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ABSTRACT 

This paper proposes a generic Bayesian approach for 

calibrating building energy models. It employs 

sampling algorithms and parameter screening 

techniques to select influential model parameters on 

multiple types of model outputs, and uses Bayesian 

inference to generate the calibrated, probabilistic 

estimates of these parameters by incorporating 

human knowledge and considering parameter 

uncertainty and model discrepancy. Depending on 

model complexity and fidelity, it either calibrates the 

model directly, or uses a linear regression model as 

the meta-model and uses it to estimate the parameters 

in the original model. A case study involving both 

dynamic and reduced-order building energy models 

demonstrates the proposed approach and the result 

shows considerable agreement between prediction 

and measurement. 

INTRODUCTION 

Creating energy-efficient buildings has attracted 

increased attention in the effort to pursue sustainable 

development. In recent decades, this task has 

significantly benefited from implementation of 

building energy modelling in design, operational 

management, life-cycle assessment and retrofit 

analysis.  However, considerable discrepancies exist 

between model prediction and measurement of 

building energy use in real practice, mainly caused 

by uncertainties in manufacturing, construction and 

building actual operation. Modelling assumptions, 

simplifications and simulation approximations, 

commonly known as model discrepancy, also 

contribute to the discrepancies. In addition to 

improvement of parameter quality through detailed 

building audits, short-term testing, and energy 

monitoring, calibration of building energy models 

can help alleviate these discrepancies by adjusting 

model parameters through comparison between 

predictions and measurements such that the model 

outputs are close enough to the reality and model 

parameters remain realistic. Retrofit analysis can use 

calibrated models to predict potential energy savings 

of energy conservation measures (ECMs) to facilitate 

selection of retrofit plans and ensure realization of 

expected savings. 

In the literature, Reddy et al. (2006) and Coakley et 

al. (2014) provided good summaries of existing 

calibration methods and procedures. Automated 

calibration, as one major category, uses mathematical 

and statistical methods to find the optimal parameter 

values, which essentially is a parameter estimation 

problem from a mathematical perspective. Several 

automated calibration techniques include Carroll and 

Hitchcock (1993), Reddy et al. (2007), Hernandez 

Neto and Sanzovo Fiorelli (2008) and Eisenhower et 

al. (2011). However, calibrating building energy 

models with limited field measurements often leads 

to an underdetermined system wherein multiple 

solutions exist that produce good overall agreement 

with measurement (Carroll and Hitchcock 1993). 

Known as the equifinalty problem, it reduces model 

reliability when evaluating ECMs in retrofit analysis. 

In addition, most calibration techniques do not 

recognize model discrepancy, which leads to over-

fitting issues: parameter values that produce good 

agreement with measurement yet are physically 

improper. Finally, even by considering multiple 

possible solutions, point estimates, despite widely 

used, cannot fully consider uncertainties inherent in 

both model parameters and field measurement.  

Bayesian inference can address these issues by 

considering parameter uncertainties of model 

parameters in the form of prior probability 

distributions. It explicitly incorporates human 

knowledge of uncertain model parameters to 

differentiate equifinal solutions through probabilistic 

estimates. On the other hand, uncertainty and 

sensitivity analysis in retrofit practice stems naturally 

from the calibrated parameter distributions. Manfren 

et al. (2013) proposed a calibration technique of 

detailed building energy model using Bayesian 

inference, which uses a Gaussian process model 

(GPM) as the meta-model to replace the energy 

model in parameter estimation. In addition, Heo et al. 

(2012) proposed a Bayesian calibration framework 

that, originated from Kennedy and O’Hagan (2001), 

uses another GPM to represent model discrepancy to 

prevent over-fitting. Booth et al. (2012) employed 

probabilistic sensitivity analysis with a Bayesian 

calibration process to quantify uncertain parameters 

in housing stock models. 

However, state-space models like GPM apply mostly 

in situations wherein measured parameters do not 
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relate to outputs through first principles, examples of 

which include x-y coordinates on the map of a certain 

location whose oil density is of interest. In such 

cases, correlation-based estimation of model outputs 

under unknown parameter values allows for flexible 

fit of existing data. In building performance 

simulation, first principles can adequately explain the 

relation between model parameters and outputs. 

