), no air supply 

process (mode 4), ventilation cooling with PCM process 

(mode 1) and ventilation cooling with ambient air process 

(mode 2). Furthermore, the liquid fraction of PCM did not 

reach 1, which means that there is still some cooling 

power available in the PCM during the simulated period. 

Figure 9 and Figure 10 show the two-day MPC simulation 

results and comparison between RBC and MPC, 

respectively. As shown in Figure 9, it can be seen 

conspicuously that the indoor zone temperature is still 

higher than the cooling set point, which indicates that 

MPC controller performance is also impaired by the 

ambient air temperature.  

The PCM ventilation system firstly proceeds with a 

regeneration process as well. However, compared to RBC 

shown in Figure 10, MPC controller requires less air flow 

rate during regeneration. This is due to that MPC 

controller tries to bring PCM temperature down to 13°C 

while RBC controller keeps charging as ambient 

temperature decreases. The liquid fraction of PCM 

verified that PCM completely solidifies at the temperature 

of 13°C. 

Figure 9: MPC simulation results for two days. 

Subsequently, MPC takes advantage of forecasting indoor 

temperature and tries to precool it using PCM ventilation 

system while the RBC controller only activates when Tin 

is higher than the cooling set point (24°C). However, there 

is no significant difference between RBC and MPC in 

terms of regulating indoor temperature. This can be 

explained by the following reason: the significantly 

different profiles of the control variables (i.e. the supply 

air volume) between MPC and RBC are observed in two 

modes (mode 3 and mode 1) as shown in Figure 10. 

During mode 3, the PCM ventilation system is under 

regeneration process, where the air is bypassed, and 

indoor temperature is cooling down passively. During 

mode 1, the MPC tries to precool indoor air temperature. 

However, supply air temperature (Tsup) in the precooling 

process is very close to Tin (as can be seen in Figure 9), 

resulting in very small cooling power provided to the zone 

even with maximum air flow rate. Besides, during mode 

2 (cooling with ambient air), the cooling power is similar 

given that the supply air volume for RBC and MPC are 

close.  

It can be inferred that lower ambient temperature enables 

lower Tsup, which enhances the pre-cooling effect of 

MPC as compared to RBC. Next, both MPC and RBC 

controllers run at the mode of ventilation cooling with 

ambient air. Given the same ambient air temperature and 

air flow rate, the cooling power provided by both 

controlled in this phase is identical. Lastly, the system 

repeats the regeneration process. 

Figure 10: Comparison of RBC and MPC.  

In order to quantitatively evaluate RBC and MPC 

performance, two key performance indicators are 

proposed. They are average air flow rate over two-day 

simulation and thermal discomfort. The thermal 

discomfort is calculated as integral of indoor temperature 

violation (as compared to Tsp 24°C) over simulation time 

when the room is occupied. Results are shown in Table 3. 

It shows that MPC and RBC achieve similar thermal 

discomfort values, while MPC requires less air supply, 

hinting that MPC outperforms RBC in terms of energy 



 

 

savings. On the other hand, looking at the fan on/off status 

of MPC and RBC shown in Figure 11, it is obvious that 

switching on/off the fans happens more frequently for 

RBC. Frequent switching between RBC modes occurs is 

likely due to no hysteresis imposed in the current RBC 

controller. Based on the discussion above, it can be 

concluded that compared to RBC, MPC can achieve less 

energy consumption, but it does not necessarily result in 

less thermal discomfort. 

It has to be noted that the multi-stage optimization 

problem is solved in this paper where the algorithm 

chooses the corresponding objective function and control 

model based on the current mode. It can lead to a sub-

optimal solution if there is more than one mode in each 

optimization horizon. Therefore, in the current MPC 

setup, a relatively short optimization horizon of 2.5h is 

applied to mitigate the effect of sub-optimality. 

 

Table 3: Key performance indicators for two-day 

simulation  

KPI Average Vair [m3/h] Discomfort [Kh] 

MPC 468.3 10.44 

RBC 606.5 9.41 

 

Figure 11: Fan status of RBC and MPC controller. 

 

Conclusion and Future Work 

This work has investigated the potential of model 

predictive control strategy on PCM-based ventilation 

system to cool down an overheated building room in the 

summer period. The emulation model of a building zone 

integrated with PCM was first described, followed by 

details of rule-based controller and MPC framework. 

Simulations of the whole system are performed under 

occupancy and climate data. The performance of an MPC 

control strategy and rule-based control strategy was 

compared in terms of energy savings and thermal 

discomfort.  

Conclusions can be drawn based on the study above: 

• PCM-based ventilation cooling system allows to 

mitigate indoor zone thermal discomfort. But its 

effect is limited by the weather conditions. 

• MPC can achieve less energy consumption, but it 

does not necessarily result in less thermal discomfort 

as compared to RBC. Weather conditions may allow 

for an appropriate tuning depending on a specific 

archetype data. 

For future work, it would be useful to investigate the 

influence of weather conditions (ambient air 

temperature), fan specification (maximum air flow rate), 

and fan operation mode (on/off vs dynamic operation). 

Sensitivity analysis can be performed as well to study the 

impact of MPC setup, such as data sampling time, 

optimization horizon, control horizon, different objective 

functions, etc. Besides, the MPC framework in this paper 

used the air flow rate as a proxy for the fan energy 

consumption. However, these two parameters are 

normally not linearly related. It is therefore worth 

identifying the correlation between air flow rate with fan 

power consumption and including minimization of the fan 

power as an additional objective when comparing with 

RBC. Furthermore, by integrating real-time electricity 

price into the models, optimizing energy costs could be 

investigated as well. 
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Abstract 

Model predictive control is deemed a promising strategy to operate building energy systems in an optimal 

manner. This paper presents a study on the feasibility and overall performance of a mixed-integer model 

predictive controller (MPC) as compared to a conventional rule-based controller (RBC) for a phase change 

material (PCM) based ventilation system under Danish summer climate conditions. A simulation-based study 

was conducted where a surrogate model representing the integration of a PCM-based ventilation unit and a 

building zone, a controller model, a model predictive controller, and a rule-based controller were developed. 

The results show that MPC outperforms RBC and can optimally manage a multimode PCM-based ventilation 

cooling system, resulting in 91.51% indoor discomfort reduction and 49.02% cost savings for a sample 5-day 

simulation compared to RBC scenario. A sensitivity analysis was carried out to investigate the impact of 

occupancy, solar radiation, ambient temperature and PCM mass on the controller performance. The simulation 

results show that occupancy, solar radiation, ambient temperature have an inversely proportional impact on the 

system operation cost. A large influence of ambient temperature on control performance is found and a PCM-

based ventilation cooling system finely tuned for a specific climate condition is a prerequisite to fully exploit 

the achievable benefits of MPC. 

Keywords: Phase change material, Thermal energy storage, Model predictive control, Free cooling, 

Ventilation  

 

Nomenclature  

qsolrad W Solar radiation mpcm [kg]  PCM mass 

qocc W Occupancy heat gain LF [-] The liquid fraction of PCM 

q W Heating/cooling supplied Cair [J/(kgK)] Specific heat capacity of air 

Tamb [°C] Ambient air temperature ρair [kg/m3] Air density 

Tin [°C] Indoor temperature Cpcm [J/(kgK)] Specific heat capacity of PCM 

Tint [°C] The temperature of interior heat 

capacity 

Tsup [°C] Air temperature at the outlet of the 

PCM-based ventilation system 

Re [K/W] External wall thermal resistance occ [-] Number of occupants 

Rint [K/W] Interior thermal resistance Pfan [W] Fan power consumption  

Cin [J/K] Indoor thermal capacity Tsp [°C] The cooling setpoint of the room 

Cint [J/K] Interior thermal capacity Tpcm [°C] PCM temperature  

shgc [-] Coefficient of solar radiation u1 [-] System operation mode 1  

solrad [W/m2] Solar radiation u2 [-] System operation mode 2 

Vair [m3/h] Supply airflow rate u3 [-] System operation mode 3 

occgain [W] Heat gains per occupant u4 [-] System operation mode 4 



 

 

 

1. Introduction 

Globally, buildings contribute to approximately 40% of the total energy consumption and 33% of the total CO2 

emissions [1]. Among all the building subsystems, equipment, and services, the Heating, Ventilation, and Air 

conditioning (HVAC) system is the major energy consumer, to which around 50% of the total building energy 

consumption is attributed [2]. In this regard, there is a growing demand to improve HVAC operational efficiency 

and reduce building energy consumption via different innovative techniques and advanced control strategies. 

