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Abstract  

A calibrated physics-based energy model is mostly 

assumed to be an adequate representation of the actual 

building when it complies with a measurement and 

verification standard's criteria for fitness. This paper aims 

at quantifying the uncertainty inherent in the building 

energy model (BEM) calibration process and calibrated 

model's predictive performance on operational decisions. 

In this regard, a generic building is simulated with three 

different occupancy and envelope scenarios using 

EnergyPlus. Subsequently, seven parameters are assumed 

unknown, and a custom optimization script is employed 

to search for these parameters. Results demonstrated that 

calibration with hourly meter data yields more accurate 

and stable parameter estimates than monthly data. 

However, accuracy is increased up to 58% by repeating 

the monthly calibration a few times, averaging the 

parameter estimates, and adopting them as final calibrated 

model parameters. Results indicated that the poorly 

calibrated models might not be sufficient to support 

operational decisions. 

Key Innovations 

Energy models for existing buildings are needed to make 

operation and retrofit decisions. However, pure data-

driven modelling approaches may not be suitable for 

many existing facilities due to issues in obtaining 

metadata and limitations in the sensing and data collection 

infrastructure. Thus, physics-based energy models 

calibrated with metered energy use data have gained 

popularity among the building simulation community. An 

accurately calibrated physics-based energy model is 

assumed to be an adequate representation of the actual 

building in practice. To this end, this paper advances our 

understanding of the uncertainty in the energy model 

calibration process. It demonstrates the imperfections 

inherent in the calibrated models and highlights how these 

imperfections translate into the building performance 

simulation-based operational decision-making process.  

Practical Innovations 

This case study highlights that calibration with hourly 

meter data yields more accurate results than monthly data. 

If calibration is performed with monthly energy use data, 

one should repeat calibration a few times and use the 

parameter estimates' average to obtain final calibrated 

parameters. Imperfectly calibrated energy models can not 

support the operational decision-making process with 

acceptable accuracy.  

Introduction 

Buildings are responsible for one-third of the total global 

energy consumption (IEA, 2013), split evenly between 

the commercial and residential sector. More than 80% of 

building energy consumption in commercial buildings 

occurs during the operation phase mostly to provide 

building services such as heating, cooling, ventilation, 

and lighting (Lazzaroni & Bianchi Porro, 2003). While 

contemporary building codes and standards are expected 

to improve the energy performance of the new buildings, 

methods to guide major retrofit decisions are needed for 

existing buildings, considering that the annual new 

construction floor area represents typically less than 2% 

of the total rentable floor area (NECB, 2017). Energy 

distribution throughout the building systems should be 

understood to evaluate potential operational and retrofit 

decisions. In contrast, the impact of the changes on energy 

consumption and thermal comfort in actual buildings 

cannot be tested on building management systems. 

However, a building energy model (BEM) representing 

the real building can help investigate and understand this 

energy distribution.  

Many researchers have developed different reference 

BEMs, mainly categorized into data-driven (black-box), 

grey-box, and physical models (white-box). Data-driven 

BEMs are statistical models constructed from a large 

amount of training data. Those models fail to represent the 

physical meaning while mapping strong input parameters 

to the energy use behaviour; therefore, they may not 

always reflect the physical behaviour. Besides, data-

driven modelling approaches may not be suitable for 

many existing buildings due to issues in obtaining 

metadata and limitations in the sensing and data collection 

infrastructure. Grey-box models are hybrid models that 

combine white and black-box models. They use training 

data sets and simplified physical systems to define 

parameters. Although using the physical models reduces 

the training data sets needed, the same limitations with 

black-box models also exist in those models.  On the other 

hand, physics-based models engage a descriptive 

algorithm to link the building, system, and environmental 

parameters (Chaudhary et al., 2016). Thus, physics-based 

energy models calibrated with metered energy use data 

have gained popularity among the building simulation 

community.  
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The reliability of a calibrated BEM depends on the 

similarity of the energy use to the target facility. Major 

efforts to set standards for an acceptable calibrated BEM 

are ASHRAE Guideline 14, International Performance 

Measurement and Verification Protocol (IPMVP), and 

Federal Energy Management Program (FEMP). They 

establish acceptable fitness levels to the meter energy use 

based on statistical indices such as the CV(RMSE) and 

the normalized mean bias error (NMBE). Although the 

existing guidelines provide calibrated simulation 

procedures, they do not offer a methodology to calibrate 

a model to measured data (Adrian, Chong Khee, 2015; 

