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Abstract 

Hardware in the loop simulation (HIL) offers an intuitive 

real-time procedure for the validation and evaluation of 

building technology. The effect of uncertainty due to the 

components present in the test bench of the HIL is taken 

into account since it might affect the performance of the 

product that is measured. In the case of measuring the 

seasonal performance/annual performance, one should 

extrapolate the performance based on short-term testing 

which makes it important to consider the uncertainties. In 

this case, the probability distributions are used to model 

the uncertainties. The uncertainty propagation is based on 

the Monte Carlo Simulation. The model of the entire HIL 

test setup is developed in Modelica as well as propagation 

of uncertainties, which is not common. In the future, the 

modeled HIL setup compared with the real experimental 

setup for discrepancies(simulated efficiency vs real-time 

efficiency) and calibrated so. The aim is to confirm thanks 

to Monte Carlo Simulations that the test bench parameters 

don’t affect the efficiency of the product being tested. In 

the future, if one cannot specify input values for the 

parameter distribution, the shape of the probability 

distribution, or the uncertainty due to dependencies 

between the inputs then a second-order probability can be 

used. 

 

Key Innovations 

• A detailed model of the Hardware in Loop 

setup(HIL) is modeled which is based on our 

knowledge is quite uncommon.  

• Such work would serve in the future to quantify 

the uncertainty on such HIL setups. 

• This work is the first step towards performing an 

inverse uncertainty propagation for hardware in 

the loop simulator. 

 

Practical Implications 

When HIL testing is adopted for the dynamic testing of 

products under different scenarios, it is very important to 

consider the uncertainty posed by the test bench 

components and experimental variabilities. 

 

Introduction and method adopted  

Hardware-in-the-loop (HIL) is already widely used for the 

verification and integration of electronics and 

mechatronics systems. It is applied in a rising number of 

industries and different stages of the development 

process. What makes it unchangeable is its usage for 

validation in cases it is very expensive, dangerous, or even 

impossible to do in a real environment. Thus, it is 

commonly applied in the automotive, railways, aerospace 

industries (Philipp Mehrfeld 2020) The Hardware in Loop 

(HIL) simulation methodology offers to test products 

related to building technology under dynamic conditions. 

Thus, giving an advantage over the static test 

methodologies over other laboratory tested methods 

(Nikolay Brayanov 2019). When such products are tested 

for their seasonal efficiency or Co-efficient of 

performance (COP) is also important that one takes into 

account the uncertainty due to the testbench that is 

associated with the HIL simulation as shown in Figure 1.   

 

Figure 1: HIL schema 

The main idea behind such work is to quantify the 

uncertainty based on two fronts, one is the parametric 

uncertainty and the other is the experimental uncertainty. 

Thereby validating the uncertainty bounds for the HIL 

setup. In general, the most uncertain part of the test bench 

is the weather profile. For simplicity, the weather profile 

is fixed and then simulations are made to quantify the 

uncertainty associated with the test bench.  

 

Figure 2: General framework for uncertainty quantification 

The hypothesis for this work is only to consider the 

parametric uncertainties related to the test bench. The 

model of the HIL test setup is developed in Modelica. The 

four basic steps that are followed in such methodology are 

shown in Figure 2. The first step is to develop the 

computational model through which one has to propagate 

the uncertainties. The second step is to identify the 

sources of uncertainty and then represent the uncertainties 

using either probabilistic or non-probabilistic methods 

based on the type of uncertainty considered (Sankaran 

Mahadevan 2009) (Smith RC 2013) . The third step is 

uncertainty propagation the uncertainty propagation can 

________________________________________________________________________________________________

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

 
2141

 
 

https://doi.org/10.26868/25222708.2021.30899



 

 

be either forward or inverse propagation as shown in 

Figure 3. Forward uncertainty analysis (also called 

uncertainty propagation) focuses on quantifying the 

uncertainty in the system outputs propagated from 

uncertain input variables through mathematical models, 

while the purpose of inverse uncertainty analysis (also 

called model calibration) determines unknown variables 

through mathematical models from measurement data. 