Thermal energy storage (TES) offers the potential to improve HVAC system efficiency [3]. One of the main 

benefits of integrating TES into buildings is to mitigate or eliminate the mismatch between the heating or 

cooling supply with demand. Shifting heating or cooling peak load to a more desired period is possible owing 

to TES. Generally, TES systems are categorized into sensible thermal energy storage, latent thermal energy 

storage (LTES) and thermochemical energy storage. Among them, an increasing interest in latent thermal 

energy storage applications has been seen in recent years [4]. Employing phase change material as an energy 

storage medium, the LTES system exhibits high energy storage capacity within a relatively narrow temperature 

range [5], [6]. The utilization of PCM in buildings falls into either passive or active applications. For passive 

applications, PCM is encapsulated into the building envelope such as walls and ceilings. Alternatively, PCM is 

embedded in a separate heat exchanger in active applications. In combination with e.g., solar collectors or air 

conditioning systems, a PCM-based heat exchanger can provide “free” heating or cooling [7].  

PCM-based ventilation cooling systems, which is the focus of this work, are valuable in regions like Denmark, 

where buildings are highly insulated to reduce heating consumption during cold wintertime, and thus frequent 

indoor temperature violations are observed during the hot summer period. The use of a PCM-based ventilation 

system allows cooling of indoor environments during hot daytime by storing heat in the PCM which is then 

released outside at night when the ambient temperature is low.  

It has been widely acknowledged that implementing advanced control strategies in buildings allows optimal 

operation and more energy and cost savings as compared to conventional control techniques such as rule-based 

control and Proportional-Integral-Derivative (PID) control. Up to 30% energy savings can be expected using 

these advanced control strategies depending on the chosen baseline controller and optimization objectives [8]. 

Among them, model predictive control, an evolving optimal control strategy, has attracted many researchers' 

interest in building applications over the last decade [9]. Recent literature shows a block of work dealing with 

MPC for conventional HVAC systems control [10–13]. However, the study on MPC for PCM-based thermal 

energy storage systems is still limited. 

Numerical and experimental investigations of MPC for buildings employing PCM were conducted in [14]. 

However, this work focuses on the passive application of PCM in buildings, where the PCM was embedded in 

the building envelopes instead of working as a stand-alone energy storage unit. The proposed MPC strategy is 

reported to enable 20.4% and 21.6% peak reduction of heat demand for the first and second tested day, 

respectively. Often, passive PCM application offers less flexibility to be controlled compared to active PCM 

applications [5]. Gianluca et al. [9] applied MPC on a hybrid heating system consisting of PCM coupled solar 

collectors and a backup electric heater. Their work shows that MPC outperforms classical RBC regulation with 

energy demand reductions from 19.2% to 31.8% depending on controller setup. Gholamibozanjani et al. [15] 

proposed an MPC strategy of a PCM heat exchanger for heating. The influence of building type, prediction 

horizon, decision time step, and PCM mass capacity on the overall MPC performance was studied. Their work 

aimed to utilize PCM and solar collectors to meet the prescribed heating demand of the building, which is 

calculated offline in advance. Such an MPC configuration is incapable of demonstrating indoor temperature 

evolution. Fiorentini et al. [16] presented a practical implementation of a mixed-integer MPC for both heating 

and cooling using air-based photovoltaic thermal collectors accompanied with a PCM thermal storage system. 

The investigated system shows a switching dynamics of different operation mode. The proposed approach 

demonstrates high performance in optimizing the operation of a multimode HVAC system. However, the MPC 



 

 

 

was not benchmarked against RBC to manifest the advantages of MPC compared to conventional controllers. 

One major challenge of MPC for PCM-based ventilation system is to estimate the PCM temperature. They 

handled this simply by performing an energy balance for each operation mode, where a first-order differential 

equation is applied to calculate PCM temperature. Their approach is adopted in this paper.   

Work preceding the present paper formulated a multi-stage MPC for the investigated PCM-based ventilation 

system, in which system operation mode was decided based on specific rules [17]. Limited improvements in 

terms of thermal comfort and energy savings are observed with this approach. Having a similar system and 

inspired by the work conducted by Fiorentini et al. [16], this paper extends the previous work by employing a 

mixed-integer MPC approach, aiming to optimally select operation mode and wisely manage a PCM-based 

ventilation system. 

In this paper, the formulation and implementation of a mixed-integer linear MPC algorithm for a PCM-based 

ventilation cooling system considering the weather forecast, occupancy disturbances, and time-varying 

electricity price is presented. The goal of the proposed controller is to minimize indoor thermal discomfort and 

system operation cost via optimally controlling the ventilation system operation mode. Indoor CO2 

concentration is not regulated by the presented PCM-based ventilation system. We compare the performance of 

the proposed MPC algorithm with a benchmark rule-based controller in terms of key performance indicators to 

evaluate technical and economic feasibility. In addition, the impact of disturbances including solar radiation, 

occupancy profile, ambient temperature, and PCM mass on MPC and RBC performance, is studied.  

 

2. Methodology 

Prior to the practical implementation of the proposed MPC strategy in physical systems, a virtual simulation-

based study is conducted to assess the potential benefit that MPC can bring. Figure 1 outlines the overall 

simulation setup, which consists of a surrogate model representing the real systems, a control-oriented model, 

and an MPC framework to optimize and control the operations of a PCM-based ventilation system in the 

investigated building. The surrogate model, hereafter referred to as the emulation model or emulator, is 

developed by integrating a PCM-based ventilation system with a building zone. At each time step, the control 

model, in combination with the forecast, predefined objective function, and constraints, formulates an 

optimization problem, which is solved by an appropriately chosen solver for a finite time horizon (optimization 

horizon). Rather than feeding optimal control input into the emulator for the entire optimization horizon, MPC 

only applies some of the first control sequences for a shorter time window (control horizon). The resulting 

simulation output of the emulator is considered as the “measured data” fed into the control model to update 

initial states at the next time step. Accordingly, optimization is shifted to the next optimization horizon and the 

procedure is repeated.  

The proposed MPC strategy is investigated in a co-simulation study where the MPC algorithm is programmed 

in Matlab using the Yalmip toolbox [18] and the emulation models of building and PCM-based ventilation 

systems were originally modelled in Dymola using Modelica modelling language [19]. The emulator is exported 

as a Functional Mock-up Unit (FMU), following the Functional Mock-up Interface [20] and allowing co-

simulation in Simulink. The optimization is formulated as a mixed-integer linear programming problem and 

solved using Gurobi [21]. The performance of the entire system is compared with a conventional system 

employing rule-based control approach. Model descriptions for both emulation model and control model, 

together with ruled-based controller and MPC framework are presented in detail in the following sections. 



 

 

 

 

Figure 1: Schematic overview of the MPC simulation setup.  

2.1 PCM-based Ventilation System 

The original PCM-based ventilation system model was developed and validated against experimental 

measurements from our previous work [22]. Figure 2a shows the original experimental system layout, which 

comprises 4-stacks of PCM plates with horizontal uniform distribution, and each stack contains 25 PCM panels 

placed evenly in the vertical direction. As shown in Figure 2b, the PCM panel is devised as a compact storage 

module that is made of aluminum and confines 2kg of PCM inside. Each panel has dimensions of 450 x 300 x 

15 mm and the air gap between panels is 5 mm. The PCM panels are supplied by Rubitherm Technologies. 

Choosing a proper PCM is non-trivial and highly affected by ambient climate conditions. To make the PCM 

extract heat opportunely, the PCM melting temperature must be lower than the ambient air temperature when 

cooling power is needed. Likewise, the PCM solidification temperature should be higher than the ambient 

temperature during the night to facilitate PCM solidification. Hence, the PCM, an inorganic salt-hydrate SP21, 

was selected and the corresponding physical and thermal properties are shown in Table 1. The typical melting- 

and solidification range of SP21 are 22-23°C and 21-19°C, respectively. The supply air is assumed to distribute 

uniformly in each air gap. The system was modelled as a 1-D heat transfer dynamics assuming that the PCM 

temperature does not differ in height and width directions. In addition, the hysteresis of PCM was modelled 

following [23] to characterize the difference between the melting and solidification transition process.  

