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ABSTRACT 

This paper presents a risk analysis method based on 

Bayesian calibration of building energy models. The 

Bayesian approach enables probabilistic outputs from 

the energy model, which are used to quantify risks 

associated with investing in energy conservation 

measures in existing buildings. This paper 

demonstrates the applicability of the proposed 

methodology to support energy saving contracts in 

the context of the ESCO industry. A case study 

illustrates the importance of quantifying relative risks 

by comparing the probabilistic outputs derived from 

the Bayesian approach to standard practices endorsed 

by International Performance Measurement and 

Verification Protocol and ASHRAE guideline 14. 

INTRODUCTION 

Energy Service Companies (ESCOs) undertake 

energy retrofits of existing buildings through energy 

performance contracts that typically guarantee 

savings as part of their service. This means that 

ESCOs are less likely to recommend high-impact, 

high-cost technologies, unless the probability of 

energy savings can be quantified appropriately and 

associated risks expressed such that comparison 

between competing technologies is explicit. 

However, there is a lack of sufficient research in 

developing methods that quantify risks in energy 

performance contracts. 

Energy service contracts have been a useful medium 

for delivering energy-efficiency services to various 

building sectors (e.g., government entities, schools, 

universities). The U.S. ESCO industry is expected to 

grow by an annual growth rate of 26% through 2011 

(Satchwell, 2010) with 75% of the revenues coming 

from energy performance contracts for building 

retrofits. A performance contract guarantees energy-

savings or energy-cost savings directly tied to the 

total cost (service cost) of the improvement 

contracted by the ESCO; in other words, the service 

cost is in part determined by the magnitude of the 

guaranteed cost savings. However, if the savings are 

overestimated and not realized during the contract 

period, ESCOs may have to compensate building 

owners for the shortfall depending on the contract 

clauses. The expression of a guarantee allows 

building owners to invest in the retrofits with high 

confidence, but the structure leads to relatively safe 

and often less aggressive ambitions towards energy 

savings.  

Current practice for evaluating the energy saving 

potential of a building involves Investment Grade 

Audits (IGA). An IGA involves site surveys and 

collecting data about actual characteristics to 

establish „current status‟ or energy baseline of the 

building being considered. This process also helps an 

ESCO identify the distribution of energy use within 

the building by end use, thus identifying potential 

areas of improvement. Based on these, candidate 

energy conservation measures (ECMs) are evaluated 

and compared. This process is supported by protocols 

established by International Performance 

Measurement and Verification Protocol (IPMVP, 

2010). Large scale ESCO programmes across the US 

and Europe increasingly specify the IPMVP to be 

required for measurement and verification of energy 

savings in building retrofits (Hansen, 2004). 

The IPMVP offers several methods for determining 

energy savings from ECMs for a building, but all of 

them follow a deterministic approach; they set 

methods for computing an absolute value of energy-

savings from a set of ECMs without quantifying any 

risks expressing potential underperformance (under-

performance in this context can be defined as an 

ECM not resulting in energy savings as projected in 

the energy performance contract). In practice, ESCOs 

quantify risks of under-performance based on experts' 

knowledge and prior beliefs. As an acceptable rule of 

thumb, the experts' subjective judgment is estimated 

to be between 60% and 70% of the deterministic 

energy-saving estimate (Hansen, 2004). As a result, 

ESCOs generally provide building owners with one 

fixed minimum guaranteed savings for each selected 

ECM. Despite the increasing recognition of the 

importance of risk analysis in performance contracts, 

the deterministic approach in current practice ignores 

uncertainty in the retrofit analysis. Moreover, no 

formal methodology exists to introduce risk analysis 

in the retrofit decision-making process.    

In addition to the IPMVP, ASHRAE Guideline 14-

2002 (ASHRAE, 2002) provides guidelines and 

calculation methods for retrofit analysis in the US. 

