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Abstract 

As building performance is increasingly improved and 

building energy consumption decreases, a greater 

percentage of the total energy loss of a building occurs 

through envelope leakage. This leakage is characterized 

by the effective leakage area or ELA. Current building 

performance simulation (BPS) uses software modules that 

approximately calculate envelope infiltration, but the 

literature shows that their calibration and validation is still 

unsatisfactory.  

This paper develops a new framework to address 

calibration and validation for different combinations of 

data and model fidelity, where each combination leads to 

probability distributions of the calibration parameter set. 

It does so by conducting calibration for different 

experiments, i.e., with different data resolutions, and for 

different model fidelities. The calibration is anchored 

around ELA and its impact on “best estimates” of other 

parameters is verified. 

Key innovation 

• Introduce a calibration method to reduce the 

uncertainty in parameters interaction. 

• Improve the effectiveness of the calibration process. 

• Addressing calibration and validation for different 

combinations of data and model fidelity. 

• Enhance our capability in predicting future building 

energy use. 

Practical implication 

Relying on underdeveloped, or more specifically 

“uncalibrated”, models results on large discrepancy 

between prediction and actual. As a result, this will 

undermine the market’s confidence in energy-efficient 

buildings. Therefore, adequately predicting building 

energy consumption is vital to the successful deployment 

of building energy assessments and retrofits. 

Introduction 

Buildings are primarily designed to assure best thermal 

comfort with the minimum amount of energy 

consumption. Heating, ventilating, and air conditioning 

(HVAC) systems in buildings are designed to maintain 

thermal comfort at the desired level as well as assuring 

best indoor air quality. However, the operating cost of 

HVAC systems is often a large percentage of the total 

energy cost of buildings, which on average constitutes 

47% of the primary energy consumed in a building (DOE, 

2017). In 2018, residential and commercial buildings 

consumed about 40% of total U.S. energy consumption 

(EIA, 2019). Hence, this calls for further research and 

development to explore innovative solutions in real 

practice. 

This paper investigates the effect of using various 

granularities of data for calibration and validation. One 

option to reduce building energy use is the improvement 

of building envelope airtightness. Thus, in this study, the 

emphasis on data granularity and calibration method is 

mainly driven by the need to identify the effective leakage 

area (ELA) as this is the façade property that dominates 

air infiltration. In this study, the set of ELA parameters is 

seen as the anchor of a calibration framework that allows 

inspection of the subsumption effects on other 

parameters. The correct calibration of ELA is therefore 

important and taken as central focus, while other relevant 

parameters are introduced in the calibration to show their 

effect on the outcome of the overall calibration. It should 

however be noted that an isolated single parameter 

calibration is not a possible or even plausible undertaking 

because a model always contains a set of other parameters 

that are basically unknown as they cannot be measured in 

isolation, at least not without considerable effort in setting 

up experiments. So, although the prime interest is on ELA 

of the various facades or rather facade elements of a 

building, other parameters will enter the calibration 

process by necessity. 

Background 

In an existing building, there are many leakage spots on 

the building skin, for simplicity regarded as a collection 

of façade parts, each of which can be assigned an effective 

leakage area (ELA) (Sherman & Grimsrud, 1980).  

As an important contribution to quantify infiltration in 

buildings, the U.S. National Institute of Standards and 

Technology (NIST) developed multi-zone airflow 

network models and applied this to the DOE reference 

buildings (Ng, Musser, & Persily, 2012). Based on the 

NIST airflow simulation software CONTAM, the multi-

zone airflow network models can use transient weather 

data to calculate air infiltration (through openings and 

leakages) at each time step of the simulated period.  

Overall, there have been many different calculation 

methods of infiltration rates in both theoretical and 

practical studies. The approach shown in Figure 1 

represents the most common method to assess the energy 

savings realized by yearly air infiltration. The pre-
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simulated hourly infiltration rates of the whole building 

are exported and input in the energy model. It is important 

to understand the accuracy level of building performance 

analysis associated with different methods of infiltration 

rate calculations.  