Reddy, 2006). Therefore, different calibration techniques 

were applied in previous studies (Tahmasebi, Zach, 

Schuß, & Mahdavi, 2012). Each technique requires 

different analytical tools and expertise to assist in the 

calibration process. Manual and iterative calibration is 

performed by adjusting inputs and parameters on a trial-

and-error basis until the program output matches the 

known data. It requires a certain level of expertise, and 

usually, the process is time-consuming (run simulation 

engines, wait for the new outputs, evaluate the match to 

measured data, and then change inputs once again) 

(Chaudhary et al., 2016). Automated calibration offers 

specific tests and measurements through analytical and 

mathematical procedures. Mostly, an optimization 

function is incorporated with a programming environment 

to minimize the discrepancy between the measured and 

simulated data (e.g., alter parameters to minimize the 

CV(RMSE) iteratively).  

This paper advances our understanding of the uncertainty 

in the automated energy model calibration process. 

Specifically, the following research questions are 

investigated: (a) how accurately the unknown parameters 

of a calibrated energy model can be estimated through the 

model calibration process; (b) how the imperfections in 

the model calibration process affect the calibrated model's 

ability to make operational decisions. A generic three-

story office building in Ottawa, Canada, is simulated with 

three different occupancy and envelope scenarios to 

generate synthetic metered energy data for calibration to 

answer these questions. Subsequently, several input 

parameters (e.g., air infiltration, window, and exterior 

wall thermal conductance) are then assumed unknown. 

The model is coupled to a custom optimization script that 

searches for these unknown parameters by minimizing the 

deviation to the metered energy use data subject to 

practical and physical constraints. The process is repeated 

with monthly and hourly metered energy data. The 

calibration process's performance is assessed based on the 

optimization algorithm's ability to estimate the unknown 

parameters. Further, the calibrated energy models are 

used to evaluate operational decisions related to air 

handling unit supply air temperature (SAT) reset and 

demand control ventilation (DCV) to examine the effects 

of the imperfections in the model calibration process on 

operational decisions.  

Methods 

This section discusses the calibration steps followed in 

detail. First, establishing a BEM to generate synthetic 

metered energy data for calibration is demonstrated. 

Subsequently, identifying a list of input parameters that 

will be assumed unknown for the optimization script to 

estimate is discussed. Also, three different envelope and 

occupancy scenarios are presented. Next, customizing 

objective function and a search space for a genetic 

algorithm (GA) to find the model parameters with the 

least CV(RMSE) value are elaborated. Finally, we 

discussed the details of performing optimization-based 

calibration. 

Establishing BEM and Synthesizing Meter Data 

The calibration process starts with creating a building 

with all thermophysical properties precisely 

characterized. An office building model was initially 

developed in SketchUp 2017 and then exported to 

EnergyPlus v9.3.0 to carry out the simulations. 

EnergyPlus has many advantages for this study. The data 

file, i.e., the IDF file, uses a text format that easily allows 

 

 

Figure 1: An overview of the model geometry and system 

architecture. 
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the model parameters to be edited. Furthermore, a large 

number of EnergyPlus models can be created 

automatically by using the command line, and simulation 

results are obtained in formats that are suitable to be 

processed in Excel. The target facility is a generic three-

story office building located in Ottawa, Canada, with 

2187 m2 total floor area. An overview of the model 

geometry and system architecture is presented in Figure 

1. For simplicity, the 27m-by-27m floor is divided into 

nine thermal zones: eight perimeter and one core zone. 

Since our emphasis was on uncertainty in the calibration 

process in a given design, the impact of various zoning 

decisions is not studied in this paper. The floor height is 

3.5 m, and windows (1.5m x 7m) are centered in all 

cardinal directions. 

Three air handling units (AHUs), which contained heating 

and cooling coils, were modelled to serve all building 

zones, where each of them served a different floor. 

Cooling equipment gross rated coefficient of performance 

was assumed to be three. EnergyPlus defines rated 

conditions for the coefficient of performance for cooling 

as air entering the cooling coil at 19.4°C wet-bulb and 

26.7°C dry-bulb temperatures, and air entering the 

outdoor condenser coil at 35°C. The natural gas-based 

heating equipment was assumed to operate at 80% 

efficiency. A built-in economizer type in EnergyPlus, 

differential dry bulb, is used. It increases the outdoor 

airflow rate when there is a cooling load and the outdoor 

temperature is below the zone exhaust air temperature. 