Ignoring this is both unnecessary and inappropriate. 

On the other hand, while expense of building 

simulation is relatively low, taking the inverse of 

covariance matrix, as in GPMs, becomes 

prohibitively expensive when the number of data 

points becomes large, which profoundly restrict the 

availability to use more information to improve 

calibration. Therefore, this study proposes a 

generalized framework to use Bayesian inference to 

estimate unknown model parameter values in 

building energy simulation. For complex dynamic 

models, it fits a linear regression model instead of a 

GPM to replace the dynamic model in automated 

calibration. It can also incorporate multiple types of 

measurements from on-site audit, sub-metering, etc. 

to improve the model accuracy. The next section 

explains the methodology of this technique, and the 

specific methods to handle different models. A 

following case study demonstrates this technique by 

calibrating two different models of a campus 

building, followed by a brief discussion and the 

conclusion. 

METHODOLOGY 

Model specification 

In the calibration context, model inputs refer to those 

whose values vary over time in a known manner 

during the measurement interval, calibration 

parameters refer to those whose true value or 

probability distribution that, although unknown or 

difficult to measure directly, remain relatively 

constant and can be estiamted by calibration. As 

explained by Sun and Reddy (2005), calibration 

techniques are able to estimate only a few calibration 

parameters with limited data availability, so it is 

important to reduce the number of unknown 

calibration parameters. Common approaches include 

acquiring detailed information through building audit 

to obtain confident estimation of parameter values 

(Westphal and Lamberts 2005; Shapiro 2009). 

Another important and commonly used technique is 

parameter screening and sensitivity analysis, as will 

be explained in the next section. 

On the other hand, commonly used model outputs in 

model quality evaluation include monthly total 

energy consumption and peak demand that mostly 

available in utility bills. Supplemented data from 

sub-metering or on-site measurement can also help to 

reflect actual building operations. This study 

combines information in different types of 

measurement in calibration by normalizing each type 

of output and its correpsonding measurement into a 

range of 0 to 1 by its maximum and minimum values, 

obtained from simulation of samples from design of 

experiment (DoE) that used in sensitivity analysis to 

be explained later. Modellers can assign different 

weights to different types of output depending on his 

or her belief in measurement quality, which will 

apply to the likelihood function in automated 

calibration process.  

Sensitivity analysis 

When detailed information through building audit is 

not achievable, sensitivity analysis (SA) becomes 

important to reduce the dimension of unknown 

parameter space in building energy models. It 

identifies a few influential parameters based on the 

influence of their variation on the model output, such 

that freezing values of the remaining weak 

calibration parameters at their default values will not 

compromise the result. This study employs a 

regression-based SA method proposed in Sun et al. 

(2014), which uses a linear regression model 

(Equation 1) to consider the parameters. 
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where      is the model output,    and    are the 

model parameters and regression coefficients 

respectively, and    is the regression error of 

simulation outputs, assumed to follow a Gaussian 

distribution with 0 mean and variance   . Then it 

uses the lasso (Tibshirani 1996) to select significant 

parameters by estimating the    in Equation 2 
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where   is a tuning parameter that controls the 

number of selected parameters, n is the number of 

data points. The lasso penalizes large models by 

adding the last penalty term, and this term would 

shrink the estimates of some    to be zero. As a 

result, it will only include a few significant inputs 

and parameters in the regression model yet still 

explain most variations in the output. 

Performing SA requires a sample of model inputs 

and parameters with different values and the outputs 

from simulation using these values. Latin hypercube 

sampling (LHS), first proposed by Mckay et.al 

(1979), uses a special design algorithm that ensure a 

good coverage of the whole value range of each 

parameters with much less data points compared to 

traditional DoE methods like factorial design. In this 

study, LHS algorithm samples from the probability 

distribution of each parameter based on uncertainties, 

such that the value range with high probability with 

have more data points and therefore ensure more 

accurate estimates.   