On the other side there are the direct measurements of air 

leakage. There are Several standards exist for the testing 

of infiltration and air leakages in building envelopes. 

Among these are conventionally blower door testing and 

tracer gas methods (Sherman & Grimsrud, 1980).  

 

 

Figure 1: Framework of infiltration simulation in 

current methods using a nodal airflow model 

Calibration practice 

In common practice, a BPS model is deemed calibrated if 

its prediction is in agreement with observations, i.e., its 

goodness-of-fit reaches a certain threshold. This 

agreement is often quantified by the standard statistical 

metric CVRMSE. However, the true complexity of 

calibration which cannot be tested or standardized lies in 

the fact that most calibration parameters are surrogate 

parameters that appear in simplified physical 

relationships at the core of the building energy model. As 

a consequence, there is an unavoidable and significant 

model discrepancy, usually referred to as model form 

uncertainty (MFU) (Sun, et al., 2014). As such, any 

calibration will only lead to “best estimates” of calibration 

parameters that subsume that part of building behaviour 

that is fundamentally not addressed in the model. It is 

significant to note that enlarging the pool of calibration 

parameters or enlarging the amount and resolution of real 

observations will NOT remove this bias. To be more 

specific, the connection between the prediction 

uncertainty of a model and its accuracy under the 

goodness-of-fit metrics is valid for normal linear 

regression models rather than for BPS models because of 

the latter’s disparate model assumptions (Reddy, 2006). 

Similar observations and a more technical explanation is 

realized in this work (Heo, Choudhary, & Augenbroe, 

2011). 

Therefore, we argue that current standard deterministic 

calibration methods cannot evaluate the inherent 

probabilistic nature of predictions, and hence cannot 

inform these application studies that involve decision 

scenarios involving a conscious risk assessment. In this 

context, more informative and practical approaches to 

assess model accuracy, validity and corresponding data 

informativeness are needed in the calibration of building 

performance models. 

Methodology 

The work is conducted along two main routes that both 

lead to an estimation of the primary parameter (vector) 

under study, ELA. The diagram in Figure 2 shows the two 

distinct ways to measure ELA, i.e., via direct 

measurement and indirect calibration from simple, 

routinely available measurements. 

 

Figure 2: General outline of the core research topic: 

ELA estimation 

From the testing techniques presented previously, the 

tracer gas method has been chosen for the direct 

calibration approach in the left part of Figure 2. The 

obvious reason for this choice is its practicality and 

relative simplicity. On the other hand, indirect calibration, 

which basically depends on the measurement of the 

indirect effects of infiltration (e.g., on energy and 

temperature) and uses simulation tools and calibration 

techniques to estimate the “best estimate” of ELA. 

Sensitivity analysis 

A sensitivity analysis (SA) of all uncertain model 

parameters is conducted by representing their possible 

values with probabilistic distributions and test their 

influence on a chosen quantity of interest (QoI) of the 

simulation. SA reveals which parts of the total output 

uncertainty can be attributed to uncertainties in individual 

inputs or groups of inputs, and it ranks the importance of 

input parameters based on their influence on the 

uncertainties of model outcomes. For the targeted SA it is 

sufficient to define plausible ranges of parameters and 

assume their distribution (e.g., uniform or normal) and 

rank their importance through well-established methods. 

The resulting ranking and interaction between parameters 

are used to determine the calibration set and regular set, 

where the boundary between the two sets is not fixed but 

variable. 

Data collection for the calibration target 

Well-designed procedures regarding the use of 

information and data throughout the calibration process 

has a significant impact on the success of the outcome. 