Twenty-seven VAV (variable air volume) units supplied 

heating and cooling to thermal zones, where twenty-four 

of them were perimeter zones with reheat coils. There was 

no other perimeter heating. Three terminals serve the core 

zones without reheat, and the maximum discharge air 

temperature with reheat is set as 35°C.  

EnergyPlus automatically sized HVAC equipment and 

systems in the simulation models. The minimum airflow 

fraction of the VAVs is considered as 20%. The outdoor 

air method is defined as a flow per area. The AHUs 

operate from 4 am to 6 pm on weekdays and remain off 

during the weekends. The AHU heating coil and VAV 

reheat coils were set to be available from October to April. 

During the heating season, the supply air temperature 

setpoint is 18°C; the zone temperature setpoint is 22°C.  

 

 

Analogously, the AHU cooling coil was set to be 

available from May to September. During the cooling 

season, the supply air temperature setpoint is 12°C; the 

zone temperature setpoint is 23.5°C. Both heating and 

cooling season temperature setpoints are kept constant 

across all simulations. 

Supply fan pressure was set to 500 Pa. Internal loads are 

generated by the occupants, lighting, plug-in appliances, 

and any other heat-generating equipment within a 

building. Unless lighting and plug loads are separately 

submetered, the optimizer cannot separate them. In 

practice, metered data is not usually available for lighting 

and plug loads; therefore, occupant density is linked to 

combined lighting and plug load intensity for practical 

concerns (Hobson, Lowcay, Gunay, Ashouri, & 

Newsham, 2019; Mahdavi, Tahmasebi, & Kayalar, 2016). 

Occupant heat gains depend on their activity level. An 

EnergyPlus activity schedule and clothing insulation 

schedule was used to estimate occupant heat gain. We 

created a custom EMS (energy management system) 

script coupled with a constant schedule to increase the 

flexibility of creating a customized schedule. Plug and 

lighting load intensity are assumed to be 300 W/person 

(Bennet & O'Brien, 2017; Gunay, O'Brien, Beausoleil-

Morrison, & Gilani, 2016).  

Subsequently, three different occupancy and envelope 

property scenarios are created. As shown in Table 1, the 

envelope scenarios are generated by varying the common 

envelope performance metrics systematically – e.g., 

increasing the heat transfer coefficient of the window (U-

value),  decreasing the unit thermal resistance of the walls 

(R-value), and reducing the airtightness (Gunay, Ouf, 

Newsham, & O'Brien, 2019). Also, varying internal load 

and ventilation rates are examined while keeping 

envelope properties constant – e.g., decreasing the people 

density (PPL) and increasing the after hours fraction 

(AHF)  and ventilation.  

Identifying calibration parameters and scenarios   

A simulation model's accuracy mostly depends on how 

accurate the inputs can describe the design conditions of 

building envelopes and HVAC systems, and operation 

practices; thus, how well the outputs compare with 

available measured energy use data. Therefore, 

identifying the calibration parameters is critical to 

improving the accuracy of the calibration. Some previous 

Table 1: Parameters used in calibration are listed: real building parameters, three scenarios with different 

envelope and occupancy profiles, parameter boundaries for the optimization algorithm. 

Parameters used in 

calibration 

Units Real value 

for scenario 

1 

Real value 

for scenario 

2 

Real value 

for scenario 

3 

Lower bound 

for GA search 

Upper bound 

for GA search 

U-value (W/m2-K) 2 2.5 2 1.5 3 

SHGC - 0.5 0.3 0.6 

R-value  (W/m2-K) 4 3 4 2 5 

Infiltration (L/s-m2) 0.25 0.5 0.25 0.1 1.0 

AHF - 0.3 0.3 0.5 0.1 0.7 

PPL (m2/person) 20 20 15 10 40 

Ventilation (L/s-m2) 0.5 0.5 1 0.2 2.0 
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studies considered window and wall characteristics, 

minimum outdoor and supply airflow, air infiltration rate, 

and lighting and plug loads as influential parameters 

(Cipriano et al., 2015; Heo, Choudhary, & Augenbroe, 

2012; Mustafaraj, Marini, Costa, & Keane, 2014; Sun & 

Reddy, 2006; Westphal & Lamberts, 2005). Cipriano et 

al. (2015) identified the envelope thermal transmittance 

and infiltration rate as critical parameters. Heo et al. 