Based on the original design presented in [22], the system design was modified slightly in this paper to simplify 

the investigation of the various control strategies. These modifications include reducing the air gap between 

each PCM panel to 1.5 mm and replacing the 4-stack PCM plates by only one stack, which involves 48 PCM 

panels placed at an even distance vertically. Figure 2c depicts the chosen PCM panel and layout of the modified 

PCM-based ventilation system.  

               

                                (a)                                                                        (b)                                                 (c) 

Figure 2: (a) Original 4-stack PCM-based ventilation system, (b) PCM panel, (c) modified one-stack PCM-based 

ventilation system used in current work.  

             



 

 

 

Table 1. PCM properties  

Properties Density  

[kg/m3] 

Thermal conductivity 

[W/(mK)] 

Latent heat of fusion 

[kJ/kg] 

Specific heat capacity 

[kJ/(kgK)] 

Liquid phase 1400 0.6 140 2 

Solid phase 1500 0.6 140 2 

 

2.2 Building Zone Model 

The common practice when modelling building zones is either white-, grey- or black-box approaches. White-

box models describe buildings explicitly based on detailed physical processes and equations and detailed 

documentation of building properties is needed. Mature modelling software such as EnergyPlus, TRNSYS, and 

ESP-r is often used to develop a white-box model. The Grey-box model combines the known physical 

parameters from building documentation and estimated parameters based on the measured data whilst the black-

box is built purely using input and output data. It is deemed that the grey-box model is sufficiently accurate and 

requires only moderate effort to develop a model among the three model methods [24]. Comparisons of white-

, grey- and black-box models for building MPC are reported in [25], [26]. 

In this paper, we focus on evaluating MPC performance applied to a PCM-based ventilation system. The model 

mismatch between the building’s emulation model and control model is out of the study scope. Hence, an 

identical building emulation and control model is developed using the grey-box modelling approach, 

specifically the R2C2 model, since evidence from studies shows that building thermal dynamics can be captured 

sufficiently accurate using the second-order RC (resistor-capacitor) model [27], [28]. 

The schematic diagram of the R2C2 model is shown in Figure 3. The room is 35m2 and the zone model was 

developed in Dymola and full development and implementation details are presented in the authors’ previous 

work [29]. The model was calibrated using time-series on-site measurements. Unknown parameters of the 

model were estimated by fitting the simulated indoor temperature to measured indoor temperature using 

ModestPy - a tool applying a genetic algorithm for parameter estimation in Functional Mock-up Unit (FMU) 

[30]. Parameters and values used in the R2C2 model are summarized in Table 2. 

 

Figure 3. R2C2 schematic diagram of zone model.  

 

Table 2. Parameters and values for the R2C2 model  

Re 

[K/W] 

Rint 

[K/W] 

Cin 

[J/K] 

Cint 

[J/K] 

shgc 

[-] 

occgain 

[W] 

0.0407 0.000678 3.67e6 2.62e6 1.985 100 

 

 

 



 

 

 

2.3 Rule-Based Controller  

The PCM-based ventilation system model and building zone model are coupled in Dymola as shown in Figure 

4. There are two fans (F1 and F2) and four dampers (D1, D2, D3, and D4) in the combined system. F1 drives 

the supply air while F2 is extracting exhaust air from the zone. Depending on the different operating modes 

given by the predefined rules, the fans and dampers are switched on/off accordingly.   

 

Figure 4. Schematics of PCM-ventilation system integrated with the office zone model  

Currently, conventional control strategy, for instance, RBC is predominantly applied in both commercial and 

residential buildings because it is relatively simple and can be readily deployed [31]. Typical RBC options are 

weather-based [32], price-based [33], or occupancy-based [34]. In this paper, a weather-based RBC is developed 

considering the use of PCM in our case study highly relies on the ambient temperature profile. The RBC logic 

is illustrated in Figure 5, which originated from our previous work [35]. At each time step, the controller 

compares ambient temperature, PCM temperature, and indoor zone temperature, and chooses the corresponding 

ventilation operation mode. Accordingly, four operation modes have been implemented, which are detailed as 

follows: 

• Ventilation with PCM (mode 1) 

The ventilation mode using PCM is activated when the zone indoor temperature is greater than the cooling 

setpoint (Tsp) and at the same time, the PCM temperature (Tpcm) is smaller or equal to the ambient air temperature 

(Tamb). In this case, fans F1 and F2 are switched on, dampers D1 and D3 are fully open, dampers D2 and D4 are 

closed. Ambient air is passed through the PCM ventilation unit and subsequently driven into the zone to cool 

down indoor zone temperature.  

• Ventilation with ambient air (mode 2) 

The ventilation cooling mode using ambient air is activated when zone indoor temperature is larger than cooling 

setpoint (Tsp) and PCM temperature (Tpcm) is greater than ambient air temperature (Tamb). In this case, fans F1 

and F2 are switched on. Damper D2 is fully open, dampers D1, D3, and D4 are closed. Physically, the PCM 

unit is bypassed in this mode, ambient air is then driven directly to the zone for cooling purposes. 

• Regeneration of PCM (mode 3) 

If the zone satisfies the thermal comfort constraint (Tin<=Tsp) and meanwhile ambient temperature is lower than 

PCM temperature (Tpcm>Tamb), then the PCM is cooled by ambient air. Thus, heat is released from the PCM and 



 

 

 

the PCM solidifies. In this case, fans F1 is switched on, fan F2 is switched off, dampers D1 and D4 are fully 

open, dampers D2 and D3 are closed. 

• No air supply (mode 4) 

In other cases, both fans are switched off and all dampers are closed, meaning that the systems are shut down 

and the air is neither supplied to the PCM unit nor directly to the building zone.  

The RBC is developed in Dymola, the time step indicated in the control logic flowchart is 1800 s (30 minutes). 

The time-dependent cooling setpoint is 24 °C from 8 am to 5 pm during the day and 30 °C otherwise. The 

system is supplying a constant airflow rate of 850 m3/h whenever switching on and 0 m3/h otherwise. The 

developed RBC model is exported as an FMU and simulated in Simulink as a baseline controller, benchmarking 

the control performance as compared to MPC. 

 

 

Figure 5. Rule-based controller algorithm flowchart. 

 

 



 

 

 

2.4 Model Predictive Controller 

The rule-based controller chooses operation mode only if the predefined rules are triggered. In contrast to this, 

the model predictive controller is capable of accurately capturing system dynamics as a function of system 

initial states, controlled variables, and uncontrolled disturbances such that it selects the optimal sequence of 

future operation modes given a set of defined objectives. This is achieved by solving a numerical optimization 

problem. Designing such an MPC requires configuring the corresponding main elements: control-oriented 

model, control variables, constraints, disturbance forecast, and objective function. 

2.4.1 Control-oriented model 

The control-oriented model is given by Eq. (1)-(3).  The control model has three states describing the system 

dynamics, i.e., 𝑥 = [𝑇𝑖𝑛 𝑇𝑖𝑛𝑡 𝑇𝑝𝑐𝑚]
𝑇. The first two states are attributed to the building zone as stated in Eq. (1) 

and in accordance with Figure 3, whilst the last state is related to the PCM-based ventilation system as described 

in Eq. (3).  Eq. (1) is derived analytically based on the R2C2 structure. The q in Eq. (2) hereafter refers to 

ventilation cooling power. It can be noted that both q and the PCM temperature evolution are subject to change 

depending on the different operation modes. 𝑇𝑠𝑢𝑝 is the outlet temperature of the PCM-based ventilation system, 

which is also the temperature of the supply air to the building zone. 𝑇𝑠𝑢𝑝 = (𝑇𝑝𝑐𝑚 + 𝑇𝑎𝑚𝑏)/2 is assumed to 

simplify the control model, which is reasonable according to our previous simulation results [17]. The 

temperature-dependent parameter 𝑐𝑝𝑐𝑚 can be approximately simplified using a medium value of 30 kJ/(kgK) 

if 13°C < Tpcm < 28°C and 2 kJ/(kgK) otherwise, according to its piecewise-affine feature. 