Most studies on calibration use compliance with 

calibration standards, like ASHRAE Guideline 14-2002 

(ASHRAE, 2002), as validation criterion. Regardless of 

whether the calibrated model passes the test, there is 
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usually insufficient proof to test the validity of calibrated 

parameter values. Clearly the quality and volume of the 

monitored outcomes as well as fidelity of the model play 

a role, but it is very hard to make their roles explicit. The 

most common type of monitored data in building 

performance management is the monthly utility bill, as it 

is readily available and reliable in most cases. This type 

of data is obviously more informative than monthly data 

for model validation because of the embedded dynamic 

characteristics. Hence, increasing the volume and type of 

monitored outcomes helps to overcome uncertainties 

associated with the experiment set up, such that one can 

appropriately attribute the discrepancy between assumed 

and observed parameters. 

One objective of this study is to measure the fidelity of a 

model over different resolutions and granularities of input 

data. Therefore, different setups of data monitoring is 

applied in the case study. The monitored outcomes 

include: 

• Energy: monthly and hourly electricity consumption. 

• Temperature: indoor zonal temperatures. 

• Meteorological conditions: on-site dry bulb 

temperature, relative humidity, global irradiance, and 

wind speed and direction. 

Model calibration technique 

Calibration is the essential part in the framework of this 

study. The most common automated model is the tuning 

approach that formalizes calibration into a deterministic 

parameter estimation problem by minimizing the 

discrepancy between measurements and model outcomes 

as objective. This employs numerical algorithms to find 

the parameter values (for all parameters in a chosen 

calibration set) that minimize this objective function.  

The issue with any calibration is that some parameters 

may subsume the effect of other parameters and inherent 

model discrepancies as well as wrong scenario data and 

observation data errors. Jointly, they increase the 

uncertainty in the resulting model and more specifically 

make parameter estimates less reliable. The subsumption 

of these exogenous disturbances in the calibration 

parameters is directly intertwined with the interaction 

between all calibration parameters. The proposed 

approach in this study to monitor and when possible 

quantify this effect is depicted in Figure 3. 

The process starts with defining all uncertain parameters 

(including ELA) followed by a sensitivity analysis to rank 

the most dominant parameters at this stage. The outcome 

of this step is to separate parameters into a calibration set 

and regular set. Since our target is to determine the value 

of ELA, we start the calibration with a small set 

containing only ELA as calibration parameter(s). Out of 

that calibration we can generate a distribution for the ELA 

vector by taking sample values for all uncertain 

parameters and repeating the calibration for every sample. 

The reduction of the calibration set is a repetitive process 

where every time additional calibration parameters are 

added. For every set a new ELA distribution is found in 

the calibration step. It could be expected that all ELA 

distributions are not the same due to the interaction 

between the calibration parameters. At this stage we apply 

a sensitivity analysis technique to more objectively 

account for parameter interaction effect. Particularly, the 

method used for this is the Morris method which ranks the 

effect of uncertain parameters on ELA distributions. 

 

Figure 3: Iterative calibration steps to determine 

calibration parameter sets via sensitivity analysis 

Model validation 

A crucial question is whether the proposed approach leads 

to a more accurate ELA estimate. This can only be judged 

against a known true value. However, as explained above, 

there is no established way that would give the true value 

of ELA. Therefore, this study relies on the best available 

method to establish a “truth value” for ELA, which is the 

direct experiment with tracer gas to measure infiltration 

for a given building zone directly and derive a best 

estimate of ELA. The test is done at zonal level so that we 

can derive ELA for each façade or part of a façade of the 

building.  

It is clear that test assumptions do not apply perfectly, and 

some conditions cannot be monitored with great accuracy. 

These facts lead to uncertainties in the experiment that 

compound into a range of possible values of the derived 

ELA.  Wind pressure is one of the main driving forces of 

infiltration and is one of the main sources of uncertainty 

that affects the resulting ELA value. Therefore, even with 

in-situ direct measurement, we still expect a (possibly 

large) range of values in the generated ELA estimate. 

