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Abstract 

Demand side management is becoming a promising 
solution to overcome the load imbalance caused by 
unpredictable electricity generation from renewable 
energy systems. To avoid the critical situations, 
engagement of buildings is important to support 
electrical grid for a reliable operation. This study 
investigates the potential energy flexibility of a 
university building by optimizing the operation of 
combined heat and power unit, chiller, thermal 
storage and ventilation system with rule based 
control and model predictive control. Set point of 
running water temperature, indoor temperature and 
CO2 level are regulated as control variables. The 
building load profile is obtained by IDA-ICE. 
Historical day-ahead prices and dynamic CO2 
intensity data for the grid are used as penalty signals. 

Introduction 

With increasing penetration of renewable energy 
systems (RES), voltage stability became an issue 
specially for overloading effects on critical 
transmission lines (Adetokun et al, 2020). Moreover, 
for the distribution grids which are missing an active 
monitoring and management system, reliability is a 
critical issue (Elhefny et al, 2022). By this concern 
for the supply side, the demand side should take part 
in the overall management, hence, an operation 
strategy such as building energy flexibility is 
introduced (Jensen et al, 2017).  

The potential of non-residential buildings as source 
of demand side management (DSM) flexibility is 
investigated in (Aduda et al, 2016). The findings 
show that the building can have a role to assist the 
grid reliability, but with acceptance of less thermal 
comfort. (Hu et al, 2021) evaluates the building 
energy flexibility with rule-based control (RBC). 
(Zong et al, 2019) discusses the development 
methods and challenges of model predictive control 
(MPC) for a case study with multi-carrier energy 
system by evaluating the load shifting and flexibility. 
(Zhang et al, 2021) compares two control strategies, 
RBC and MPC, via co-simulation and shows the 
advantages/disadvantages of both strategies for space 
heating. (Lizana et al, 2018) investigates building´s 
energy flexibility with different operational strategies 

based on the environmental and economic 
conditions. (Stinner et al, 2016) points out that higher 
flexibility can be provided if combined heat and 
power unit (CHP) coupled with thermal energy 
storage. (Clauß et al, 2019) applies predictive RBC 
strategy with dynamic CO2 penalty signal. (Wei et al, 
2022) analyzes building thermal storage performance 
in terms of flexibility with dynamic pricing signal. 
(Junker et al, 2019) proposes designing individual 
penalty signals which ensures grid need, does not 
violate privacy concerns and increases the energy 
flexibility for both grid and consumers. 

In literature, the existing researches investigate the 
flexibility with different control strategies, particular 
penalty signals, RES or storage integrated building 
technical services. However, evaluating the 
flexibility of a case building which discusses the 
influence of all these parameters together is not 
performed. In this context, the goal of this research is 
to evaluate the energy flexibility of a case building 
by addressing to the following questions.  

Research Question1: What is the effect of different 
control strategies on the potential energy flexibility 
of the case building with the same penalty signals? 
Two control strategies, MPC and RBC, are 
conducted via co-simulation responding to same 
penalty signals, hence, final demand response is 
evaluated with CO2 and cost optimization. Research 
Question2: What is the potential energy flexibility of 
the case building with different grid-based penalty 
signals? Two penalty signals, historical day-ahead 
electricity price and historical dynamic CO2 intensity 
from 2019 are used in this research. Even though the 
characteristics are similar to each other, these signals 
are not correlated every time. To achieve an 
economic and environmentally sustainable operation, 
the signals are applied for scheduling the HVAC 
system. Research Question3: How do the set points 
of different control variables redound on the demand 
response events? The demand response event is 
analyzed by manipulating i) the set points of HVAC 
system via building automation system (BAS) and ii) 
thermal comfort limits via zone sensors for operation 
benchmarking. Hence, the influence of particular 
control levels is examined. Research Question4: How 
is the flexibility of the case building affected in 
different seasons in terms of the electricity cost and 



                                                                                                                                                   

 

the grid CO2 optimization? Regarding the weather 
conditions, the profile of penalty signals changes by 
seasons since the CO2-free electricity generation 
from renewable energy systems varies. So, the 
demand response should be assessed for different 
seasons.  

Simulation 

To engage in the research questions (RQ), several 
simulation models have to be developed. For this 
reason, eight cases (C) were modelled for two control 
strategies, two penalty signals and two control levels 
(Fig. 1).  