[
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𝑞 =

{
 

 
𝑐𝑎𝑖𝑟 ∙ 𝜌𝑎𝑖𝑟 ∙ 𝑉𝑎𝑖𝑟 ∙ (𝑇𝑠𝑢𝑝 − 𝑇𝑖𝑛)            if   𝑢1 = 1

𝑐𝑎𝑖𝑟 ∙ 𝜌𝑎𝑖𝑟 ∙ 𝑉𝑎𝑖𝑟 ∙ (𝑇𝑎𝑚𝑏 − 𝑇𝑖𝑛)          if   𝑢2 = 1
0                                                                if   𝑢3 = 1
0                                                                if   𝑢4 = 1

          (2) 

�̇�𝑝𝑐𝑚 =

{
 
 

 
 𝑐𝑎𝑖𝑟 ∙ 𝜌𝑎𝑖𝑟 ∙ 𝑉𝑎𝑖𝑟 ∙ (𝑇𝑎𝑚𝑏 − 𝑇𝑝𝑐𝑚) 𝑐𝑝𝑐𝑚⁄ 𝑚𝑝𝑐𝑚⁄            𝑖𝑓   𝑢1 = 1

0                                                                                              𝑖𝑓   𝑢2 = 1

𝑐𝑎𝑖𝑟 ∙ 𝜌𝑎𝑖𝑟 ∙ 𝑉𝑎𝑖𝑟 ∙ (𝑇𝑎𝑚𝑏 − 𝑇𝑝𝑐𝑚) 𝑐𝑝𝑐𝑚⁄ 𝑚𝑝𝑐𝑚⁄            𝑖𝑓   𝑢3 = 1

0                                                                                             𝑖𝑓   𝑢4 = 1

          (3) 

2.4.2 Control variables and constraints 

In this system, the control variable is 𝑢 = [𝑢1 𝑢2 𝑢3 𝑢4]
𝑇, which denotes the operation mode 1-4. At each time 

step, constraints on the control variable are imposed to reflect the system operation limit, which are summarized 

in Eq. (4)-(5). This indicates that two modes are unable to run at the same time. Constraints on the states are not 

directly imposed as they are constructed in the objective functions instead.  

 𝑢1, 𝑢2, 𝑢3, 𝑢4  ∈ {0, 1}          (4) 

𝑢1 + 𝑢2 + 𝑢3 + 𝑢4 = 1       (5) 

 

 



 

 

 

2.4.3 Disturbances forecast 

The disturbances, referring to uncontrolled inputs that influence the system’s evolution, encompass weather, 

occupancy profile, and electricity price. In this work, they are considered known a-priori for a specific prediction 

horizon. The ambient temperature, occupancy and solar radiation are derived from 5 typical hot days in August 

2019 in Denmark. Weather and occupancy profile is collected in the resolution of one minute and resampled 

for 30 minutes. The electricity price is the end-user price acquired considering the hourly NordPool spot price 

and all necessary tariffs and levies. 

2.4.4 Objective function 

The objective function is formulated as a weight sum multi-objective function shown in Eqs. (6)-(9). 

             𝑚𝑖𝑛{u}0N−1   𝐽 =  𝛼 ∙ 𝐽𝑐 +  𝛽 ∙ 𝐽𝑡 +  𝛾 ∙ 𝐽𝑟                  (6) 

Where  𝐽𝑐 = ∑ (2𝑢1 + 2𝑢2 + 𝑢3) ∙ 𝑃𝑓𝑎𝑛 ∙ 𝑃𝑟𝑖𝑐𝑒𝑒𝑙
𝑁−1
𝑘=0 ;      (7) 

             𝐽𝑡 = ∑ 𝜔 ∙ (𝑇𝑖𝑛 − 𝑇𝑠𝑝)
𝑁−1
𝑘=0 ;                                     (8) 

            𝐽𝑟 = ∑ 𝜑 ∙ (𝑇𝑝𝑐𝑚 − 𝑇𝑎𝑚𝑏)
𝑁−1
𝑘=0 ;                                (9) 

The objective function contains three parts, where  𝐽𝑐 , 𝐽𝑡 , 𝐽𝑟 are associated with the economic term, indoor 

temperature discomfort, and PCM regeneration process, respectively.  𝐽𝑐 computes the electricity cost when 

running fans, and Pfan is the fan power consumption (150W) at the airflow rate of 850 m3/h. 𝐽𝑡 calculates the 

indoor temperature violation with respect to time-varying cooling setpoint Tsp.  𝜔 is introduced to penalize the 

condition that indoor temperature is higher than the cooling setpoint.  𝜔  is 1 when Tin exceeds Tsp and 0 

otherwise. 𝐽𝑟  is introduced to lower down PCM temperature when Tpcm is higher than Tamb, imposing the 

necessity to regenerate. 𝜑 is 1 when Tpcm exceeds Tamb and 0 otherwise. 𝐽𝑐 , 𝐽𝑡 and  𝐽𝑟  used in the objective 

function are scaled to the range of [0, 1] by dividing a proper value. 

In this objective function, 𝛼 , 𝛽, 𝛾 are weight factors designating relative importance to the multiple objectives. 

A preliminary study on the impact of weight factors on MPC performance has been undertaken. Based on the 

results, 𝛼 = 0.1 , 𝛽 = 0.8, and 𝛾 = 0.1 lead to satisfactory performance and are adopted to prioritize indoor 

thermal comfort over energy costs and PCM regeneration. 

The control model that involves switching dynamics and binary control variables defines the problem as a 

mixed-integer MPC. More specifically, it is a combination of four linear systems that can be activated by the 

binary control variables 𝑢1, 𝑢2, 𝑢3, and 𝑢4. Hence, the mixed-integer linear programming MPC is implemented 

in Matlab using the Yalmip toolbox. The system dynamics is discretized with sample time Ts (30 minutes) using 

the c2d function. Control horizon and optimization horizons are 30 minutes and 6 hours, respectively. 

3. Results and Discussion 

3.1 Performance Comparison of MPC and RBC 

The system is simulated for 5 consecutive days in August, which is the typical dominant cooling demand period 

in Denmark. Corresponding disturbances including ambient temperature, solar radiation, number of occupants 

in the investigated room, and electricity price are shown in Figure 6.  



 

 

 

 

Figure 6. Disturbances for the simulated 5 days. 

Figure 7 shows a comparison of MPC and RBC simulation results for the period. From the top to the bottom, 

the subplots show building zone indoor temperature Tin, control variable u1 (ventilation with PCM), control 

variable u2 (ventilation with ambient air), control variable u3 (PCM regeneration), PCM liquid fraction LF, and 

cumulative cooling power Qc , respectively. PCM liquid fraction is calculated by the mass of the liquid phase 

over total PCM mass. The initial indoor temperature of the zone and PCM are 20 °C and 15 °C, respectively.  

In Figure 7, the green curve represents indoor temperature evolution if the ventilation system is not installed. 

Indoor temperature can reach as high as 30°C during the last day. One can observe that overheating occurs due 

to imposed hot climate conditions and passively cooling alone fails to regulate the indoor temperature within 

the prescribed comfort range. Introducing the PCM-based ventilation system enables better indoor thermal 

comfort in both MPC and RBC scenarios, as compared to the scenario without ventilation. Furthermore, MPC, 

as expected, results in fewer temperature violations compared to RBC, due to the fact that MPC anticipates the 

system future response considering incoming disturbances and activates ventilation in advance. The indoor 

temperature difference between MPC and RBC regulation mainly occurs during the day when ventilation 

cooling is running, while during the night, this difference is minor as passive cooling dominates in this period. 