Modeling approach 

Two types of model fidelity are used. The Energy 

Performance Calculator (EPC) tool is used as the prime 

representative of the class of low resolution, first-order 

simulation tools. It is a simple energy estimation tool 

developed by the building technology group at the school 

of Architecture at Georgia Tech according to ISO-13790 

(ISO-13790, 2008) with some modifications. On the other 

hand, we assume in this study that EnergyPlus can be used 

as a high fidelity model. It is essential to implement the 

modeling methods that can best estimate the ELA value, 

so the only correct way to account for the airflow rate in 

the model with the use of ELA at each surface is through 

the Airflow Network feature in EnergyPlus. 
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Consequently, the structure of the calibration exercise 

follows the diagram in Figure 4. The procedure of the 

proposed calibration methodology relies on three distinct 

parts. The first part is the choice of the underlying model 

to be calibrated. Hence, a distinction is made between four 

model resolutions, i.e., EPC-monthly, EPC-hourly, 

EnergyPlus-(monthly data), and EnergyPlus-(hourly 

data).  The determination of these models depends, among 

others, on the availability and granularity of the quantity 

of interest (QoI-i) used for the calibration.  

 

Figure 4: The structure and variants of the calibration 

process 

Every model in the calibration process is conjoint with a 

calibration criterion (CC) that is determined by the 

measured QoI’s. In the case study, only two types of QoI 

are considered: QoI-1 is the energy consumption, either 

available at monthly or hourly resolution, and always as 

whole building aggregated electricity consumption; QoI-

2 is the indoor temperature, available at hourly level, but 

not for the full calibration period, and only in selected 

zones. Based on the availability of QoI-1 and sometimes 

QoI-2, two calibration criteria can be constructed: i) CC-

1 which uses only QoI-1; ii) CC-2 which uses QoI-1 and 

QoI-2 together. The resolution of CC-1 and CC-2 

(monthly or hourly) can be chosen independently, 

depending on the resolution of model outcomes and 

measurements. 

Finally, the incremental nature of the process is driven by 

the characterization of the calibration set (CS-i), which is 

the set of calibration parameters that enters the calibration 

process steps for a particular model and a specific 

calibration criterion. The choice of the calibration set is 

informed by a sensitivity analysis (SA) process that is 

performed at every calibration step. In the current 

calibration process, the number of calibration sets is 

limited to four sets (i.e., CS-1, CS-2, CS-3, and CS-4). 

Therefore, every specific calibration step is characterized 

by the model, a calibration criterion, and a calibration set. 

For example, EPC-hourly/ CC-1/CS-3. 

Case study 

the implementation of the proposed methodology 

consisting of a stepwise calibration process on a typical 

residential house located in the Atlanta area. The main 

intention of the case study is to validate the proposed 

approach where validation centers on the obtainable 

accuracy of ELA estimates for the given building. More 

details about the case study can be found here (Althobaiti, 

2021). 

The energy consumption data that is available in this 

building is electrical energy consumption in kWh. For this 

building, the outcomes are collected at higher granularity, 

i.e., both hourly aggregate electricity consumption and 

hourly indoor temperature in addition to aggregated 

monthly energy consumption. The building is equipped 

with an on-site weather station to measure dry-bulb 

temperature, global solar radiation, local wind speed, and 

wind direction. The period for these measurements and 

associated calibration is three months, starting from 

August to the end of October 2019. The monthly data are 

collected for the entire year of 2019. 

Calibration of the low-resolution model 

(EPC-monthly) with monthly consumption 

data 

As the first step, uncertainties in model parameters are 

quantified by reviewing published literature and industry 

standards. The uncertainty information is essential for the 

consecutive step in the calibration process: in particular 

for parameter screening and iterative calibration under 

uncertainty. The latter refers to calibration when some 

model parameters are viewed as uncertain. The following 

sections present the technical workflow and 

implementation of the calibration process. 

 
Figure 5: SA results of dominant parameters (CS-1 

through CS-4) for EPC-monthly/CC-1 

Calibration process 

After finding the most dominant parameters by 

conducting the SA, we select the top ones that show 

substantial impact on the QoI and are therefore expected 

to have a large influence on the results of the calibration. 

As we move on with the same procedure, parameters are 

selected to be added to the prior calibration set leading to 
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a larger CS and a likewise smaller uncertain parameter set. 