 

Figure 1: The configuration of the simulation cases  

Scenarios and RQs: MPC and RBC control 
strategies have their specific approach to decide the 
set points (RQ1) and both of the mentioned penalty 
signals are applied through these control strategies 
(RQ2). On the other side, to understand the influence 
of control level, the control variables of HVAC 
system and thermal comfort limits are manipulated, 
separately (RQ3). In the first option, a case where the 
set point is defined directly to the BAS to control 
HVAC devices is examined. Thus, the running water 
temperature of hot and cold thermal storages are 
modified regarding the penalty signal and no 
constraint is defined for thermal comfort. In latter, 
the zone temperature and indoor CO2 concentration 
are used as control variables via sensors. Hence, 
thermal comfort limits are the main driver of 
flexibility rather than HVAC system set points. Same 
indoor temperatures are used in summer and winter 
for simplification. 

Co-simulation: To execute the scenarios, a co-
simulation environment with a communication 
interface between IDA-ICE (Equa Simulation AB, 
2022) and MATLAB (MATLAB, 2015) runs using 
the modules in IDA-ICE library. In exchange 
process, IDA ICE has a variable time step, whereas, 
a constant time step is used in MATLAB. Open, run 

and close commands are given by MATLAB to IDA-
ICE. IDA-ICE imports the set points presented in 
Figure 2 based on the control strategies. The building 
thermal dynamics such as HVAC system and thermal 
comfort variables are simulated by IDA-ICE, 
following, MATLAB receives optimization variables 
as input. Based on the penalty signals, MATLAB 
sends different set points of control variables to IDA-
ICE. The outputs are received by MATLAB after 
each set point and optimization function decides the 
final control variable.  

 

Figure 2: Control variable set points based on the 
control strategies 

Penalty signals: The day ahead electricity prices are 
published on ENTSO-E platform (ENTSO-E 
Transparency Platform, 2022) with hourly resolution. 
However, dynamic grid CO2 intensity is not available 
on any free source, therefore it was calculated using 
the available data from the mentioned platform. 
Comprehensive analysis is not described as it is 
beyond the scope of this paper. For optimization, the 
penalty signals are categorized as high, middle and 
low by quartile calculation. The top and bottom 25% 
tails are exploited to classify the signals in the 
following way: If the signal at tn is i) lower than 
bottom tail - “low”, ii) higher than the top tail - 
“high” iii) within the range of top and bottom tails - 
“middle”. These limits were calculated for each day. 

Optimization: For each control variables, three set 
point values were predefined and MPC algorithm 
selected which value minimizes the energy 
consumption (optimization objective). In RBC, no 
optimization function is required since the set point 
is chosen among predefined values -low, middle and 
high- (Fig. 2). The chosen set point is sent by 
MATLAB and simulation runs after the initialization 
of IDA-ICE. Results of one-hour simulation period 
are sent to MATLAB and saved for post-processing 
as shown in Figure 3. Subsequently, simulation 
proceeds to next horizon.  

In MPC, each set point (given in Fig. 2) is sent and 
simulation runs for one-hour horizon. The results of 
three different set points are saved after each 
simulation in MATLAB for post-processing. The 
results are compared to obtain the least energy 
consumption as shown in Figure 4. The set point, 



                                                                                                                                                   

 

which achieves the criteria, is hold as chosen set 
point.  

 

 Figure 3: Co-simulation framework for RBC  

 

Figure 4: Co-simulation framework MPC  

Case building: An energy model of a university 
building with 3400 m2 net area is developed. The 
building’s heating is supplied by district heating, 
cooling demand is covered by dry cooler-chiller 
system and there is a small size of cold storage tank. 
The available heating and cooling powers are 291 
and 140 kW, respectively. The building has constant 
and variable air volume ventilation system in some 
zones. In this study, the energy flexibility of the 
building is evaluated by considering the heating 
system as (CHP) with a hot storage tank. Also, a heat 
sink is included to avoid the excess heat´s effect 

coming from CHP operation in summer. In this 
scenario, CHP unit has thermal and electrical 
efficiency as 50% and 15%, respectively. The 
reference energy model of the case building was 
calibrated with historical monitored data. 