(2012) emphasized the importance of lighting and plug 

loads in calibration. In the light of previous studies, U-

value, and solar heat gain coefficient (SHGC) of the 

window, R-value of the wall, air infiltration rate, AHF, 

people density (m2/person), and outdoor air flow rate 

(ventilation) are selected as calibration parameters. Note 

that after hours plug loads and lighting ratio, i.e., AHF is 

defined as the fraction of the lighting and plug load power 

draw that remains on after the work hours. Building's real 

parameters for different scenarios are listed in Table 1. 

Finally, the BEM generated the target building's heating 

and cooling coil and electricity (fan, interior light, interior 

equipment) loads monthly and hourly for one year, for 

each scenario as explained in the following section. These 

results are treated as synthetic meter data by the 

optimization algorithm while we attempt to estimate the 

parameters assumed unknown during calibration. 

Defining objective function and genetic algorithm  

Objective function should be defined in a way to guide the 

algorithm to find the best possible solution. Uncertainty 

analysis is necessary to verify these models' resemblance 

to the real building. In other words, it is required to 

determine the variability degree and data fitness with the 

actual building. In this research, the Coefficient Variation 

of the Root Mean Square Error (CV(RMSE)) was selected 

as an error-minimizing objective function aiming to 

reduce the difference between measured heating, cooling, 

and electricity data to simulated data (i.e., taking the 

average heating, cooling, and electricity CV(RMSE). 

The process of calibrating a set of parameters was carried 

through a custom MATLAB script that read and write 

from the base EnergyPlus model. MATLAB's genetic 

algorithm function is used as an optimization method. 

This analysis permits assessing the degree of variability 

and how the data fit in with the actual building. The 

selection of an appropriate objective function helps the 

algorithm more rapidly find the best solutions. Actual 

Meteorological Year (AMY) data is used as historical 

weather data. A genetic algorithm (GA) operates on a 

finite set of simulations (population) as an evolutionary 

algorithm. In each iteration (generation), there is a 

competition between the different subjects (particular 

models) of the population, and the algorithm selects the 

ones that fit best with the objective. It then generates a 

new population in a given space for the next generation 

with the best subjects and new random ones. In each result 

evaluation, the best ranking parameters get updated. 

When all generations are performed, the process stops, 

and the best model is stored as the calibrated model. 

Search space was created by defining threshold values for 

parameters, which are shown in Table 1. 

 

Figure 2: The variational range obtained for each 

parameter of monthly and hourly analysis for five  

optimization runs. The minimum and maximum threshold 

values limit the variational range. Blue scatters are the 

monthly, orange ones are the hourly calibration 

estimates, and the black line represents the real building 

parameters.  
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Figure 3: Estimated monthly heating, cooling loads, electricity consumption (MWh) obtained from five independent 

runs, and metered actual building data are presented for Scenario 1. The red line represents the estimated loads 

obtained with the average parameter.

 

 Figure 4: Solid blue line represents the monthly real 

energy consumption data (GJ) for Scenario 1. The Red 

dashed line represents the energy consumption (GJ) for 

the model calibrated with average parameters. 

 

Figure 5: The measured and calibrated hourly electricity 

and heating load for seven days (4–10 February) during 

the heating season for Scenario 1 is shown. 

 

This work's selected stopping criterion runs a maximum 

number of five generations for all calibration approaches  

(monthly and hourly) until the optimal solution is 

obtained. Population size is an important parameter 

affecting the performance of optimization methods based 

on genetic algorithms. The population sizes 

recommended are twice or four times the number of 

variables (Hamdy, Nguyen, & Hensen, 2016). In this 

study, the population size is chosen as 50. The crossover 

fraction was set to 0.5. The number of elite individuals 

(stall gen) to pass to the next generation was set to five.  

After establishing calibration parameters, objective 

function, and setting up the optimization algorithm, 

optimization-based calibration is performed for each 

scenario. The optimization process stops when maximum 

generations are reached and stores the best-calibrated 

model with heating, cooling, and electricity consumption 

closely matching the monitored data. For each of the three 

scenarios listed in Table 1, the seven parameters that 

minimize the objective function was determined using the 

genetic algorithm. The optimization algorithm is repeated 

five times for each scenario without changing any settings 

to evaluate model parameter variations for different runs. 

This process is repeated with monthly and hourly metered 

energy data for all scenarios.  In total, 30 optimization 

runs are analysed.   