Table 1 shows all calibration sets that have been selected 

in the four steps. 

In the first calibration we select ELA as the lone 

calibration parameter(s). Note that in this case the 

granularity of separately identifiable façade parts leads to 

three ELA parameters. This step is important to construct 

an idea of what would be the value of ELA without being 

influenced by concurrent calibration of other parameters.  

Table 1: Calibration parameters sets of EPC-

monthly/CC-1 used in the calibration steps 

CS-1 CS-2 CS-3 CS-4 

Front ELA Front ELA Front ELA Front ELA 

Back ELA Back ELA Back ELA Back ELA 

Right ELA Right ELA Right ELA Right ELA 

 Lighting Lighting Lighting 

 
Lighting 

schedules 

Lighting 

schedules 

Lighting 

schedules 

 Appliances Appliances Appliances 

  
Solar-

transmittance 

Solar-

transmittance 

  Fan power Fan power 

  
Cooling-

setpoints 

Cooling-

setpoints 

  Wall U-value Wall U-value 

   Cooling COP 

   Cp 

   Roof U-Value 

   Wind Speed 

It is expected that the resulting ELA will have a 

(potentially wide) distribution because of the influence of 

the uncertainties in the regular parameter set. Combining 

the deterministic calibration results of all samples delivers 

a distribution of calibrated ELA values. The calibration 

process is automated to run 50 samples resulting in 50 

values for ELA in the EPC-monthly model. The façade 

configuration of the building leads to distinguishing three 

dominant parts for which a different ELA should be 

assigned or calibrated, for simplicity denoted here by 

“front”, “back”, and “right” ELA. As an example, the 

resultant of CS-1 through CS-4 for “back ELA” is shown 

in Figure 6. 

Focusing on the outcome of CS-1, one notices a rather 

wide and uninformative distribution, which was expected 

because the EPC model has low resolution, the measured 

data is low resolution, and no other parameters are being 

calibrated except the ELA. The most probable values of 

ELA results established from this first step are used as 

input in the SA that drives the selection of parameters in 

the next calibration step; the SA result of the top 

parameters in the second step is shown in Figure 5 in 

magenta color. It leads to the construction of the next 

calibration set, CS-2 as listed in Table 1. Figure 6 also 

shows the ELA results of the next steps of the procedure 

(with CS-2, 3, 4). Recall that these results are based on 

QoI-1 (monthly energy use) and CC-1. Each step results 

in a different ELA distribution. From Figure 6 we notice 

that for CS-2 the ELA distribution is still as wide as CS-

1, which means that the additional parameters in this 

calibration set have minimal impact on the prediction of 

ELA. This can be seen from the SA results in Figure 5 

where the highest μ* values are found for the lighting, 

lighting schedules, and appliances. For this step all 

parameters exhibit a σ/μ* ratio >1, except for the energy 

consumption by lighting and appliances, which suggests 

that most parameters exhibit either non-linear behavior or 

interaction effects with other parameters or both. 

 
Figure 6: Calibration results of ELA (CS-1 through CS-

4) for EPC-monthly/CC-1 

On the other hand, one can observe that ELA in CS-3 

forms a clear peak around 0.9 cm2/m2 even though it is 

still a rather wide distribution ranging between 0.1 

cm2/m2 to around 2 cm2/m2. This suggests that the new 

parameters have considerable interaction with ELA. 

Considering their impact on the model outcome, the most 

important factors on this step are fan power, cooling 

setpoints, and solar transmittance. These are followed by 

wall U-value, cooling COP, and by wind speed. It also can 

be seen from Figure 5 (blue) that the first three important 

parameters have a ratio of σi/μi* > 1, which indicates a 

non-linear or interaction effect with other parameters 

within the model. 

Finally, CS-4 distribution is more determined with a 

higher probability of being at 1.35 cm2/m2. This can be 

explained in Figure 5 (red); among all of the input 

parameters, Cp has the highest impact on the energy 

consumption (QoI-1), whereas the other parameters have 

minimum impact on the model output. Therefore, their 

influence on energy consumption variations can be 

neglected. Moreover, it can be observed that the 

corresponding 𝜎 value of Cp is almost monotonic, 

indicating that Cp mostly does not have interaction with 

the other parameters, which helps in constructing a more 

constrained ELA prediction.  