To evaluate the demand side flexibility with multi-
energy system, the overall system control is 
developed in the following way: When the penalty 
signals are at high level, CHP unit will increase the 
running water temperature and charge the thermal 
storage, thus, the building will utilize free and CO2-
less electricity. In the same way, chiller will decrease 
the running water temperature and charge the cold 
thermal storage. Ventilation system will work with 
half flow rate than the normal condition. Vice versa, 
CHP will decrease the running water temperature and 
let the hot thermal storage discharge. Building will 
cover the electricity demand by depending on the 
grid more, but with cheaper price/less CO2 intensity. 
Ventilation system will increase the air flow rate to 
half of normal to decrease the CO2 concentration. In 
this scenario, the motivation is enhancing the 
building's self-sufficiency while procuring cost/CO2 
optimization.  

Analysis and discussion of the results 

The case models were simulated for one week in 
January and July to represent the heating and cooling 
seasons. One day of power demand results from the 
case models and reference case (Ref) are introduced. 
For the heating period, the power demand profile is 
presented by total heating and ventilation demand 
where generated electricity is deducted. For the 
cooling season, the cooling profile is introduced 
addition to the other parameters. In Figure 5, the 
cases associated with CO2 penalty signal are 
presented for heating and cooling seasons. In heating 
season, the demand changes of C1 and C5 are 
parallel to CO2 intensity level. During high level 
periods, the heating system charges the thermal 
storage and generates more electricity. Since the 
system must be controlled by a predefined 
temperature in C1, even though the signal level 
changes, the demand is not affected if this 
temperature is preserved in the storage (t1-t5). In C2, 
the power demand has correlated behavior to signal 
level, however, the demand is less than C1 since 
indoor temperature is the control variable. In C6, the 
demand is steady and peaks could be avoided with 
control scenario. In cooling season, C1 and C5 show 
wider fluctuations regarding HVAC control 
variables. Similar to heating season, C2 acts in line 
with signal level as long as the temperature limits are 
preserved. The similar profile is seen in C5. The 
cases C2 and C6 have less power demand than the 
reference case, but not than the other cases. The 
peaks are not observed when C1/C2 and C5/C6 are 
compared based on MPC control strategy.  



                                                                                                                                                   

 

 

Figure 5: Power demand for a day based on CO2 
penalty signal 

 

Figure 6: Power demand for a day based on price 
penalty signal 

The response of the building to price penalty signal 
is presented for heating and cooling seasons, in 
Figure 6. In heating season, the power demand is less 
than reference for every case. Since CHP unit is the 
main actuator of the flexibility scenario in the heating 
season, power demand of C3 and C7 raised by high 

price level and reduced by low level with wider 
peaks contrary to C4 and C8. A significant difference 
between C3/C4 and C7/C8 is not observed. In the 
cooling season, the power demand changes inversely 
with the price signal for C3 and C4, means that, total 
demand decreases during the expensive period and 
vice versa for cheap period. Higher peaks are 
observed when C3/C4 is compared to C7/C8 caused 
by the RBC algorithm. 

Energy profile: For the heating season, the energy 
profile is presented by heating consumption, 
electricity generation and ventilation consumption in 
Figure 7, while cooling consumption is introduced 
together with other parameters for cooling season. 
C1-C5, C2-C6, C3-C7 and C4-C8 are analyzed 
separately to distinguish control strategies (RQ1). In 
each of these case groups, the heating consumption is 
significantly higher in the RBC strategy that means, 
more electricity is generated from CHP unit. C1-C2, 
C3-C4, C5-C6 and C7-C8 present the impact of 
control variables on heating and ventilation 
consumption, hence, a high discrepancy is observed 
caused by HVAC control type. 

 

Figure 7: Building energy consumption profile of the 
cases 

C1-C3, C2-C4, C5-C7 and C6-C8 show the 
difference caused by penalty signals (RQ2), thus, 
CO2 signal caused higher heating and ventilation 
consumption. In the cooling season, the control 
strategies are compared for the heating consumption 
of C1-C5, C2-C6, C3-C7 and C4-C8, however, no 
significance is found. Nonetheless, regarding the 
generated waste heat from CHP, MPC-HVAC 
controlled cases have higher heating consumption 



                                                                                                                                                   

 

than RBC-comfort cases, even so, the opposite 
behavior is seen for cooling consumption. Arising 
from CO2 penalty signal, the ventilation and cooling 
consumptions are seen less for C1 and C5 compared 
to C3 and C7, respectively.  