As mentioned before, this study uses the minimum 

and maximum values of each type of model output to 

normalize both output and measurements. Another 

benefit from this approach is that if the measurement 
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turns out to be outside the range of simulation output, 

then the calibration of this model is susceptible to 

extrapolation problem. In this situation, the modeller 

should carefully review the probability distribution of 

calibration parameter and the fixed default values of 

other model parameters, and re-perform the sampling 

and SA after appropriate adjustment. 

Meta-model fitting 

Most automated calibration techniques require 

enormous evaluations of the building energy model, 

which may be affordable for simplified energy 

calculations but prohibitively expensive for detailed 

dynamic simulation models. In the latter case, this 

study proposes a multiple linear regression model as 

the meta-model that “models” the dynamic model, as 

shown in Equation 1 previously. The only difference 

is that to fit a meta-model, d in Equation 1 should 

include both variable and calibration parameters, 

such that the output of the linear model can 

approximate that of the dynamic model with much 

less computation load. The general strategy becomes 

to use the lasso the select the significant parameters 

and use stepwise linear regression to fit the model, 

including both significant first order terms and two-

factor interaction terms, and estimate error 

variance  . Another advantage of LHS is that for any 

subset of parameters, i.e. the significant parameters 

selected by the lasso, the original sample retains all 

the desirable features by uniformly covering their 

range of values. This ensures that the linear model 

fitted from the LHS sample is adequate for most 

likely values of parameters. 

Automated calibration 

Equation 3 shows a mathmetical representation of the 

calibration problem, in which         when   is 

variable parameter and   is calibration parameter. 

    my d x      (3) 

where   is the normalized measurement,      is the 

output from either the original model or the 

(regressed) meta-model,    is random measurement 

error. Model discrepancy      is assumed to be a 

GPM, where all  s in the measurements form a joint 

multivariate Gaussian distribution, specified by its 

mean (assumed to be 0, i.e. no bias) and covariance 

matrix     . Element     of     , i.e. the covariance 

between    and   , uses squared exponential kernel to 

represent similarity (Equation 4), where    ,     are 

the sth dimension of    and   , and    is the 

corresponding weight factor, and   is the precision. 
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Assume random error    follows another Gaussian 

distributions with 0 mean and variance   , then in 

matrix form all the measurement y follow a joint 

multivariate Gaussian distribution, whose mean   

and covariance matrix   are shown in Equation 5. 

 = f d ,    2 2

s mC x I      (5) 

As a result, the calibration problem becomes to find a 

set of distributions for calibration parameters   and 

hyper-parameters             such that the 

likelihood of y becomes maximal. Following Bayes’ 

rule: 

       , | | ,p y p y p p       (6) 

where the joint posterior distribution, i.e. the 

estimates of calibration parameters is proportional to 

the product of their prior distribution and that of 

hyper-parameters, assigned by the modeller based on 

his or her preference, and the likelihood function 

(Equation 7): 
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Compared to Bayesian calibration as in Kennedy and 

O’Hagan (2001) and Heo et al. (2012), the size of   

becomes m, the number of measurements, instead of 

n+m, the total number of simulation outputs and 

measurements. Therefore, the complexity changes 

from           to      , a significant decrease 

in computation load especially when simulations are 

much more than measurements.  

CASE STUDY 

Building description 

This study chooses a campus building on the Georgia 

Tech campus to demonstrate the proposed method. 

The building has three floors with offices along the 

perimeter and biological laboratories in the core. 

District heating/cooling from central plant and 

electricity from utility are the energy resource of 

building system. The building uses a variable air 

volume (VAV) with reheat system, with six air-

handling units (AHUs) supplying conditioned air. 

Domestic hot water, as mostly used by the biological 

laboratories in the building, also comes from district 

heating through two heat exchangers. 
 