Calibration of the low-fidelity model (EPC-

hourly) with hourly consumption data 

It is acknowledged that with higher resolution data, the 

calibration is expected to perform better in terms of 

parameters estimation. Hence, the outcomes of this case 

study are extended to hourly electricity (QoI-1-H). In this 

EPC-hourly model we use the same parameter inputs that 

are used in the EPC-monthly model, and subject to the 

calibration procedure in the same fashion as before, 
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keeping in mind that this case uses calibration criterion 1 

(CC-1) with hourly energy consumption (QoI-1-H) 

instead of monthly aggregates. The same SA process that 

is used previously is conducted, and after running the 

calibration with the same procedure we followed earlier, 

the results of all calibrations for “back ELA” are shown 

in blue in Figure 7. 

  

  
Figure 7: Calibration results of ELA (CS-1 through CS-

4) for EPC-hourly/ CC-1 and CC-2 

The outcomes show that although the ELA distributions 

in CS-1 and CS-2 are rather wide, it reveals a significant 

improvement compared to the first calibration set of the 

EPC-monthly calibration. This can be explained from the 

SA results where the back ELA found to have an almost 

linear effect with other parameters on the energy 

consumption with a ratio of 0.5 < σ/µ* < 1. 

Next, the combination of the parameters in CS-3 seems to 

have a stronger influence on the variability of ELA. 

Therefore, as CS-3 achieves a highly constrained ELA 

distribution, CS-4 as a consequence becomes as 

determined and very similar distribution as CS-3. 

Adding temperature measurements in the calibration 

The calibration process is conducted following the same 

fashion but with more granular data to test the potential 

improvement if additional measurement data is added to 

the pool. In this case we include indoor temperature. With 

the additional outcome the calibration criterion is changed 

to include QoI-1-H and QoI-2. This leads to CC-2 as 

introduced earlier. Figure 7 also shows overlaid 

distributions that compare all back-ELA results between 

EPC-hourly CC-1 (blue) and CC-2 (red). 

The ELA results of CC-2 are not very much different from 

the results established for CC-1, especially with CS-1 and 

CS-2. However, it can be noticed that there is a persistent 

tendency in every calibration result that forces ELA 

values toward the lower edge of our calibration constraint 

which is set at 0.05 cm2/m2. 

Calibration of EnergyPlus model with 

monthly consumption data 

The selected higher fidelity model in this study is 

EnergyPlus with base values and uncertainties assigned to 

model parameters through the same method we 

established for EPC, but this time with more details as 

required by the tool. 

Calibration process 

The results of 50 samples for back ELA are shown in 

Figure 8. These results are interestingly different from 

those we established with the EPC models. Use of CS-1 

leads to a wide distribution of ELA and is not very 

informative. This is because no other parameters are being 

calibrated except the ELA.  

The ELA distribution has a narrow shape with CS-2, i.e., 

within a range between 0.05 and 0.3 cm2/m2. This 

calibration set contains parameters that are related to the 

HVAC system, plug loads, as well as Cp. Among these 

parameters, fan efficiency and Cp have the highest 

variance (i.e., non-linearity with other parameters) 

compared to the other selected parameters. 

Subsequently, ELA in CS-3 results in a very determined 

distribution at 0.3 cm2/m2 because, at this point, the 

model has all the influential parameters that affect the 

value of the ELA. Thus, the calibration of CS-3 produces 

one ELA value, which is also the same value that CS-4 

produces. 

  

Figure 8: Calibration results of ELA (CS-1 through CS-

4) for EnergyPlus-monthly/CC-1 

Calibration of EnergyPlus models with 

hourly outcomes 

The EnergyPlus-(hourly outcomes) model is identical to 

the one we built for the calibration with monthly 

outcomes, so we run the calibration steps with the same 

procedure we followed earlier, and the results of all 

calibrated cases for “back-ELA” are shown in blue in 

Figure 9.  