Results and Discussion 

This section first investigates the variation of model 

parameters among different optimization runs and the 

effect of the calibration method's temporal resolution 

(monthly/ hourly). Next, it offers an approach to increase 

monthly calibration accuracy and compares the selected 

model results with the measured consumption data using 

CV(RMSE) criteria. Finally, operational decisions like 

AHU supply air temperature (SAT) reset, and DCV are 

demonstrated with accurately and poorly calibrated 

models. Discrepancies among those results are examined.  
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Parameter and Load Estimates  

It should be noted that all calibrated models (all scenarios) 

satisfied ASHRAE Guideline 14 CV(RMSE) acceptance 

criteria. ASHRAE Guideline 14 limits the monthly 

CV(RMSE) value to 10% and hourly to 30%. Through 

this study, the maximum and minimum CV(RMSE)monthly 

and CV(RMSE)hourly were presented as 5.37%, 1.36%, and 

17.64%, 5.81%, respectively. 

In most cases, hourly calibration estimates were tightly 

clustered, where monthly estimates were more spread out. 

75% of the hourly parameters had a narrower standard 

deviation and variance than monthly estimates. Monthly 

energy use data does not generate as accurate estimates as 

hourly data of the unknown parameters – even though the 

goal was to estimate only seven parameters. Due to the 

multicollinearity amongst many parameters, it was 

challenging to acquire correct estimates, particularly for 

the window and wall thermal transmittances and the air 

infiltration rate. It is essential to mention that these are the 

results for five optimization runs per scenario. Due to 

space constraints, all the presented results and performed 

operational decisions will be based on Scenario 1. 

Note that the optimization approach is stochastic, not 

deterministic, and that is why each run arrives at different 

results. In an effort to increase the monthly calibration 

accuracy, average parameters (running the calibration 

several times, i.e., five runs and averaging the estimates) 

are adopted as final calibrated model estimates. Results 

showed that using those average parameters could 

improve the monthly calibration accuracy up to 58% with 

a 2% CV(RMSE)monthly. Figure 3 shows the monthly 

heating, cooling, and electricity energy loads (MWh) 

obtained at each run, and the red line represents the 

average parameter estimate. The results show how this 

method balances the discrepancies among optimization 

runs; thus, CV(RMSE) tolerance criteria could be 

achieved in a narrow margin; however, it should be noted 

that the performance of this approach is assessed based on 

this case study.  

Figure 4 presents the monthly predicted electricity, 

cooling, and heating load profiles using the calibrated 

model (with average parameters) compared with the 

actual measured load profile all year round. It shows that 

the model can dynamically predict loads, which agreed 

well with the actual measured data, that could accurately 

follow energy consumption trends.  

Figure 5 shows the dispersion between the measured and 

calibrated electricity and heating load for seven days (4–

10 February) during the heating season. The model with 

the median CV(RMSE) is presented as the calibrated 

model among five runs. The calibrated model accurately 

captures seasonal patterns and peak demands. The 

analyses covered all year round, but only heating season 

results are presented due to space constraints.  

It should be highlighted that accuracy increases 

significantly when the average parameter is selected as 

the final model inputs for monthly calibration. This 

method is beneficial when hourly metered data is not 

available or when monthly calibration is practiced for a 

specific task. 

Implementing operational decisions 

This section deals with the actions performed to 

investigate how inaccuracies in model parameters impact 

operational decisions. Energy savings can be attained by 

applying a SAT reset and DCV. Most AHUs in 

commercial buildings have an air economizer cycle for 

free cooling under certain outside air conditions.  During 

the economizer cycle, the outside and return air dampers 

are regulated to seek SAT at its setpoint. Meanwhile, 

spaces may have less cooling load, and if the SAT is too 

low, it may cause excessive use of reheat in the 

economizer mode. In other words, a building might enter 

into the economizer mode while the majority of the 

perimeter heating devices are operating. Further 

information on SAT reset strategies can be found 

elsewhere (Gunay, Newsham, Ashouri, & Wilton, 2020; 

Hobson et al., 2019).   

In this paper, the EnergyPlus SAT reset function, 

OutdoorAirTemperatureReset, was utilized. Function 

resets the SAT based on the following default rules: (i) 

when the outdoor dry-bulb temperature (ODB) is at or 

below 6.7oC; the heating coil design setpoint is applied 

(which was 18°C), (ii) when the ODB is at or above 

10.0oC the heating coil design setpoint minus 5.2oC is 

applied (18 – 5.2°C), (iii) in between, the setpoint varies 

linearly.  