 

Figure 1 Building model in OpenStudio 
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Two building energy models were calibrated. The 

first was a linear regression (meta)-model of a 

complex EnergyPlus simulation model, created in 

OpenStudio 1.6 (Fig. 2) and then manually converted 

into a EnergyPlus 7.0 model. The other model was a 

spreadsheet-based, reduced-order model (Energy 

performance coefficient calculator, EPC) that uses a 

quasi-steady-state formulation of heat balance 

equations and aggregated building parameters (Heo 

et al. 2012; Kim et al. 2013; Lee et al. 2014).  

Because of the relative simplicity of this EPC model, 

it was calibrated directly, without recourse to a 

surrogate meta-model. Model parameter values of 

both come from design drawings and on-site audit. 

Available measurements include steam, chilled water 

and electricity consumption recorded at 15-minute 

time intervals from 01/2011 to 11/2013, although 

data of the first category was severely corrupted. 

Electricity usage mainly comes from lighting, plug 

load with almost constant temporal profiles, so it 

involves manual calibration in adjusting the relevant 

parameters and treat them as known parameters in 

the later automated calibration process. Average 

value of readings of the same time in one day within 

the same month fills a few missing data points. To 

represent utility bills, measurement data aggregates 

into daily average consumption for each month, 

calculated by dividing the monthly total consumption 

by the number of days in each month; and monthly 

peak demand came from the interval with highest 

consumption rate. The study uses measurements from 

2011 to 2012 to calibrate the model and the 

remaining for validation. 

Calibration process 

This study uses a workbench developed by Lee et al. 

(2013) to generate the sample of EnergyPlus 7.0 

parameter files, all identical except the value of 

calibration parameters as shown in Table 1; these 

files were used for the creation of the linear 

regression meta-model. It assumes that uncertainties 

of all the calibration parameters follow triangle 

distribution and the distribution parameters, i.e. 

minimum, mode and maximum values come from a 

from generic uncertainty quantification (UQ) 

repository (Sun et al. 2014; Sun, 2014) that include 

uncertainties for building envelope, system 

components and building usage and operation 

scenarios. This study also quantified uncertainties in 

case-specific parameters, including cooling set-point 

temperature, chilled water supply temperature, and 

actual outdoor air rate and supply air temperature of 

each AHU. 

A LHS design of 200 data points covering the whole 

parameter space fill the values of each parameter file, 

and each file fulfills two years’ simulation using 

2011-2012 actual meterology year (AMY) weather 

files. Each simulation generates 12 months of total 

chilled water energy consumption and peak demand, 

which then as explained were normalized by their 

minimum and maximum values. Table 2 shows the 

significant variable calibration parameters selected 

by SA, which includes a dummy variable “output 

type” that differentiates the two types of output, such 

that a single linear model can explain both outputs. 

These parameters then form a multiple linear 

regression model using stepwise regression with 

Akaike information criterion (AIC, Akaike 1974) and 

the resultant model includes all main effects and 55 

two-factor interaction effects with an R
2
 of 0.974. 

The automated calibration uses the aforementioned 

triangle distributions as the prior distribution for 

significant calibration parameters. Prior distributions 

of hyper-parameters come from Guillas et al. (2009) 

to assume assume a 20% model discrepancy and 5% 

measurement error. This study adopted a full 

Bayesian approach to estimate all the parameters at 

the same time, which uses random walk Markov 

Chain Monte Carlo (MCMC) simulation with the 

Metropolis algorithm (Metropolis et al. 1953) and 

uniform distributions as the proposal distribution. It 

performs 30000 MCMC simulations with the first 

3000 samples thrown away as burn-in, and the total 

computation time for automated calibration was less 

than 3 minutes. 
 