These guidelines recommend deriving energy-

savings by subtracting projected (calculated) energy 
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use during the post-retrofit period from baseline 

energy use during the pre-retrofit period. It is also 

recommended that energy use is normalized to reflect 

energy-savings solely due to ECMs and excluding 

the effects of other factors such as weather and 

specific building use patterns. For the estimation of 

the energy used in a building, ASHRAE guideline 14 

provides three methods: (1) whole building metering, 

(2) retrofit isolation, and (3) calibrated simulation. 

The first two methods depend on measured data to 

determine the pre-retrofit energy use and the post-

retrofit energy use and are hence applicable only after 

ECMs are implemented in a building. Thus, these 

two methods cannot be used to evaluate feasible 

ECMs in the decision-making stage. The third 

method requires calibrating the energy model of the 

building being evaluated and using the calibrated 

model to predict the performance of candidate ECMs. 

Since this paper proposes a risk analysis method for 

energy investments in a decision-making context, we 

look only into the third method.  

The calibrated simulation method involves the use of 

a building simulation model. The calibration process 

requires tuning the model parameter values until the 

discrepancy between model predictions and 

observations satisfies some statistical criteria. 

ASHRAE Guideline 14 defines these criteria in terms 

of the coefficient of variation in the root mean square 

error (CVRMSE) and the normalized mean bias error 

(NMBE); it stipulates that NMBE and CVRMSE 

should be within 5% and 15% respectively with the 

use of monthly utility data for a model to be deemed 

calibrated. The statistical terms are expressed in 

Equations 1 and 2.    refers to observations, and    to 

energy model predictions in period  .    
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This approach results in a deterministically calibrated 

baseline model of a building, which is then used to 

calculate energy-savings from each candidate ECM. 

The results can be deemed as optimistic because they 

do not take into account sources of uncertainty in the 

energy model that can potentially cause ECMs to 

underperform the expected performance 

improvements. Indeed, ASHRAE Guideline 14 

implicitly acknowledges the importance of 

uncertainty (or rather variability) through the NMBE 

or the CVRMSE. ASHRAE Guideline 14 also 

provides methods to determine uncertainty in energy-

saving estimates in Annex B of the Guideline. 

Equation 3 is recommended for the calibrated 

simulation approach.  It evaluates the standard 

deviation of the energy-saving estimate (          

from the CVRMSE (which is computed as per Eq. 1). 
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where         denotes the energy-saving calculated 

over m future time periods and n is the number of 

observations in the pre-retrofit period; F is the ratio 

of energy-saving estimate to baseline energy use; the 

multiplier 1.26 is an empirical coefficient; t is a t-

statistics for the expected confidence level. The 

guideline stipulates the calculated standard deviation 

(          at 68% confidence interval should be 

lower than 50% of the annual savings estimate 

(          for the projected energy-saving to be valid.  
 

ASHRAE Guideline 14 thus provides empirical tests 

that quantify the confidence in an energy-savings 

estimate for a building retrofit. However, this method 

is not suitable for quantifying risk for several 

reasons: First,          should be derived in 

principle from a probabilistic distribution. Second,  

the method cannot be used to quantify uncertainties 

associated with the proposed ECMs. Therefore, it 

leads to the same magnitude of risk for any retrofit 

option although each retrofit option most likely 

contains different level of underperforming risks. 

Furthermore, the empirical relationship shown in 

Equation 3 is designed for a very specific definition 

of energy-savings. Hence, it does not allow 

translation of computed energy-saving uncertainty 

into other risk measures. In fact, energy retrofit is an 

investment, and retrofit projects often employ cost-

effectiveness measures such as cost/benefit ratio and 

simple payback time for decision-making. However, 

the current method cannot provide information about 

risks in these forms.   

 

PROPOSED METHODOLOGY 

We propose a methodology that quantifies risk in the 

evaluation of ECMs for building retrofits. The 

proposed method is based on Bayesian calibration of 

building energy models. The Bayesian approach 

enables quantification of uncertainties in the energy 

model. Moreover, it is able to incorporate additional 

uncertainties coming from ECMs to derive savings in 

a probabilistic form. The probabilistic outputs can be 

naturally translated to quantify risks of under-

performance associated with ECMs. We illustrate the 

proposed method through a case study. The case 

study compares decisions derived by using our 

proposed methodology with those derived by 

following the IPMVP and ASHRAE Guideline 14. 