Another way to improve HVAC systems' operation is to 

provide heating, cooling, and ventilation only when and 

where they are needed, in the amount that they are 

required (Shen, Newsham, & Gunay, 2017). Note that this 

is inevitably dependent upon having access to system-

level occupant count information, knowing the number of 

occupants, ventilation rates can be adapted (i.e., DCV). 

The minimum outdoor air schedule is set to the occupancy 

schedule to examine the savings.  

SAT reset, DCV, and a combination of SAT reset and 

DCV decisions are performed with poorly and accurately 

calibrated models and discrepancies among energy-

saving predictions (energy use intensity (MJ/m2)) are 

reported (Table 2 and Table 3). Note that the poorly 

calibrated model is the model with the highest 

CV(RMSE) for both monthly and hourly calibration. In 

contrast, the accurately calibrated model corresponds to 

the model obtained with mean parameter estimates for 

monthly calibration and the model with the median 

CV(RMSE) for hourly calibration. Results indicate that 

percentage error for savings can go as low as 8% (accurate 

model) to as high as 24% (poor model) for hourly 

simulated models. Where savings percentage error could 

be reduced to 4% (accurate model) from 50% (poor 

model) using mean parameter estimations for monthly 

calibrated models. 

 Results proved that imperfections in the calibration 

process translate into the operational decision-making 

process distinctly. The discrepancy among the poorly 

calibrated models can be significant enough to lead 

inappropriate decisions.  
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For example, one may advise against investment to 

purchase occupant sensing technologies or hire a controls 

engineer to implement the SAT reset strategy based on the 

poorly calibrated model's estimated savings.  

Conclusions 

The purpose of this research work was to determine the 

uncertainties in the model calibration process and 

diagnose if those imperfections affect the building 

performance simulation-based operational decision-

making process.  

First, a building with all thermophysical properties 

accurately characterized is simulated with three different 

occupancy and envelope scenarios in EnergyPlus v 9.3.0. 

A synthetic metered energy data is generated monthly and 

hourly to investigate the effect of temporal resolution on 

calibration validity. Accordingly, input parameters like 

U-value and SHGC of the window, R-value of the wall, 

air infiltration rate, AHF, people density, and outdoor 

airflow rate were assumed unknown. Subsequently, a 

custom optimization (GA) script in MATLAB searched 

for these unknown parameters by minimizing the 

CV(RMSE). The optimization algorithm was repeated 

five times for each scenario without changing any settings 

to evaluate parameter estimates' variations for different 

runs. 

Results demonstrated that calibration with hourly meter 

data yielded more accurate and stable parameter estimates 

than monthly data. However, repeating the calibration a 

few times with monthly data and averaging the parameter 

estimates appeared to increase the accuracy by up to 58%.  

Monthly calibrated models obtained by averaging the 

parameter estimates of multiple calibration runs were 

analogous with those calibrated with hourly data. Results 

indicated that since poorly calibrated models cannot 

accurately represent the building's thermophysical 

properties, they also could mislead the operational 

decision-making process. In contrast, accurate models 

yield more realistic conclusions. Therefore, when hourly 

metered data is not available, or the monthly calibration 

is preferred, accuracy can be increased by using this 

approach. 
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Table 2: Implemented operational decisions on the 

hourly calibrated model (energy use intensity per total 

building area (MJ/m2)) for Scenario 1 are listed. 

Operational 

Decision / Savings  

Real   Poorly 

calibrated  

Accurately 

calibrated 

Default 573.58 534.21 583.52 

 SAT reset 

Savings 

539.27 504.34 547.8 

34.31 29.87 35.72 

DCV 

Savings 

566.11 532.24 573.44 

7.47 1.97 10.08 

SAT reset and DCV 

Savings 

531.43 502.34 537.2 

42.15 31.87 46.32 

Table 3: Implemented operational decisions on the 

monthly calibrated model (energy use intensity per 

total building area (MJ/m2)) for Scenario 1 are listed. 

Operational 

Decision / Savings  

Real   Poorly 

calibrated  

Accurately 

calibrated 

Default 573.58 559.93 577.7 

 SAT reset 

Savings  

539.27 539.35 544.49 

34.31 20.58 33.21 

DCV 

Savings 

566.11 559.29 570.9 

7.47 0.64 6.8 

SAT reset and DCV 

Savings 

531.43 538.7 537.3 

42.15 21.23 40.4 
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