Table 1 

Uncertain calibration parameters 
 

CALIBRATION PARAMETERS MIN MAX 

Microclimate 

Ground temperature (℃) 12.6 23.4 

Thermal properties 

Conductivity ±15% 

Density ±3% 

Specific heat ±36.75% 

Thermal/solar/visible absorptance ±12% 

Infrared/solar/visible transmittance ±3% 

Thermal/solar/visible reflectance ±3% 

Infrared hemispherical emissivity ±3% 

U-factor ±15% 

Solar heat gain coefficient ±15% 

Thermal resistance ±15% 

Dirt correction factor ±30% 

Infiltration 

ELA per exterior area (cm2/m2) 0.26 4.94 

Internal load 

Occupancy density ±100% 

System operation 

Cooling setpoint (℃) 20.0 27.8 

Chilled water temperature (℃) 5.0 8.0 

AHU supply temperature (℃) 11 14 

AHU outdoor airflow rate  -70% +20% 
 

Table 2 

Significant parameters for the EnergyPlus model 
 

CATEGORY CALIBRATION PARAMETERS 

Model inputs 

Dry bulb temperature 

Relative humidity 

Wind direction 

Wind speed 

Output type 
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Calibration 

parameters 

Cooling set-point at occupied hours 

Occupancy density: lab  

Occupancy density: office  

AHU 1.1 outdoor airflow rate  

AHU 2 outdoor airflow rate 

AHU 3 outdoor airflow rate 
 

To illustrate the methodology, this study adjusts the 

parameters of the EPC model accordingly and 

calibrate the same set of significant calibration 

parameters. Due to single zone assumption of the 

EPC model, it uses a single aggregated occupancy 

density and outdoor airflow rate, and therefore 

provides posterior distributions of only three 

calibration parameters. At the same time, since it 

performs only one calcualtion for each month, peak 

demand is not available and therefore not considered 

in the automated calibration. The total computation 

time is around 30 minutes due to its complexity 

compared to a linear regression model, yet acceptable 

for most calibration practices. 

RESULTS AND DISCUSSION 

Estimates of calibration parameters 

Figure 2 shows the empirical probability density 

functions (PDFs) of joint posterior distributions for 

the six calibration parameters for the EnergyPlus 

model as compared with the prior distributions. The 

cooling set-point for occupied hours was higher than 

expected, probably resulted from a higher occupant 

setting. Occupant density in laboratories and offices 

was slightly lower than expected. Outdoor airflow 

rates for three AHUs were all close to the minimum 

(30%) as required in design specification, suggesting 

dysfunction  in controlling the outdoor air dampers.  
 

  

  

   

Figure 2 Prior (dashed line) and posterior 

(histogram) distribution, EnergyPlus 
 

The result from calibration of the EPC model in 

Figure 3 shows similar trend with reduced occupancy 

density, but only moderate shift of increased cooling 

set-point temperature and decreased outdoor airflow 

rate. Different posterior distributions obtained in two 

models may be caused by different model fidelities. 

Unlike EnergyPlus models, the EPC model assumes 

the whole building to be one single thermal zone with 

the same temperature, internal load and outdoor air 

ratio, and instead of a system model it calculates 

system consumption based on the demand and 

aggregated efficiency indicator. In addition, 

calibration of the EPC model cannot utilize the 

information in monthly peak demand in estimating 

parameter values, which may also explain the 

moderate shift of the mean compared to much 

significant change in the EnergyPlus model. 

Interpretation of the estimates therefore should be 

substantiated by a deeper review of the model and 

actual building operation in reality. On-site 

measurement may serve as a reliable way to validate 

the estimates of calibration. 
 

  

  

Figure 3 Prior (dashed line) and posterior 

(histogram) distribution, EPC 
 

Estimates of model outputs: point estimate 

To evaluate calibrated model performance, this study 

calculated two criteria from ASHRAE Guideline 14 

(ASHRAE, 2002) as shown in Equation 8.  
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For point estimates, this study uses the mean value of 

the joint posterior distribution of calibration 

parameters in a single simulation for both models, 

and the result  ̂  was compared to the measurement 

   while n is the number of data points and p=1. 