The first calibration set (CS-1) in this calibration exercise 

results in a narrower ELA distribution compared to the 

same calibration set that we established previously with 

EnergyPlus-(monthly outcomes. This is obviously due to 

the magnitude of the monotonic effect of ELA in the SA 

exercise. ELA in CS-2 results in a more distinct 

distribution at 0.45 cm2/m2, which indicates that all 

consecutive calibrations will result the same. 
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Figure 9: Calibration results of ELA (CS-1 through CS-

4) for EnergyPlus -hourly/ CC-1 and CC-2 

Adding temperature information in the calibration 

Figure 9 also shows overlaid distributions that compares 

all back-ELA results between EnergyPlus-hourly CC-1 

(blue) and CC-2 (red). The ELA outcomes in this 

calibration exercise results in similar distributions that 

was obtained for CC-1. Even though with CS-2, ELA 

shows a little wider distribution, the peak value still best 

matches that for CC-1. This finding suggests that feeding 

this model with additional information (i.e., indoor 

temperature) has minimal impact on the ELA estimation. 

ELA determination based on in-situ 

measurement 

Figure 10 shows a comparison of the ELA calibrations 

that are generated with EPC and EnergyPlus models 

against the experimental ELA with measured wind 

pressure. The distributions presented in the plot are the 

best models of each tool with the respective calibration 

set.  

The shaded green distribution represents the direct ELA 

calibration (tracer gas experiment). Therefore, this is 

assumed to be our best prospect for the true ELA. The 

direct calibration of ELA provides an enhanced estimate 

where the 95% confidence interval is between 0.34 and 

0.46 cm2/m2. Also, the graph presents the best ELA 

estimates based on statistical discrepancy measures; 

namely, Kullback-Leibler (KL) divergence 

experimentally (Kullback & Leibler, 1951), the 

probability (P) within the 80% CI engineering range, and 

the standard error (SE), where we assume that the 

narrower distribution leads to a more stable model with 

respect to the ELA estimation. More details can be found 

in this reference (Althobaiti, 2021). 

Considering the above, the primary conclusion is that all 

ELA distributions derived with monthly outcomes are 

broad and substantially diverge from the experimentally 

derived best estimate of ELA. Models calibrated with 

hourly outcomes perform better; this is most pronounced 

for the EnergyPlus model calibrated on hourly outcomes, 

which shows better ELA prediction than all other models.  

 

 

Figure 10: Best results of ELA calibrations with EPC 

and EnergyPlus in comparison with experimentally 

determined ELA (green) 

Discussion 

Table 2 shows CVRMSE values of all calibrated models. 

The first column in the table indicates the type of model 

in the calibration process for the given case study. The 

CVRMSE is provided in terms of mean, µ, and standard 

deviation, σ, with the four calibration sets (CS-i). 

The results show an overall consistent estimation of the 

calibration parameters among models with the same type 

of observations and calibration sets and time resolutions. 

The statistical measures indicate that the calibrated EPC 

models can predict the energy consumption as accurately 

as the calibrated EnergyPlus models. Also, the validation 

measures tell that the calibration process improves the 

accuracy of the model by gradually reducing the 

CVRMSE values with CC-1 and CC-2.  

A closer look at the accuracy of calibrated models across 

different cases shows that after calibration, i.e., refined 

quantification of uncertainties associated with important 

parameters and model bias, the best overall accuracy is 

achieved when all types of observations (QoI-1 + QoI-2) 

are used regardless their time resolutions. However, 

calibration with QoI-2 (i.e., indoor temperature) tends to 

add only a minor improvement to the overall calibration 

process, which indicates that the benefit of temperature 

monitoring is not significant; probably because its relative 

small hour-to-hour variations over the entire period do not 

contribute too much information in addition to the energy 

consumption.  