The following two sections describe the process of 

calibrating the energy model of an example building 

under our proposed method and as per ASHRAE 

Guideline 14 respectively. The remaining part of the 

paper demonstrates how the outputs from these 

models inform decision-making for retrofit analysis 

of the example building.  
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The energy model used in this study is a normative, 

quasi-steady-state model based on CEN-ISO 

standards for energy performance calculation (ISO 

13790, 2006; CEN, prEN 15203/15315, 2006). While 

this is a lower resolution model than a fully dynamic 

building energy simulation, it has the advantage of 

making the modeling and calibration process much 

faster due to the following reasons: (a) The level of 

information required from building audits is much 

less. This is an extremely useful advantage since 

gathering detailed specifications can be extremely 

time-consuming, if not impossible, (b) Modelling 

effort and computational run-time is significantly 

reduced, and (c) Aggregation of a set of parameters 

in one representative value of a building sub-system 

rather than component level allows uncertainty 

quantification for a reduced set of parameters. Heo 

(2011) has shown that this model can be used without 

compromising the degree-of-confidence in the 

outcomes of the retrofit analysis. 

 

BAYESIAN CALIBRATION OF THE 

ENERGY MODEL 

This section applies the Bayesian calibration process 

for the retrofit analysis of an example building. The 

chosen building is the Faculty of English building of 

the University of Cambridge in the UK. The building 

is a five-story building, mostly consisting of offices 

and seminar rooms as shown in Figure 1. Typical of 

office buildings in the UK, the building has a 

condensing gas boiler with radiators for space 

heating. It does not have any mechanical cooling or 

ventilation systems. Since heating is the dominant 

energy consumer in this building, we evaluate only 

ECMs that reduce gas consumption in the retrofit 

analysis process. Thus, the obvious choice is to 

calibrate the energy model with monthly gas utility 

bills.  

The full calibration process is shown in Figure 2. As 

the first step, we first quantify uncertainty in model 

parameters based on expert knowledge collected 

from site surveys, industry reports, and technical 

papers. Then, we apply a parameter screening method 

called the Morris method (Morris, 1991) to rank 

uncertain parameters with respect to their effects on 

gas energy use. Morris method has been 

acknowledged as a suitable screening technique for 

building energy models, because it efficiently test the 

sensitivity of many uncertain parameters with 

relatively small samples and still captures the effects 

of individual parameters on outcomes in a global 

sense (de Wit, 2001). Among all uncertain 

parameters, we select the top four parameters for 

calibration: (1) intercept c for the proportion of 

windows open, (2) indoor temperature during 

heating, (3) infiltration rate, and (4) discharge 

coefficient for ventilation rates through open 

windows. Intercept c is a parameter of an empirical 

relationship derived by (Rijal, 2007). It computes the 

percentage of windows open as a function of outdoor 

air temperature for UK office buildings.  

 

Figure 1 Typical floor plan of the case building 

 

We follow the mathematical formulation of Bayesian 

calibration developed by (Kennedy and O'Hagan, 

2001). The statistical formula captures three types of 

uncertainties: (a) parameter uncertainty in the 

building energy model, (b) discrepancy between the 

model and the true behavior of the building, and (c) 

observation errors. We quantify these uncertainties 

with respect to known conditions   under which the 

observations are taken. The relationship between 

observations and model outputs follows: 

                                    (4) 

Observations are denoted by     ;        denotes 

energy model outputs computed at known conditions 

  (e.g. external temperature, known occupancy, etc.) 

and calibration parameters  . The discrepancy 

between the model and the true physical behavior of 

the building is represented by     . This term 

prevents over-estimation of calibration values, and 

describes how the energy simulation model falls 

short. Any errors in recording observations (energy 

consumption in this case) are denoted by     . 