MPC regulation can smartly choose different modes to reduce temperature violation as well as minimize energy 

cost, which is ascertained based on several aspects. Firstly, MPC activates ventilation with PCM mode u1 in the 

early morning when the indoor temperature is lower than the cooling setpoint, whereas RBC only activates this 

mode reactively when cooling demand is required. In the early morning (around 6 am), PCM temperature is 

still slightly higher than the ambient air temperature as seen in Figure 8. Therefore, running mode 1 allows 

ambient air to pass through the PCM-based ventilation unit and subsequently flow into the building zone. As a 

result, MPC partially makes use of cooling power from ambient air and simultaneously slightly regenerates 

PCM, saving its potential cooling power for later use at the peak of cooling demand. Secondly, MPC also 

precools indoor zone using ambient air directly (mode 2) observed at the early morning of the second simulation 

day. These features are further verified by comparing the evolution of PCM liquid fraction for MPC and RBC, 

where the delay of PCM melting is observed in MPC regulation since it partially utilizes cooling power from 

ambient air. In turn, MPC results in a lower PCM liquid fraction compared to RBC. Thirdly, during PCM 

regeneration mode, there is a frequent fluctuation in MPC regulation while RBC has a relatively stable 



 

 

 

regeneration process. This is due to that MPC aims to lower PCM temperature as close to ambient temperature 

as possible, and it stops the regeneration process whenever ambient temperature remains unchanged, even for 

a short time slot, leading to energy cost savings. Lastly, it is noticeable that MPC leads to greater cumulative 

cooling power as compared to RBC. 

 

Figure 7. Comparison of control performance for MPC and RBC  

Given the fact that the PCM is melted or solidified by ambient air, a close correlation between PCM and ambient 

temperature is expected and is further investigated. Figure 8 reveals the relationship between ambient 

temperature, indoor temperature, and PCM temperature for both MPC and RBC. In Figure 8, the unchanged 

PCM temperature reflects the period that the PCM-based ventilation system is not running (either mode 2 or 

mode 4). On the second day of the simulation, MPC decides not to ventilate with PCM since the predicted 

cooling power is very limited given that the ambient air temperature is relatively high. However, RBC is unable 

to incorporate forecast and thus trigger the rule of ventilating with PCM. Consequently, RBC uses nearly all of 

the PCM potential cooling capacity but still suffers more thermal violation as compared to MPC. This also 

indicates that PCM cooling potential is highly dependent on and limited by the ambient air temperature. 

To quantitatively assess potential benefits that each control strategy can achieve, a set of Key Performance 

Indicators (KPIs) are selected properly to benchmark the comparison. 

• Thermal discomfort (Tds), defined as the integration of temperature violation over simulation time and 

when the zone is occupied; 

• Total cost due to fan electricity consumption (Cost); 

• The average airflow rate over 5 simulated days (Vmean); 

• Total electricity consumption of the fans (Etot); 

• The peak of indoor temperature (Tin_peak); 

• The peak of PCM temperature (Tpcm_peak); 



 

 

 

• The peak of PCM liquid fraction (LF_peak); 

• Cumulative cooling power (Qc). 

• Average COP over 5 simulated days, calculated by cumulative cooling power over total electricity 

consumption of the fans (COP); 

The corresponding KPI values are summarized in Table 3. Overall, MPC outperforms RBC in terms of 

provisions of thermal discomfort and total cost. 49.02% cost savings and 91.51% thermal discomfort reduction 

are achieved by MPC, compared to RBC. Moreover, MPC derived lower Tin_peak, Tpcm_peak, LF_peak, and 

higher Qc and COP, which complies with the aforementioned results. The COP under MPC regulation is about 

twice the COP under RBC regulation, indicating MPC can achieve the same amount of cooling power only at 

the cost of half the electricity consumption as compared to RBC. It should be noted that under MPC regulation, 

Etot is neither directly related to Vmean nor Etot because the MPC includes cost as one of the optimized objectives 

instead of electricity consumption or airflow rate.  

The derived results and discussions above imply that ambient temperature influences the PCM cooling effect. 

It is likely that other disturbances involved also have an impact on system operation, MPC, and RBC 

performance. Apart from this, PCM mass is a significant parameter influencing system cooling capacity and 

potentially control achievement. This fact highlights the necessity to systematically conduct sensitivity analysis 

on disturbances and PCM mass.  

 

Figure 8. Comparison of ambient temperature, indoor temperature, and PCM temperature for MPC and RBC 

 

Table 3. Key performance indicators for MPC and RBC  

KPIs 
Tds  

[Kh] 

Cost  

[DKK] 

Vmean  

[m3/h] 

Etot 

 [kWh] 

Tin_peak 

[°C] 

Tpcm_peak 

[°C] 

LF_peak 

[-] 

COP 

[-] 

Qc 

[kWh] 

MPC 0.85 21.16 279.79 9.30 24.37 20.67 0.28 3.34 31.09 

RBC 9.96 41.50 721.95 18.37 25.28 24.01 0.99 1.55 28.49 

 

 

 

 



 

 

 

3.2 Influence of Disturbances  

MPC and RBC regulation were simulated while altering three main system disturbances, i.e., occupancy, solar 

radiation, and ambient temperature. For occupancy and solar radiation, they vary from half to two times the 

original data (0.5occ, 1occ, 1.5occ, 2occ; 0.5solrad, 1solrad, 1.5solrad, 2solrad). Among them, 1occ and 

1solrad refer to the reference scenario discussed in the previous section. For ambient temperature, aside from 

the ambient temperature for the reference scenario, three other scenarios are created by manually increasing or 

reducing Tout by 2°C or 4°C (Tamb-2°C, Tamb, Tamb+2°C, Tamb+4°C). Detailed results for each scenario can be 

accessed in Appendix Table 4-6. Two KPIs (discomfort and cost) and PCM liquid fraction for MPC and RBC 

under different disturbances are shown in Figure 9 and Figure 10, respectively. In Figure 9, the secondary y-

axis for each subplot is discomfort reduction or cost savings obtained via comparing MPC and RBC for a 

specific scenario. 

It is obvious in Figure 9 that MPC, compared to RBC, achieved less discomfort and lower costs in all 

investigated scenarios.  An increase in occupancy, solar radiation, and ambient temperature leads to an increase 

in discomfort for both MPC and RBC strategies. On the other hand, the green curves for discomfort reduction 

and cost savings in Figure 9 show that the MPC outperforms RBC to a lesser extent as the disturbances increase. 

The highest (100%) and lowest (78.02%) comfort reductions are obtained at the scenarios of 0.5solrad and 

Tamb+4°C, respectively. From the perspective of discomfort, it has been detected that MPC and RBC 

performance are more sensitive to ambient temperature. The possible reason behind this is that ambient 

temperature influences the system operation with respect to two aspects, i.e., building zone cooling demand and 

potential PCM ventilation cooling capacity. However, occupancy and solar radiation only exhibit a direct impact 

on building cooling demand. Regarding cost, the highest (49.02%) and lowest (16.45%) cost reductions are 

obtained at the initial scenario and scenario of 2solrad, respectively.  

The liquid fraction can reflect the utilization of the PCM unit with respect to its maximum latent heat storage 

capacity. Higher liquid fraction reflects that there is more thermal energy extracted from the room and a larger 

portion of the PCM is melted as a result. As seen in Figure 10, overall, MPC results in a lower liquid fraction 

than RBC thanks to the better use of cooling power of ambient air in mode 1 and mode 2. For both MPC and 

RBC regulation, the higher the occupancy profile is, the more portion of PCM is melted the more heat is 

extracted from the room to maintain thermal comfort, resulting in a higher PCM liquid fraction. This applies to 

solar radiation and ambient temperature variation as well. Besides, the liquid fraction of PCM is more sensitive 

to temperature variation, which is consistent with the results found in Figure 9.  

 
 

Figure 9. Discomfort and cost for MPC and RBC under different disturbances  

 



 

 

 

 

Figure 10. The PCM liquid fraction for MPC and RBC under different disturbances  

 

3.3 Influence of PCM Mass  

The influence of the PCM mass on the MPC and RBC performance has been studied in a set of simulations by 

doubling the PCM total mass in steps from 24 kg to 384 kg. Among them, 96kg is the PCM mass that was used 

in the reference scenario. Besides, the same simulation has been repeated for different ambient temperatures of 

Tamb+2°C and Tamb+4°C. The mass scaling is done by increasing the number of PCM panels. Detailed results 

for each scenario can be accessed in Appendix Table 7-9. Figure 11 and Figure 12 present discomfort and cost, 

and PCM liquid fraction for the different scenarios investigated. 