Table 3 and 4 shows the result of model performance 

in both calibration and validation periods that 

indicates a significant improvement. Both models are 

satisfactory for calibration period, according to the 

guideline that a NMBE smaller than 0.05 and 

CVRMSE smaller than 0.15 for monthly calibration 

indicate good fit of the calibrated model. Without 
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knowing the actual weather condition, the calibrated 

model performed slightly worse in validation, but the 

result is still acceptable. This indicates the efficacy of 

the calibration in terms of model improvement.  
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Table 3 

Calibration result, point estimation: 2011-12 

MODEL NMBE CVRMSE 

Daily average consumption   

Before calibration:    

EnergyPlus 0.17 0.40 

EPC 0.09 0.19 

After calibration   

EnergyPlus -0.04 0.13 

EPC 0.02 0.16 

Peak demand   

Before calibration:    

EnergyPlus 0.52 0.57 

After calibration:   

EnergyPlus -0.03 0.08 
 

Table 4 

Calibration result, point estimation: 2013 

MODEL NMBE CVRMSE 

Daily average consumption   

Before calibration:    

EnergyPlus 0.34 0.56 

EPC 0.12 0.18 

After calibration   

EnergyPlus 0.07 0.15 

EPC -0.01 0.13 

Peak demand   

Before calibration:    

EnergyPlus 0.72 0.75 

After calibration:   

EnergyPlus 0.11 0.14 
 

Estimates of model outputs: probabilistic estimate 

Another benefit from this rigorous probabilistic 

estimation is direct uncertainty analysis through 

propagating the joint posterior distributions of 

calibration parameters. This study chose 1/10 of the 

empirical distributions, i.e. 270 data points and 

performed uncertainty analysis for the EnergyPlus 

model (Figure 4, 5) and the EPC model (Figure 6) in 

all three years, as well as the distributions of 

CVRMSE calculated from each data point. 

Generally, the distribution of model output agree 

well with the measurements if they are considered as 

random realizations from the underlying distribution. 

In addition, as seen in the histograms, most data 

points agree well with measurement according to the 

ASHRAE Guideline 14, indicating good overall 

model quality. 

However, it is also obvious that models after 

calibration still have noticeable model discrepancy, 

which is accounted by the Gaussian process model 

during the automated calibration. However, while 

inclusion of this statistical model in comparison 

could improve the model performance, it is 

susceptible to extrapolation problem in retrofit 

analysis, where model structure and the values of 

parameters not been calibrated could be different 

from current condition, and in which the statistical 

model does not hold. Therefore this technique 

employs the statistical model merely to prevent over-

fitting problem, and it is recommended to use the 

first principle models when performing retrofit 

analysis. If the level of model discrepancy is larger 

than the uncertainty in expected savings, the modeler 

should carefully review the model, or may consider 

choosing a higher fidelity model instead. 
 

   
Figure 4 Uncertainty analysis of daily average 

consumption for each month, EnergyPlus 

(Left: model output (boxplot) compared with 

measurement (*); Right: distribution of CVRMSE, 

same for Figure 5, 6) 
 

   
Figure 5 Uncertainty analysis of peak load for each 

month, EnergyPlus 
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Figure 6 Uncertainty analysis of daily average 

consumption for each month, EPC 
 

CONCLUSION 

This study has proposed a generic calibration 

technique with multiple types of measurements for 

building energy models of different complexity and 

fidelity. It employs sensitivity analyses techniques to 

select influential calibration parameters. It can 

calibrate simple models directly within a Bayesian 

framework. When handling dynamic models, it fits a 

multiple linear regression model, rather than a GPM, 

to replace dynamic model in the calibration and thus 

reduce computation time. Posterior distributions of 

significant calibration parameters obtained by using 

Bayesian inference can support further uncertainty 

and risk analysis. This paper provided a case study to 

demonstrate the technique and obtained satisfactory 

results in terms of both parameter values and model 

performance with maintainable computation effort.  

Nevertheless, this method can only facilitate the 

automated parameter-tuning process while 

incorporating modeller’s experience and 

uncertainties to prevent over-fitting. A deeper 

analysis of the model and corresponding building 

operation in reality should substantiate interpretations 

of the resultant parameter values. In addition, the 

remaining discrepancy can serve as a good indicator 

of overall model quality, and modeller should be 

cautious in applying the calibrated model to evaluate 

ECMs when the discrepancy is relatively large.  
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