In the Bayesian paradigm uncertain parameters are 

assigned prior distributions      based on some 

expert judgment, which could be derived from a pool 

of sources (experiments, surveys, expert knowledge, 

industry standards, etc). Prior distributions are 

updated using observations through a formal set up in 

which the likelihood of obtaining observations from 

the energy simulation model drives the updating 

process. As a result, we collect plausible distributions 
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of calibration parameters, also known as posterior 

distributions. Detailed information about the 

calibration process of this example building is 

provided in (Heo, 2011).    
 

 

Figure 2 Proposed calibration process in retrofit analysis 

  

Figure 3 illustrates the posterior distributions of the 

four calibration parameters in comparison to their 

prior distributions (red dashed line). For the intercept 

c, the posterior distribution is towards the lower 

bound, which indicates that the proportion of open 

windows is quite strongly at the lower limit of the 

prior estimates. Regarding the indoor temperature, 

the posterior distribution shifts to the lower bound by 

1°C with the mean temperature around 21°C 

deviating from the expected mean temperature 

(22°C). For the infiltration rate, the data tells us that 

the building is more leaky than average UK buildings 

(0.5   ),. For the discharge coefficient, the posterior 

distribution is almost the same as the prior 

distribution. It should be noted that posterior 

distributions of the four calibration parameters are 

derived from the joint multivariate distribution 

function and are hence correlated. This means that a 

specific value of one parameter coincides with a 

certain value of other parameters. Hence, posterior 

distributions of all four calibration parameters should 

be applied in conjunction when exercising the model 

for retrofit analysis.   

 

 

 

 

Figure 3 Posterior distributions of calibration 

parameters (posterior - blue, prior - red) 
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CALIBRATION AS PER ASHRAE 

GUIDELINE 14 

We also calibrate the energy model of the same 

building following the standard calibration procedure 

in ASHRAE Guideline 14: The calibration process is 

more ad-hoc; the modeler selects calibration 

parameters according to his/her knowledge and 

experience, and manually tests different values until 

there is good match between model predictions and 

utility data. The high involvement of experts has 

been recognized as a major problem that makes the 

calibration process ad hoc and non-scientific (Reddy, 

2006). In this paper, we leave out the influence of 

experts on calibration outcomes, but focus on the 

effects of following a deterministic calibration 

process on risk-analysis.  

We use the same four parameters used for the 

Bayesian calibration to calibrate the energy model as 

per the deterministic method. The upper and lower 

limits of parameter values are also the same as those 

specified in the prior distribution functions of the 

Bayesian calibration.  

Table 1 Deterministic calibration results 

Parameters Calibrated Values 

Intercept c -3.80 

Indoor Temperature 20.52 

Infiltration Rate 1.25 

Discharge Coefficient 0.60 
 

Although in practice experts heuristically tune 

calibration parameters, we employ an optimization 

algorithm because current calibration practices are in 

principle a heuristic version of deterministic 

optimization (in terms of minimizing the discrepancy 

between model outcomes and observations).   Table 1 

shows the values of calibration parameters derived by 

the deterministic calibration. All values are at the 

extreme upper or lower limits and quite far from the 

expected value derived from the Bayesian calibration 

process. This large difference between the two 

calibration results implies that the deterministic 

calibration process cannot guarantee that resulting 

parameter values accurately correspond to actual 

building conditions.  

 

VALIDATION OF THE CALIBRATED 

MODELS 

We evaluate the validity of the calibrated models by 

CVRMSE used in the ASHRAE guideline and shown 

in Equation 1. It should be mentioned that most other 

validation metrics  in the literature (summarized well 

in Krause, 2005; Legates, 1999) are similar 

goodness-of-fit measures between model predictions 

and observations. Table 2 shows the CVRMSE values 

of the (a) uncalibrated model, (b) model calibrated 

based on the Bayesian approach, and (c) 

deterministically calibrated model. It shows that the 

calibration process enhances the accuracy of the 

baseline model as it reduces the CVRMSE value by 

half. Still, both calibration processes fail to satisfy the 

validation criteria in the ASHRAE guideline; 

CVRMSE should be within 15%. However, it should 

be noted that the guideline evaluates the accuracy of 

deterministically calibrated models. Even with lower 

agreements with measured data, calibrated models 

based on a Bayesian approach still outweigh 

deterministic models because they can quantify 

uncertainties in model predictions.  
 