The final step is to perform a sensitivity analysis to find 

out the most important parameters that affect the Quantity 

of Interest(QoI).  The uncertain parameters of the test 

bench model are represented using the Probability 

Distribution Functions (PDF) (Pedroni 2013) There are a 

lot of other methods to represent the uncertainties a 

detailed explanation is given in (Pedroni 2013). The 

choice of PDF is explained in detail in (Pedroni 2013) 

generally the normal distribution is used to represent the 

uncertainties the rationale being that most of the natural 

processes can be represented using a normal distribution. 

If in case one has to go through the added rigors of 

defining the parameters for the normal distribution one 

can opt for the uniform distribution to represent the 

uncertainties as explained in (Tian 2018).In this body of 

work actuator delay is also considered to verify the effect 

of such delays on the QoI through simulations. For 

simplicity, the actuator delay is considered to be uniform 

although in real-time the actuator delay could be a 

variable and not be uniform. Then one also has to address 

the experimental uncertainties. The typical experimental 

uncertainties include the measurement noise, actuator 

delay, and communication delay whose compensation 

will form the future work (Richard Christenson 2014,). 

The forward and the reverse propagation methods are 

shown in Figure 3 (Tian 2018). For propagating the 

uncertainties Monte Carlo Simulation is considered (a 

propagation method based on random sampling). 

 

 

Figure 3: Inverse and forward uncertainty propagation 

The next section explains the modeling of the HIL system, 

including the test bench. The main methodology adopted 

here is to develop the entire HIL simulation setup and 

check by simulation that the test bench parameters don’t 

affect the quantity of interest being measured 

(MacDiarmid 2007). The use case considered is a single 

zone building with a boiler that delivers space heating for 

the building during winter. The seasonal efficiency of the 

boiler is measured based on yearly simulation. To make 

the Monte Carlo yearly simulations for measuring the 

seasonal efficiency there will be a need for very large 

computing power and time. Hence a clustering approach 

(Diegao 2017) is used to choose the most representative 

days and then perform the Monte Carlo simulation on 

those selected days to check the uncertainty of the test 

bench parameters on the seasonal efficiency. In this case 

study, k-means clustering is used on the weather profile 

to identify the most representative days. The number of 

representative days chosen to represent the whole year 

was seven days. The workflow for the approach is shown 

in Figure 4. 

 
Figure 4:Workflow for quantifying the Uncertainty related to 

the HIL simulator 

Modeling  

The modeling of the HIL setup is done in Modelica. The 

model of a building is a single zone building with a 

habitable area of 70m2. The total window area of the 

building is 24m2. The weather profile chosen for the 

simulation is for Trappes, France with a  resolution of 1 

hour. The ventilation for the building is 60m3/h for two 

people. The heater inside the building is capable of 

delivering thermal power up to 10kW. The boiler models 

are already available in the building's library in Modelica 

(Modelica 2021). The boiler is capable of delivering 

power up to 24kW for space heating. The manufacturer 

curves of the boiler are used to obtain the relationship 

between the efficiency and the part-load capacity of the 

boiler. Then equation between the part-load capacity vs 

efficiency is used in the already existing model of the 

boiler(the equation of the efficiency vs the part load ratio 

is replaced in the existing model) that is already given by 

the building library model in Modelica.  

The layout of the test bench is shown in Figure 5. There 

are two heat exchangers (SC401, SC400 - choice of heat 

exchanger based on power delivered) that are used to 

emulate the power simulated by the building in real-time. 

There are two pumps one on the primary side (INV400 -

the loop in red where the boiler is connected), one on the 

secondary side (INV401 - the loop in green where cold 
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water is supplied). The pump on the primary side is used 

to control the mass flow(CHFR400) delivered by the 

controller from the building envelope. The pump on the 

secondary side is used to control the return 

temperature(CHRT400) to the boiler which varies 

according to the heating needs of the building.     

 

Figure 5: Schema of the test bench 

The same is modeled in Modelica, the manufacturer 

sheets for the pumps are used to model the electrical and 

hydraulic characteristics of the pump (Modelica 2021). 

The pipe lengths and diameters were measured manually 

to incorporate them into the Modelica model. The cold 

water supply is replaced by a boundary condition in the 

Modelica model to reduce complexity. The cold water to 

the test bench varies from 6°C to 14°C the same is 

incorporated in the Modelica model. For the actuator 

delay, a first-order delay is used to replicate the one in 

real-time to the model.  