It is observed in Figure 11 that MPC outperforms RBC in terms of discomfort and cost in all investigated 

scenarios. Clearly, for systems of the same PCM mass, increasing the ambient temperature results in higher 

thermal discomfort, higher cost for both MPC and RBC, and correspondingly less discomfort reduction, which 

verifies the finding of section 3.2. As expected, for a system under a specific ambient temperature, increasing 

PCM mass leads to a distinct decline in thermal discomfort and a rough decline in cost, for both MPC and RBC 

regulation. In particular, under the reference ambient temperature disturbance Tamb, thermal discomfort of 

0.03Kh is obtained using 192kg PCM and thermal discomfort is eliminated using 288kg and 384kg PCM. 

However, under the ambient temperature disturbance Tamb+4°C, increasing the total mass of the PCM does not 

assure to eliminate thermal discomfort. 

A potential culprit could be the poorly tuned PCM panel layout and ventilation system configuration for a given 

PCM mass. Current PCM mass increase is simply implemented by adding more PCM panels. However, some 

other parameters have to be optimized such that the system employing more PCM mass can demonstrate the 

desired high cooling effect. These parameters include the air gap between two panels, supply airflow rate to the 

system, etc. The declines in thermal discomfort and cost for both MPC and RBC are minor when continuously 

increasing the PCM mass. The PCM mass scaling can have an adverse impact on the system's economic 

feasibility since the increase of the PCM mass will probably increase the initial investment cost of the system 

and expand the system to an unrealistic size. Therefore, it is of significance to consider the trade-off between 

initial cost, system layout size, and added cooling capacity. This paper does not cover the methodology of 

handling this trade-off as it is out of the paper’s scope. Still, it is meaningful since it points out the research gap 

for future research direction and guidelines for PCM-based ventilation system design. 



 

 

 

 

Figure 11. Discomfort and cost for MPC and RBC with different PCM mass. 

 

 

Figure 12. The PCM liquid fraction for MPC and RBC with different PCM mass. 

 

As results show, under RBC regulation, increasing PCM mass leads to a smaller liquid fraction as expected, but 

this does not strictly apply to MPC regulation as the highest liquid fraction is observed for 48kg PCM (Tamb+2°C, 

Tamb+4°C scenarios). In the first subplot of Figure 12, a liquid fraction of 0 occurs on the third and fifth day for 

the system with 24 kg PCM. This is because under such an ambient air condition, cooling power improvement 

by 24 kg PCM is trivial compared to cooling power by ambient air itself. Therefore, MPC tends to ventilate 

with ambient air instead of PCM.  

Figure 12 indicates that when an RBC can deliver an acceptable control performance, the system is likely to be 

oversized under MPC regulation. One should therefore optimally redesign the system parameters and layout 

tailored for a given PCM mass applied in the system. 

 

 



 

 

 

4. Conclusions and Future Work  

Full exploitation of the achievable benefits of latent thermal energy storage systems requires advanced control 

and yet it remains challenging to be configured properly. In this paper, a mixed-integer linear model predictive 

control strategy for a PCM-based ventilation cooling system under Danish climate conditions was formulated, 

and a simulation-based study was carried out to compare MPC with benchmark RBC in a testing room. The 

MPC aims to minimize energy cost and indoor thermal discomfort through optimal dispatch of the four different 

operation modes. The results showed that for a 5-day simulation, MPC achieves 0.85 Kh discomfort and 21.16 

DKK cost, indicating a 91.51% reduction in discomfort and 49.02% reduction in cost compared to RBC. This 

highlights the potential cost saving of 370 DKK if applying MPC for three months in summer periods, as 

compared to RBC. A sensitivity analysis was conducted to understand the influence of disturbances including 

occupancy, solar radiation, ambient temperature, and PCM mass variation on the control performance. The 

following conclusions can be drawn according to the presented findings: 

• MPC outperforms RBC in all scenarios in terms of thermal discomfort and total cost due to MPC being able 

to anticipate system behaviors and make use of cooling power from ambient air. 

• Ambient temperature influences control performance the most among the investigated disturbances 

(occupancy, solar radiation, and ambient temperature). 

• The ambient temperature imposes the limitation of the cooling effect of a PCM-based ventilation system 

under both MPC and RBC regulation as the control performance highly relies on the ambient temperature. 

• Increasing PCM mass alone is incapable of removing thermal discomfort for both MPC and RBC regulation, 

showing that the PCM-based ventilation system has to be finely tuned for specific climate conditions. 

In future work, comprehensive parametric and sensitivity analyses are required with respect to optimization 

horizon, control horizon, PCM melting and solidification temperatures, supply airflow rate,  room size, etc. 

Since the focus of this paper is on PCM cooling applications, it would be of interest to integrate solar collectors 

and devise the system for the heating application as well. A one-year simulation study should be conducted to 

assess MPC and RBC control performance dealing with both heating and cooling demand. The presented system 

only deals with indoor temperature regulation, an MPC for a PCM-based ventilation system regulating both 

indoor temperature regulation and CO2 level is meaningful to investigate. The results presented in this paper 

are promising and implementable, indicating the viability of practical on-site implementation of the mixed-

integer MPC, and it can be directly compared with benchmark control practices. This requires finding optimal 

MPC setup and adjusting the methodology for a specific climatic region, which allows promoting the wide 

application of the PCM-based ventilation system. The approach in this paper utilizes ideal occupancy, weather 

and electricity price forecast, which are not obtainable in practice. This highlights the significance of 

incorporating disturbance prediction models for practical implementation.   
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Appendix 

 

Table 4. Key performance indicators for MPC and RBC when varying occupancy 

Scenarios  Tds  

[Kh] 

Cost  

[DKK] 

Vmean  

[m3/h] 

Etot 

 [kWh] 

Tin_peak 

[°C] 

Tpcm_peak 

[°C] 

LF_peak 

[-] 

COP 

[-] 

Qc 

[kWh] 

2occ 
MPC 1.54 32.74 375.42 14.40 24.59 20.75 0.30 3.13 45.03 

RBC 21.31 46.29 746.68 20.47 25.83 24.01 0.99 2.00 40.86 

1.5occ 
MPC 0.72 29.07 318.75 12.90 24.33 20.69 0.29 2.98 38.44 

RBC 15.44 44.24 732.95 19.57 25.46 24.01 0.99 1.77 34.67 

1occ 
MPC 0.85 21.16 279.79 9.30 24.37 20.67 0.28 3.34 31.09 

RBC 9.96 41.50 721.95 18.37 25.28 24.01 0.99 1.55 28.49 

0.5occ 
MPC 0.25 20.03 247.92 8.85 24.18 20.48 0.25 2.78 24.58 

RBC 7.08 36.21 672.18 16.05 25.06 23.05 0.93 1.41 22.59 

Bold indicates reference scenario 

 

 

Table 5. Key performance indicators for MPC and RBC when varying solar radiation 

Scenarios 
Tds  

[Kh] 

Cost  

[DKK] 

Vmean  

[m3/h] 

Etot 

 [kWh] 

Tin_peak 

[°C] 

Tpcm_peak 

[°C] 

LF_peak 

[-] 

COP 

[-] 

Qc 

[kWh] 

2solrad 
MPC 14.90 43.72 538.33 19.20 25.35 21.43 0.49 3.34 80.43 

RBC 77.13 52.32 789.02 23.10 27.89 27.28 1.00 3.10 71.66 

1.5solrad 
MPC 2.67 39.16 449.79 17.25 24.54 21.11 0.39 3.29 56.81 

RBC 40.39 48.85 759.69 21.60 26.72 26.45 1.00 2.34 50.51 

1solrad 
MPC 0.85 21.16 279.79 9.30 24.37 20.67 0.28 3.34 31.09 

RBC 9.96 41.50 721.95 18.37 25.28 24.01 0.99 1.55 28.49 

0.5solrad 
MPC 0.00 7.58 92.08 3.22 24.00 19.50 0.12 2.14 6.89 

RBC 0.67 14.27 351.06 6.15 24.39 19.98 0.17 1.03 6.35 

Bold indicates reference scenario 

 