Table 2 Validation measures for uncalibrated model, 

Bayesian calibration model, and deterministically 

calibrated model 

Calibration Method CVRMSE 

Un-calibrated model 0.34 

Bayesian calibration  0.17 

Deterministic calibration 0.18 
 

The CVRMSE also indicates that the 

deterministically calibrated model predicts the 

baseline energy use as closely as the Bayesian 

calibration model does. However, the standard 

validation measures (such as the CVRSME) cannot 

truly evaluate whether a model is accurate enough. 

Calibration techniques identify parameter values that 

compute predicted energy consumption closely 

matching monitored energy consumption. Hence, 

when calibrated models are evaluated against the 

monitored data, they seem quite valid. However, 

chosen parameter values that attain good agreements 

between predicted and monitored energy use do not 

guarantee that they correspond to actual building 

conditions. Especially, the deterministic calibration 

technique results in one single solution that 

maximizes the agreement while ignoring many 

feasible parameter values that may have higher 

likelihoods. A deterministically calibrated model can 

thus potentially bias the effects of certain ECMs on 

energy savings, and ultimately lead to wrong 

decisions. On the other hand, the Bayesian 

calibration process results in a set of plausible 

parameter values under which ECMs are assessed. 

Hence, the Bayesian process can enhance the 

reliability of model predictions by not only providing 

uncertainty in calibration parameter values but also 

assuring the reliability of baseline models. 

 

RETROFIT DECISION-MAKING 

This section demonstrates the value of the Bayesian 

calibration approach to support retrofit decision-

making. In order to investigate the positive effects of 

risk information on decisions, we deploy both the 

Bayesian calibrated and deterministically calibrated 

model in plausible decision-making scenarios, and 

compare their predictions.    

We evaluate three ECMs for the example building: 

(1) upgrading insulation, (2) replacing windows, and 
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(3) improving air-tightness. Uncertainties in model 

parameters associated with the three ECMs are 

derived from existing literature (Macdonald, 2002; 

Jacobson, 1986) and listed in Table 3. Each ECM 

brings in varying amounts of uncertainty; for 

example, infiltration reduction has a higher degree of 

uncertainty than other ECMs, as the performance of 

air-tightening techniques depends on diverse factors 

including workmanship, weather conditions, and 

indoor conditions. A point to be noted is that a high 

level of uncertainty in an ECM does not necessarily 

result in large uncertainty in energy-saving estimates 

as different ECM parameters have different influence 

on the energy outcomes. The magnitude of 

uncertainty in energy-saving is derived through the 

energy model.  

Table 3 Quantification of uncertainty in three ECMs   

Parameters Base Min Max 

ECM1: 

U-value (W/m²·K) 

 

0.30 

 

0.27 

 

0.33 

ECM2: 

U-value (W/m²·K) 

Solar Transmittance 

Emissivity 

 

1.53 

0.77 

0.05 

 

1.38 

0.75 

0.04 

 

1.68 

0.79 

0.06 

ECM3: 

Infiltration Reduction (%) 

 

11 

 

1 

 

31 
 

In the decision-making stage, one needs to select a 

performance indicator to express and quantify the 

decision-makers' rational objectives. In this analysis, 

we employ the following performance indicators 

commonly used in current retrofit projects; 

 Performance Indicator 1: annual energy-savings 

leading to annual utility cost reduction  

 Performance Indicator 2: simple payback time 

(SPT) - defined as investment costs divided by 

annual energy-cost saving. 

In addition, one needs a measure to capture the 

willingness to accept certain levels of risk. For each 

performance indicator, we compare three scenarios 

that express different levels of risk-consciousness.   

 Scenario 1: represents conventional practice that 

is not concerned with risks but only with overall 

performance. We use expected values for this 

measure.  