Total energy consumption of a week in the reference 
case is 27 MWh and 3 MWh for heating and cooling 
season. The total weekly energy consumption of the 
other cases is given in Table 1. The consumption is 
the highest in the HVAC controlled cases resulting 
from different control variables. In addition, RBC 
caused more energy consumption compared to MPC. 
The least energy consumption for the heating season 
is in C6/C8. For the cooling season, except C1/C3, 
the energy consumption is reduced by all cases. 

Table 1: Total energy consumption (MWh) of the 
cases 

 

 C 1  C 2  C 3  C 4  C 5  C 6  C 7  C 8  

J A N  3 2  1 7  3 2  1 6  1 9  1 5  1 9  1 6  

J U L Y  1 4  6  1 3  6  6  6  6  6  
 

CO2 emission and cost profile: The total emissions 
and costs of each case are calculated and presented 
for the heating and cooling season in Figure 8. The 
calculations are done using dynamic CO2 intensity 
and day-ahead prices for the simulated period (one 
week) of January and July. The influence of the 
control strategies is evaluated by C1-C5, C2-C6, C3-
C7 and C4-C8. C1 and C3 have higher total emission 
and cost compared to C5 and C7, directly.  

 

Figure 8: CO2 emission and cost results of the cases 

In C2-C6 and C4-C8 analysis, higher results are 
found for C6 and C8. Here, the influence of control 
variables together with the control strategies can be 
observed. C1-C2, C3-C4, C5-C6 and C7-C8 are 
compared to analyze control variables. Emissions 
and cost of C1, C3, C5 and C7 are found more than 
C2, C4, C6 and C8, relatively, hence, controlling the 
system via HVAC causes higher results. C1-C3, C2-
C4, C5-C7 and C6-C8 are used to observe the 
penalty signals impact on. In the heating season, the 
cases controlled by CO2 signal have more total 
emission and cost. In the cooling season, RBC cases 
with price signal have higher result than RBC cases 
with CO2 signal. Contrary finding is seen in cases 
controlled by MPC. 

Thermal comfort: The indoor temperature and CO2 
concentration are examined to assess the thermal 
comfort for each case. In Figure 9, the percentage 
distribution of the temperature is presented for the 
heating and cooling season. During the heating 
season, the indoor temperature is preserved within 
the given limits except C5 and C7. In C5 and C7, the 
indoor temperature is not controlled directly by 
sensors but via the control variables through BAS. 
With this, the temperature was not at the desired 
level around by 50%. However, the indoor 
temperature is kept between 22-24 °C for 80% of the 
entire simulation time in other cases. In cooling 
season, higher and lower indoor temperatures than 
defined limits are found for all cases. But this seen 
around by 20%. Also, it should be noted that, higher 
temperature levels can be acceptable regarding 
outdoor temperatures at cooling season. Lower 
indoor temperature is seen in C5 and C7, regarding 
the different control variable strategy as in heating 
season. 

 

Figure 9: Percentage distribution of indoor 
temperature of the cases 

In Figure 10, the percentage distribution of CO2 
concentration is shown for heating and cooling 
season. CO2 concentration is kept in the defined 
range of control values. Additionally, in cases such 
as C1, C3, C5 and C7, even though the control is 
defined by air flow rate ratio (rather than 
concentration value), the indoor quality is retained at 
desired level. 



                                                                                                                                                   

 

 

Figure 10: Percentage distribution of CO2 
concentration of the cases 

Summary 

In this research, eight different scenarios are 
conducted to investigate the dominant modelling 
factors associated with building energy flexibility 
and RQs are answered. RQ1: The control strategy 
selection has a key role on the overall behavior of 
building's flexibility. Total energy consumption is 
less in MPC strategy compared to RBC, besides, total 
CO2 emission and cost are estimated less in most of 
the cases with MPC. In the rest, the results are found 
similar by a narrow margin. RQ2: It is observed that 
the grid CO2 penalty signal leads to higher total 
energy consumption, emission and cost in heating 
season. Besides, the cooling season analysis 
addresses higher results underprice penalty signal in 
most of the cases. RQ3: The type of control variables 
has a direct effect on energy, emission and cost 
profile. Control by indoor temperature achieves an 
energy efficient, more environmentally and 
economically sustainable system operation. RQ4: In 
heating season, as a maximum achievable 
optimization, the CO2 emission and cost are reduced 
by 50% and 70%, respectively in C4. In cooling 
season, even though the emission results are close to 
reference case, the cost decreases around by 70%.  
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