The schema of the HIL scenario in the Modelica model is 

shown in Figure 6. The controller in the building envelope 

controls the flow of hot water to the room heater. This 

mass flow rate is used as a setpoint to the primary pump 

controller. The return temperature from the building is 

given as the setpoint for the secondary pump controller. 

 

Figure 6: Schema of model-simulated 

To verify the validity of the model, the supply and the 

return temperature profiles in both the test bench and from 

the building are verified as shown in Figure 8. Plus the 

heat flow in the test bench and the heat required in the 

building are compared as shown in Figure 7. There is a 

minor variation of 200W on average between both curves. 

The oscillations in both curves are because of the model 

of the boiler where the cycling time is set to 10 minutes. 

The return temperature from the building and the test 

bench is almost the same both have a difference of about 

0.2°C as shown in. This explains the fact that there is a 

minor variation in the heat flow between both cases. This 

variation in the heat flow was adjusted by setting the 

proper controller gains in the test bench controllers. The 

Mean Squared Average error is also around 200W. This 

is rectified after adjusting the controller gains on the test 

bench side so that both the curves are exactly the same. 

 

 

Figure 7: Heat exchanged in test bench vs building 

 

Figure 8: Return temperature test bench vs building 
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Then the next step is to identify the sources that are 

considered to be uncertain, represent them, and perform 

uncertainty propagation. 

  

Uncertainty Analysis 

For the uncertainty analysis, it is important to consider the 

following hypothesis. For the actuator delay, a uniform 

delay is considered (although in the experimental phase it 

could be variable, the simulation is just to study the effect 

of the actuator delay on the efficiency). The uncertain 

parameters are represented using the probability 

distributions for the propagation of the forward 

uncertainty propagation Monte-Carlo analysis is adopted 

(Tian 2018). The choice of uncertainty distribution for the 

unknown parameters can be either normal distribution or 

uniform distribution (Tian 2018), in the case considered 

uniform distribution is used. In the model of the heat 

exchanger that the Modelica library offers, it is necessary 

to specify the nominal heat exchange coefficient so that 

the Dymola compiler can do the simulations (Modelica 

2021). The uncertain parameters are shown in Table 1. 

There are around 20 bends and 20 pipe diameter 

parameters altogether there is around 62 parameter which 

is assumed to be uncertain.  

Table 1: Uncertain parameters and ranges 

Uncertain Parameter Distribution Range 

Bend diameter (two sizes) [39mm-41mm] 

[33mm-36mm] 

Pipe diameters (two sizes) [39mm-41mm] 

[33mm-36mm] 

Heat exchanger nominal 

efficiency 

0.85-1.0 

Actuator Delay 0-10 seconds 

Radius of Curvature of 

bend (two sizes) 

[46mm-50mm]           

[36mm -40mm] 

 

The design library in Modelica allows one to perform the 

Monte Carlo simulations. The basis of a Monte Carlo 

simulation is that the probability of varying outcomes 

cannot be determined because of random variable 

interference. Therefore, a Monte Carlo simulation focuses 

on constantly repeating random samples to achieve 

certain results. A detailed explanation of the Monte-Carlo 

method is explained in (Robert CP 2004) . Monte Carlo-

based simulation is the most widely used uncertainty 

propagation method in the area of building energy 

assessment (Tian 2018) This is because this method is 

very intuitive and easy to implement compared to other 

uncertainty propagation approaches. Moreover, the 

sampling-based method is usually regarded as the most 

reliable uncertainty technique since it can be applied to 

most simulation environments and deal with different 

types of probability functions of input variables, even for 

correlated variables (Tian 2018). The main disadvantage 

of this method is the slow convergence rate with a large 

number of function evaluations, which incurs a high 

computational cost.  

The number of samples chosen N = 10000. With such a 

detailed model the computation complexity increases 

both on a computation and temporal basis. The 

cumulative distribution function after 10000 simulations 

is shown in Figure 9. The mean value for the efficiency is 

0.777 and the standard deviation is around 0.0047.  