The results in Table 2 indicate that models that are 

calibrated with fewer calibration parameters seem to have 

considerable deviation compared to those with more 

calibration parameters. In itself, this is not surprising as 

the calibration of smaller parameter sets suffers from 

more uncertainty in the non-calibration parameters. This 

does not always mean that the more calibration 

parameters the better model we achieve. In fact, feeding 

the model with large number of calibration parameters, 

could lead to parameters subsumption. In addition, the 

best ELA distributions in EPC models are either wide or 

far from the best estimate for ELA, which suggests that  
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Table 2: overall view of the models' energy performance and the resulted ELA 

Model 

CVRMSE 
Best ELA result 

CS-1 CS-2 CS-3 CS-4 

µ σ µ σ µ σ µ σ KL P CS- 

EPC-monthly/CC-1 0.54 0.15 0.24 0.10 0.16 0.06 0.14 0.04 1.88 0.03 3 

EPC-hourly/CC-1 0.50 0.15 0.36 0.05 0.30 0.01 0.29 0.00 1.30 0.07 2 

EPC-hourly/CC-2 0.50 0.15 0.36 0.05 0.31 0.02 0.29 0.00 1.27 0.11 2 

EnergyPlus-(monthly data)/CC-1 0.34 0.07 0.17 0.01 0.11 0.01 0.09 0.01 1.66 0.009 2 

EnergyPlus-(hourly data)/CC-1 0.32 0.04 0.26 0.01 0.26 0.08 0.24 0.00 0.42 0.98 2 to 4 

EnergyPlus-(hourly data)/CC-2 0.26 0.03 0.21 0.00 0.20 0.00 0.20 0.00 0.42 0.98 3 to 4 

the MFU in these models is so significant that a reliable 

ELA estimate is more likely not reachable. This is also 

supported by the CVRMSE value for which the best ELA 

estimate was achieved. The first best ELA estimate in the 

case study is achieved at CS-2 with a mean CVRMSE 

value of 0.23, and CS-1 with a mean CVRMSE of 0.20, 

see Table 2.  

On the other hand, the EnergyPlus models show more 

consistent outcomes regarding both CVRMSE and ELA 

estimates. This means that the ELA predictions become 

more reliable and definitely lead to a more informative 

result. We see this clearly in EnergyPlus-(hourly data) 

where both ELA estimates and CVRMSE have reached 

constant outcome from CS-2 to CS-4 with a probability of 

0.98 and KL 0.42. 

Conclusion 

The primary goal of this research is to improve the 

effectiveness of the calibration process such as choice of 

the calibration parameter set and fidelity of the model, 

while avoiding or at least understanding the confounding 

effect across the calibration parameter set.  Although this 

obviously applies to all parameters of the building, this 

study focuses on and is de facto anchored in the crucially 

important façade parameters associated with infiltration. 

The leading parameter is the effective leakage area 

(ELA), which is diversified for different façades and 

façade elements in the BPS model. The main objective of 

the study is to understand the influence of the calibration 

settings on the resulting calibrated model. Among these 

settings is the fidelity level of the model, the use of 

different calibration sets, the type and interval of 

measurement data that is used and (to some extent) the 

metric that is used to measure the distance between 

observed and model generated outcomes.  

The case study was modeled with EPC, which represents 

the low-resolution tool, and EnergyPlus, which represents 

the high-fidelity tool. The results demonstrate the 

effectiveness of the proposed calibration process in 

approaching the true values of the calibration parameters 

with focus on ELA. 

In summary, this research demonstrates that: 

1. The proposed calibration method makes improved 

use of data in constraining uncertainty and improving 

prediction of calibration parameters.  

2. Predicting building energy consumption in a 

probabilistic way is the key enabler of improving 

predictions of uncertain parameters. 

3. The lower resolution EPC calibrations can adequately 

optimize the energy model and derive the same 

consistent results as EnergyPlus models when they 

are supported by the same calibration set and data 

availability. On the other hand, EPC has not done as 

good in terms of the calibration parameter 

approximation (e.g., ELA). 
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