 Scenario 2: represents guaranteed savings in 

performance contracts. Guarantees are translated 

into 5-quantile for annual energy-savings and 95-

quantile for simple payback time.   

 Scenario 3: represents one of the existing risk 

measures proposed for actuarial pricing of 

energy-efficiency projects (Mathew, 2005). We 

use a saving curve score defined as the mean 

savings divided by the standard deviation of 

savings estimates.   

Evaluation of ECMs by Performance Indicator 1 

Table 4 shows the mean and the standard deviation of 

annual energy-savings predicted by the proposed 

probabilistic approach and standard deterministic 

models for each ECM. The probabilistic approach 

used 271 simulation runs to propagate uncertainties 

in ECM parameters using Latin Hyper-cube 

Sampling (LHS) (Wyss, 1998). LHS ensures the 

reliability of probabilistic outcomes with a much 

smaller sample size by efficiently capturing the real 

variability of the distributions of uncertain 

parameters. As a result, we obtain the distribution of 

annual energy-savings. With the deterministic 

approach (following ASHRAE Guideline 14), we 

obtain a single annual energy-saving estimate and its 

standard deviation. The Bayesian approach results in 

different magnitudes of energy-saving uncertainty 
           for the three ECMs; ECM 3 has a higher 

risk of under-performance than ECMs 1&2. 

However, the ASHRAE 14 method computes the 

same degrees of validity for all ECMs because the 

calculated uncertainty (or standard deviation in this 

case) depends only on the CVRMSE of the calibrated 

model. We hence demonstrate that the ASHRAE 

guideline cannot adequately quantify risks associated 

with ECMs. 

Table 4 Predictions by the proposed and the standard 

approaches (in kWh) 

 Probabilistic Standard 

                                  

ECM1 21,354 1,486 20,417 24,810 

ECM2 76,745 5,423 66,623 24,810 

ECM3 33,469 15,687 30,373 24,810 
 

Table 5 Ranking of ECMs by energy-savings 

 Scenario 1 Scenario 2 Scenario 3 

Probabilistic 

ECM1 

ECM2 

ECM3 

 

3 

1 

2 

 

1 

2 

3 

 

2 

1 

3 

Standard 

ECM1 

ECM2 

ECM3 

 

3 

1 

2 

 

3 

1 

2 

 

3 

1 

2 
 

Table 5 shows the ranking of the ECMs for the three 

risk-consciousness scenarios. In our proposed 

method, the ranking of ECMs differs depending on 

the scenario. In contrast, the ASHRAE 14 method 

results in the same ranking regardless of the scenario: 

window replacement being the most beneficial, 

followed by air-tightness and insulation 

improvement. It should also be noted that the two 

methods lead to the same ranking for scenario 1, 

which is expected since scenario 1 is only concerned 

with overall performance rather than risk. However, 

the ECMs are ranked differently when scenario 2 and 

3 are considered. When guaranteed energy savings 

are required (the most risk-averse attitude), insulation 
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improvement ranks highest, and for the moderate 

risk-averse scenario (scenario 3), window 

replacement is most suitable. The preliminary 

conclusion through this comparison is that the 

ASHRAE guideline provides poor support for risk 

analysis although it may be adequate for analyzing 

overall performance of ECMs.     

Evaluation of ECMs by Performance Indicator 2 

This section compares decisions supported by the 

two methods with respect to Simple Payback Time 

(SPT). In addition to technical uncertainty in ECM 

performances, the cost-effectiveness measure should 

also quantify uncertainty in economic factors such as 

fuel costs, labour costs, and equipment costs. We use 

BCIS price book (BCIS, 2010) for estimating 

investment costs associated with labour and 

equipment. For fuel costs, we fix gas price at 2.4 

pence/kWh (DECC, 2010).  These are shown in 

Table 6.    