 

 

Figure 9: Cumulative Distribution for 10000 samples 

From the result, it is clear that the physical test bench 

parameters don’t have a big effect on the efficiency that 

is being measured. It is also observable that almost 80 

percent of the time the efficiency is less than or equal to 

78 percent. So that it would be more appropriate to 

consider the experimental uncertainties once when a real 

HIL simulation is done, which includes the experimental 

uncertainties as well. Moreover, in Table 2 it is observed 

that over the different number of samples there is not 

much variation in the variance, making clear that the test 

bench parameters don’t have a very big effect on the 

efficiency measured. In fact, in real-time, the boiler 

efficiency is affected by the external temperature, the 

occupancy, and the type of control employed to control 

the boiler.  

 

Table 2: Monte Carlo simulation for different samples 

Number of 

samples 

Mean 

Efficiency 

Standard 

Deviation 

100 0.7798 0.0044 

500 0.7785 0.00445 

1000 0.7780 0.00452 

5000 0.7781 0.00462 

10000 0.777 0.0047 

 

Hence, from the result, it is obvious that the test bench 

parameters don’t affect the efficiency that is being 

measured. In case the uncertain ranges and the uncertain 

distribution are not known then one can use the second-

order probability but the detailed Modelica model makes 

it near impossible to run the Monte Carlo Simulation 

based on the second-order probability. Plus an external 

Python interface was added to generate the second-order 

probability bounds which significantly reduced the 
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computing speed and time. Hence the second-order 

Monte-Carlo Simulation in Modelica needs a major 

workaround to find the most efficient and fast method to 

perform the simulations in Modelica. A workaround for 

such a situation can also be obtained by finding a new 

methodology to calculate the seasonal efficiency of the 

product that doesn’t require extrapolation based on the 

clustering approach to identify days representative of one 

full year. 

 

Conclusion and Future Work  

From the results, it is clear that the test bench parameters 

don’t affect the efficiency that is being measured for the 

product under test. The next step is to compare the 

efficiency in the real-time simulation vs the one simulated 

offline, then try to identify the sources of the uncertainty 

that could cause the discrepancies. One way to do this is 

to repeat the real-time simulations for a different set of 

times and then compare the efficiency with the efficiency 

simulated offline. Then utilize inverse uncertainty 

propagation to find out the uncertainty which was not 

acknowledged at this point due to lack of knowledge. To 

obtain the seasonal efficiency the clustering method was 

used. Then based on the clustering weights, the 

extrapolation was done to project the efficiency for one 

year based on few days. This could also be looked at as 

one type of uncertainty. This could be eliminated by 

trying to identify the representative days based on the 

signal features (temperature, horizontal irradiation, 

etc,…) which will be a new methodology to find the 

seasonal efficiency based on one or two days. The present 

testing methodology allows one to choose up to four days 

to be representative of the whole year based on k-medoids 

clustering (Philipp Mehrfeld 2020). The choice of 

identifying the representative days based on the signal 

characteristics will eliminate the possibility of 

extrapolation. The efficiency obtained for the 

representative days will be the efficiency for the whole 

year. The possible pitfalls to overcome will be the choice 

of signal characteristics. 

Another method to reduce the computation complexity 

would be to consider the use of a surrogate/meta-model of 

the HIL system. One example is demonstrated for a 

hybrid simulator where uncertainty quantification and 

global sensitivity analysis are done for a hybrid simulator 

using Polynomial Chaos Expansion (PCE) (Abbiati 

2015).  

A sample HIL experiment was done to identify what 

could be the other uncertainties that could be represented 

in real-time. One case is shown in Figure 10 the where the 

boiler cycles from 50°C to 30°C while supplying hot 

water for space heating. Hence, it would be important also 

to consider this in the modeling. Moreover, in the case of 

the return temperature which was sent from the model to 

the test bench during the simulation, it was also found out 

that there was a maximum delay of thirty seconds between 

the simulated and the emulated return water temperatures 

shown in Figure 11. This delay should also be 

compensated by suitable delay compensation techniques.  

A key component that was not considered during the 

analysis is the ambient temperature of the laboratory 

where the experiments were conducted. At this point, not 

much data is there to conclude the effect of ambient 

temperature on the efficiency of the product that is being 

measured. To conclude the current methodology has 

computational and temporal complexities. To consider the 

uncertainties that were not considered due to the lack of 

knowledge an inverse propagation of uncertainty based on 

measurement data is necessary (Durga Rao Karanki 

2009).  

 
Figure 10: Delay between return water temperature measured 

vs setpoint   

 

Figure 11:Supply temperature from the boiler 
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