 

Table 6. Key performance indicators for MPC and RBC when varying ambient temperature 

Scenarios 
Tds  

[Kh] 

Cost  

[DKK] 

Vmean  

[m3/h] 

Etot 

 [kWh] 

Tin_peak 

[°C] 

Tpcm_pea

k 

[°C] 

LF_peak 

[-] 

COP 

[-] 

Qc 

[kWh] 

Tamb+4°

C 

MPC 19.53 37.02 453.33 16.35 25.71 22.50 0.83 2.67 43.62 

RBC 88.85 52.67 777.97 23.25 29.30 32.00 1.00 1.49 34.60 

Tamb+2°

C 

MPC 5.48 30.63 371.87 13.50 24.81 21.62 0.55 2.82 38.07 

RBC 37.24 48.73 756.09 21.52 27.27 29.90 1.00 1.55 33.28 

Tamb 
MPC 0.85 21.16 279.79 9.30 24.37 20.67 0.28 3.34 31.09 

RBC 9.96 41.50 721.95 18.37 25.28 24.01 0.99 1.55 28.49 

Tamb-2°C 
MPC 0.01 18.81 230.21 8.25 24.04 19.43 0.11 2.94 24.26 

RBC 2.24 34.96 685.03 15.45 24.42 21.74 0.59 1.43 22.02 

Bold indicates reference scenario 

 

 

 

 



 

 

 

Table 7. Key performance indicators for MPC and RBC when varying PCM mass (Tamb) 

Scenarios 
Tds  

[Kh] 

Cost  

[DKK] 

Vmean  

[m3/h] 

Etot 

 [kWh] 

Tin_peak 

[°C] 

Tpcm_peak 

[°C] 

LF_peak 

[-] 

COP 

[-] 

Qc 

[kWh] 

24kg 
MPC 1.31 31.96 262.08 14.03 24.59 20.76 0.30 2.22 31.07 

RBC 19.08 42.31 770.05 18.75 26.58 28.23 1.00 1.48 27.79 

48kg 
MPC 1.29 29.51 318.75 12.98 24.54 20.62 0.27 2.44 31.60 

RBC 14.29 42.52 746.76 18.82 25.93 26.79 1.00 1.53 28.81 

96kg 
MPC 0.85 21.16 279.79 9.30 24.37 20.67 0.28 3.34 31.09 

RBC 9.96 41.50 721.95 18.37 25.28 24.01 0.99 1.55 28.49 

192kg 
MPC 0.03 21.11 251.46 9.38 24.12 19.95 0.17 3.35 31.44 

RBC 4.34 38.82 678.06 17.17 24.59 21.88 0.64 1.72 29.53 

288kg 
MPC 0.00 18.67 223.13 8.33 23.99 19.48 0.12 3.77 31.39 

RBC 3.26 33.11 577.22 14.70 24.52 21.40 0.48 2.02 29.62 

384kg 
MPC 0.00 15.91 177.08 7.13 24.00 19.12 0.09 4.44 31.63 

RBC 1.74 31.07 549.33 13.72 24.40 20.61 0.27 2.17 29.73 

Bold indicates reference scenario 

 

Table 8. Key performance indicators for MPC and RBC when varying PCM mass (Tamb+2°C) 

Scenarios 
Tds  

[Kh] 

Cost  

[DKK] 

Vmean  

[m3/h] 

Etot 

 [kWh] 

Tin_peak 

[°C] 

Tpcm_peak 

[°C] 

LF_peak 

[-] 

COP 

[-] 

Qc 

[kWh] 

24kg 
MPC 8.35 37.32 64.79 16.20 25.43 21.46 0.50 2.32 37.53 

RBC 50.05 49.36 773.42 21.82 28.55 30.12 1.00 1.42 30.98 

48kg 
MPC 8.55 36.36 396.67 15.75 25.15 21.96 0.67 2.40 37.84 

RBC 49.34 49.55 778.55 21.90 28.15 30.08 1.00 1.45 31.70 

96kg 
MPC 5.48 30.63 371.87 13.50 24.81 21.62 0.55 2.82 38.07 

RBC 37.24 48.73 756.09 21.52 27.27 29.90 1.00 1.55 33.28 

192kg 
MPC 1.60 29.11 364.79 12.90 24.51 21.14 0.40 3.00 38.65 

RBC 20.32 43.67 687.53 19.35 25.45 23.88 0.99 1.81 35.06 

288kg 
MPC 0.62 28.78 340.00 12.68 24.35 21.10 0.39 3.04 38.59 

RBC 12.23 39.62 629.22 17.62 25.06 22.49 0.83 2.04 35.88 

384kg 
MPC 0.68 23.31 272.71 10.43 24.44 20.54 0.26 3.69 38.44 

RBC 7.82 37.08 600.37 16.50 24.94 21.85 0.63 2.21 36.45 

Bold indicates reference scenario 

 

Table 9. Key performance indicators for MPC and RBC when varying PCM mass (Tamb+4°C) 

Scenarios 
Tds  

[Kh] 

Cost  

[DKK] 

Vmean  

[m3/h] 

Etot 

 [kWh] 

Tin_peak 

[°C] 

Tpcm_peak 

[°C] 

LF_peak 

[-] 

COP 

[-] 

Qc 

[kWh] 

24kg 
MPC 24.31 40.03 410.83 17.47 26.33 22.36 0.79 2.36 41.18 

RBC 108.91 52.48 788.21 23.17 30.33 32.12 1.00 1.33 30.93 

48kg 
MPC 24.74 37.03 442.71 16.27 26.12 22.85 0.91 2.60 42.29 

RBC 107.31 52.67 784.20 23.25 30.00 32.08 1.00 1.39 32.26 

96kg 
MPC 19.53 37.02 453.33 16.35 25.71 22.50 0.83 2.67 43.62 

RBC 88.85 52.67 777.97 23.25 29.30 32.00 1.00 1.49 34.60 

192kg 
MPC 12.15 34.35 435.63 15.23 25.24 21.99 0.68 2.92 44.39 

RBC 58.18 49.59 731.82 21.97 27.82 31.15 1.00 1.74 38.32 

288kg 
MPC 7.82 33.97 396.67 15.15 24.96 21.51 0.52 2.98 45.22 

RBC 40.41 47.86 706.37 21.22 26.30 26.64 1.00 1.89 40.16 

384kg 
MPC 6.66 37.94 382.50 16.65 25.07 21.35 0.47 2.74 45.61 

RBC 28.33 45.48 666.31 20.17 25.74 23.18 0.95 2.06 41.49 

Bold indicates reference scenario 
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Chapter 6  Conclusion  

This chapter concludes the thesis and is organized as follows: Section 6.1 summarizes the 

contributions of the thesis. Section 6.2 presents research directions for future investigation. 

 

6.1  Summary of the contributions 

This thesis aims to identify and demonstrate how MPC can enable energy-efficient/cost-

effective operation of thermal energy systems at different scales. To that end, the approach 

of simulation-based case studies is adopted to simulate and analyze the MPC for different 

thermal energy systems. The three chosen case studies are buildings, PCM-based ventilation 

system, and industrial greenhouse energy systems, which cover the thermal energy systems 

at building room level, HVAC component level, and relatively large industry level, 

respectively. For each thermal energy system, an emulation model and an MPC are 

developed.  

Based on the results presented in each case study, the contributions of the thesis are 

summarized as follows in two aspects. The first aspect involves how MPC for each thermal 

system contributes to advancing the state of the art in the corresponding research field. The 

second aspect involves how MPC for each thermal energy system contributes to achieving 

the four main research objectives and the overall aim of the thesis from a holistic perspective. 

The main contributions in the first aspect are summarized as follows: 

• MPC for buildings presented in chapter 3 

(a) A publicly available single-zone building emulator for a university teaching building 

is developed. The emulator consisting of a hydronic heating loop and a CO2-driven 

ventilation system is used to capture the thermal dynamics of the whole building. 

The emulator is calibrated using historic measurements collected from various 

sensors including occupancy, weather data, electricity consumption, heat 

consumption, etc.  The emulator has been merged to the BOPTEST framework. It 

serves as a virtual testbed, allowing any potential users to implement and test 

advanced control strategies on it. 