Table 6 Investment cost estimates for ECMs (in £) 

 Base Min Max 

ECM1 16,000 15,000 17,000 

ECM2 204,000 194,000 214,000 

ECM3 10,500 10,000 11,000 
 

 

Table 7Table  shows the ranking of ECMs for the 

three risk scenarios when SPT is the performance 

indicator. For scenario 1, the ranking by cost 

effectiveness (SPT) differs from that by energy-

savings. Although ECM2 (window replacement) is 

likely to result in highest energy-savings, its 

investment cost is also far higher than the other 

options; the mean SPT is 32 years for improving 

insulation, 121 years for window replacement, and 18 

years for air-tightness. Using our proposed method, 

risk-averse decision-makers select ECM1 (referring 

to scenarios 2 and 3) while those who are willing to 

accept higher levels of risks in obtaining potentially 

higher energy-savings select ECM3.The ASHRAE 

14 method cannot compute uncertainty in the cost-

effective measures since it provides an empirically 

derived formula to calculate uncertainty in energy-

saving estimates. In other words, current standard 

practice does not support analysis of technical and 

financial risks associated with ECMs.  

Table 7 Ranking of ECMs by simple payback time 

 Scenario 1 Scenario 2 Scenario 3 

Probabilistic 

ECM1 

ECM2 

ECM3 

 

2 

3 

1 

 

1 

3 

2 

 

1 

3 

2 

Standard 

ECM1 

ECM2 

ECM3 

 

2 

3 

1 

 

- 

- 

- 

 

- 

- 

- 
 

CONCLUSIONS 

Although quantitative risk analysis is essential in 

energy-efficiency projects, current practice does not 

offer an adequate approach to quantify uncertainty. 

Instead it is solely based on a deterministic 

calibration of building energy models and their use to 

evaluate and compare ECMs. In order to tackle the 

limitation of current practice, we have presented a 

probabilistic risk analysis methodology based on 

Bayesian calibration. Bayesian calibration models 

can take all sources of uncertainties into account. The 

resulting energy model supports probabilistic risk 

analysis according to decision-makers' objectives and 

appetite for risk. The case study demonstrates these 

features of the methodology.  

In order to improve the applicability of the proposed 

methodology into standard practice, we need to 

resolve the following issues; 

 More case studies are necessary to confirm the 

preliminary findings across various buildings 

(e.g., building function, building design, system 

design). Furthermore, as an illustrative example, 

the case study applied only envelope-related 

ECMs, but the proposed analysis framework can, 

in principle, evaluate any ECMs if uncertainty in 

model parameters associated with each ECM is 

provided. More case studies with model 

improvements will allow other ECMs to be 

included in the analysis with confidence.   

 The study proposes a calibration and retrofit 

analysis methodology that can potentially be 

used without deep modeling and calibration 

expertise. In the current stage, however, the 

proposed method still relies heavily on experts' 

judgments especially in the choice of calibration 

parameters, quantification of their prior 

distribution, and quantification of uncertainties 

in other parameters. This will remain so until a 

repository for standard estimates of parameter 

uncertainty for variety of building cases becomes 

available. The development of such a 

comprehensive database requires an extensive 

effort and will rely on collaboration within the 

research community. Only through such effort, 

model calibration for retrofit analysis will 

become consistent and transparent, and 

ultimately automated. 

 This paper provides the analysis framework that 

is ready to incorporate all sources of uncertainty 

for ECM predictions. Nontheless, the sources of 

uncertainty in the case study have been limited to 

physical properties, equipment performance, and 

investment costs. The case study ignores other 

uncertainties such as system degradation over the 

lifetime and detailed economic factors. In order 

to correctly evalute the volatility of ECMs, we 

need to further quantify the full spectrum of 

uncertainties related to performance and 

financial risks of energy retrofit projects and 
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ECM selection. For dynamic parameters that 

may change over time, their uncertainty may also 

differ accordingly over time horizon. Hence, 

uncertainty in these parameters should be 

carefully quantified to capture time-series 

variation in uncertainty. To capture the 

stochastic nature of uncertainty in these 

parameters, it may be required to propagate the 

uncertainty through stochastic models embedded 

in the building energy model.  
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