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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 
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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. 
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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.  
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• 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  
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 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. 
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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 

________________________________________________________________________________________________

________________________________________________________________________________________________ 
Proceedings of the 17th IBPSA Conference 
Bruges, Belgium, Sept. 1-3, 2021

 
323

 
 

https://doi.org/10.26868/25222708.2021.30574



 

 

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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