(b) An MPC for a building room incorporating a prediction model for occupant counts 

is developed. The MPC is simulated and compared to an MPC using ideal occupancy 

information under multiple prediction horizons. Besides, the MPC controllers are 

benchmarked by an RBC. Hence, the influence of occupancy prediction accuracy 

on MPC performance is studied. This work contributes to understanding the building 

MPC performance gap between ideal simulation studies and implementation with 
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the prediction of occupancy. Results hint to a potential solution for low prediction 

accuracy data to be handled by adjusting the optimization horizon. 

• MPC for a PCM-based ventilation system presented in chapter 4 

(c) A publicly available emulation model for a PCM-based ventilation cooling system 

is developed. The PCM model is developed as one dimension that does not consider 

temperature variation in height and width directions. The partial phase change and 

hysteresis properties are implemented in the PCM model. The model is validated 

against 5-day measurements, showing a good accuracy in capturing the PCM 

thermal dynamics. This model is made accessible for any potential user to simulate 

and test advanced control strategies on it. 

(a) Two MPC for the PCM-based ventilation cooling system are developed aiming to 

regulate indoor temperature, where the first formulated a nonlinear MPC with multi-

stage optimization controlling the airflow rate of the PCM system, the second is a 

mixed-integer linear MPC for the system aiming to optimally control different 

operation modes. Both MPC are evaluated and compared to an RBC deemed as a 

baseline. These two MPC contribute to exploring the suitable formulation of a model 

predictive controller for a PCM-based ventilation cooling system.  

• MPC for greenhouse energy systems presented in chapter 5 

(d) Publicly available generic greenhouse energy system models consisting of CHP, HP, 

GB DH, and TES are developed. The developed models are made generic, reusable, 

and open-source, allowing any potential users to adapt them to their customized 

models. 

(e) A detailed emulation model for greenhouse energy systems is developed, which 

serves as a step-by-step showcase of developing a detailed emulator. This 

contributes to the research community as a guide and reference for the potential 

model developers to build up an energy system emulator.  

(f) An economic MPC strategy for greenhouse energy system planning based on an 

energy hub model is developed, which contributes to demonstrating the use of MPC 

to exploit economic benefits by smartly dispatching different greenhouse energy 

systems.  

Complying with the four main research objectives and the aim of the thesis defined in 

Section 1.3. The main contributions in the second aspect are summarized as follows: 

• Contributions to objective 1 

In this thesis, the emulators for different thermal energy systems are developed, i.e., the 

emulator for a building presented in paper A, the emulator for a PCM-based ventilation 
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cooling system presented in paper C, and the emulator for greenhouse energy systems 

presented in Section 5.3. These emulators representing thermal energy systems at different 

scales are developed using Modelica modelling language, which enables dynamic simulation 

of the systems to analyze energy production, storage, and consumption. In this regard, these 

emulators contribute to objective 1 defined in Section 1.3. 

• Contributions to objective 2 

Paper B, paper D, paper E, and Section 5.4 presents the MPC algorithms for the three 

selected thermal energy systems. The developed MPC features various types ranging from 

linear MPC, nonlinear MPC, mixed-integer linear MPC, and economic MPC. This fact 

highlights the viability of applying proper MPC for different energy systems to improve 

energy efficiency and reduce operational costs, which contributes to objective 2.  

• Contributions to objective 3 

In paper B, paper D, and paper E. The MPC is compared to an RBC to harvest the benefits 

of MPC. The RBC in paper A is a PID controller, whereas in paper D and paper E the 

customized RBC for the PCM-based ventilation system is developed. Simulation results of 

these studies indicate that MPC does not necessarily outperform RBC and the benefits of 

MPC compared to an RBC highly depend on the setups for both MPC and RBC as well as 

the evaluation metrics.  

• Contributions to objective 4 

In paper B, the influence of occupancy prediction accuracy on the MPC performance for a 

building room is studied. In paper E, the influence of occupancy, solar radiation, ambient 

temperature, and PCM mass on the MPC performance for a PCM-based ventilation cooling 

system is evaluated. Simulation results of these studies show the system disturbances possess 

an impact on the MPC performance. The degree of the impact on the MPC performance 

differs according to the disturbance type. Besides, the results from paper E indicate that a 

finely tuned energy system is a prerequisite to fully exploit the achievable benefits of MPC.   

Based on the systematic study of MPC for the three thermal energy systems and the 

corresponding analysis presented above, the ability of MPC to enable energy-efficient/cost-

effective operation of thermal energy systems at different scales is examed, identified, and 

demonstrated. The results highlight that the influence of MPC setups and disturbances on its 

performance. The evaluation results hint that the MPC exhibits limitations as well and it 

does not necessarily outperform conventional controllers on all evaluation metrics. 
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6.2  Future works 

 

In this section, the limitation and future work of MPC for each thermal energy system is 

firstly outlined, which is largely based on individual publications. Afterward, a general 

recommendation of future work for the whole thesis is presented. 

• Future work related to MPC for buildings 

Extending the single-zone emulator to a multi-zone emulator for building OU44 will allow 

capturing more detailed building thermal dynamics considering the heterogeneity of 

different zones. Besides, the single-zone emulator is available for BOPTEST. In order to 

study the feasibility and benefits of MPC for this building, the next step would be using the 

BOPTEST framework to develop MPC with various setups of control-oriented models and 

optimization techniques, evaluate MPC performance, and benchmark with RBC. 

The impact of occupancy on MPC performance should be further studied by quantifying the 

occupancy prediction errors and to what extend the MPC performance is influenced. In 

addition, other disturbances potentially affecting the MPC performance should be examed, 

e.g. solar radiation, ambient air temperature, energy prices, etc. 

• Future work related to MPC for a PCM-based ventilation system 

The current emulator for the PCM-based ventilation system is built on a one-dimensional 

simplified PCM model assuming evenly distributed PCM temperature. Thus, this emulator 

can be improved by extending the PCM model considering PCM temperature variation in 

width and height directions.  

Regarding MPC for a PCM-based ventilation system, it has to be noted that the future work 

presented in paper D is addressed by the later publication in paper E. In future work, 

comprehensive parametric and sensitivity analysis are required with respect to optimization 

horizon, control horizon, PCM melting and solidification temperatures, supply airflow rate, 

room size, etc. Since current work focuses on PCM cooling applications, it would be of 

interest to integrate solar collectors and devise the system for the heating application as well. 

The presented system only deals with indoor temperature regulation, an MPC for a PCM-

based ventilation system regulating both indoor temperature and CO2 level is meaningful to 

investigate. Moreover, the presented approach assumes occupancy, weather, and electricity 

price forecast are known a-priori, which are not obtainable in practice. For this reason, 

incorporating disturbance prediction models into the MPC simulation framework is of 

significance to reflect the practical implementation conditions. 
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• Future work related to MPC for greenhouse energy systems 

The future work of MPC for greenhouse energy systems involves the continuous 

development of accurate control and emulation models given more available data and system 

operating information.  

Besides, the demonstration of the MPC can be improved with realistic energy prices. It is 

meaningful to study MPC for realistic greenhouse energy systems for each grower. Hence, 

the generic control and emulation models used in the current MPC demonstration should be 

replaced by tailored control and emulation models capturing the realistic energy system 

dynamics.  

• General suggestions for the whole thesis 

The thesis investigates MPC for selected thermal energy systems at different scales. An 

obvious future direction is to investigate additional thermal energy systems other than those 

presented in this thesis, e.g. thermal energy systems in the transportation sector. This will 

enrich the knowledge of MPC for different thermal energy systems and boost its wide 

applications. For each thermal energy system, an exhaustive study covering every aspect of 

MPC setup as illustrated in Figure 3.5 and how they affect MPC performance should be 

conducted systematically, which is ambitious but meaningful for better exploiting MPC 

benefits. Last, the numerical experiments of MPC presented in the thesis highlight the 

feasibility of enhancing energy efficiency and reducing operational costs. Practical 

implementation of MPC in real systems will be the next step to apply and verify the generic 

knowledge derived from this thesis.    
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