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Abstract 

This study proposes a framework to quantify data 

informativeness, i.e. the value of data in informing 

building performance management and retrofitting 

decisions, in building performance simulation 

applications under uncertainty. It comprises of the 

following elements: (1) initial quantification of baseline 

prediction uncertainties based on generic information, (2) 

data-driven model refinement through uncertainty 

propagation and inverse modeling, (3) prediction 

accuracy evaluated with probabilistic error metrics to 

reflect general data informativeness, and (4) explicit risk 

analysis to support specific decision-making. A case 

study of a hypothetical intervention analysis on a campus 

building section is presented to demonstrate the 

framework. Results suggest that inverse modeling with 

Bayesian inference are effective in constraining 

uncertainty and improving accuracy of model predictions 

under normalized mean probabilistic absolute error 

(NMPAE), a proposed probabilistic error metric. In 

addition, explicit risk analysis is feasible and necessary to 

represent more decision-specific data informativeness and 

guide data monitoring and collection strategies. 

Introduction 

Recent decades witnessed the maturity and proliferation 

of numerous methods for applying building performance 

simulation in analysis of existing buildings, but collection 

and use of data in model calibration, i.e. creating models 

that truthfully represent the actual conditions, remain 

mostly subjective and experience-driven. Besides, the 

growing need for risk-conscious decision making in 

building performance management and retrofitting 

necessitates more effective and systematic handling of 

various uncertainties associated with both simulation 

model accuracy and future usage scenarios. 

Extensive reviews of current model calibration 

methodologies in building performance simulation have 

been performed previously (Reddy, 2006; Coakley, 

Raftery, & Keane, 2014; Fumo, 2014; Fabrizio & 

Monetti, 2015). Comprehensive review of uncertainty 

analysis methods in building energy assessment can also 

be found in Wang (2016) and Tian et al. (2018). Despite 

the proliferation of methods and tools in the research 

literature, an effective and robust method that can 

systematically incorporate a variety of types of data, 

handle modeling and prediction uncertainties from 

weather data, building envelope, HVAC system, and 

occupant behavior (Tian et al., 2018), and maintain 

consistent model accuracy is still lacking. In particular, 

although numerous methods have been proposed to 

quantify the uncertainties based on experimental 

measurements (Macdonald, 2002), generalization of 

literature (Wang, 2016), and use of higher-fidelity models 

(Sun et al., 2014), their systematic integration into model 

calibration process is yet to be addressed. 

In addition, risk measures the chance of an undesirable 

outcome based on the probability and consequence of 

uncertain future events (Wang, 2016). Quantification of 

risk is an important reason for uncertainty analysis: 

translating uncertainties in predictions of outcomes into 

risks informs the decision-making process by directly 

providing the consequences of a decision in terms of the 

quantity of interest. A thorough discussion of risk analysis 

in the context of building energy management can be 

found in Wang (2016), and several examples of risk 

analysis are presented in the literature (Hu, 2009; Huang, 

Huang, & Augenbroe, 2017; Moon & Augenbroe, 2005; 

Wang, 2016). Nevertheless, using decision risk to 

quantify the value of data in choosing data monitoring 

strategies, i.e. assess data informativeness, has not been 

well studied in the literature. 

Finally, a building simulation model is often deemed 

calibrated in common practice if its prediction agreement 

with observations, i.e. goodness-of-fit, reaches a certain 

threshold. This agreement is often quantified by standard 

statistical metrics such as the normalized mean bias error 

(NMBE) and the coefficient of variation of root mean 

squared error (CV-RMSE). However, the underlying 

rationales of these calibration criteria do not apply to 

simulation models with complex parameter correlations, 

limited observations, and explicitly quantified 

uncertainties. More informative and practical metrics to 

assess model accuracy under uncertainty and 

corresponding data informativeness are thus needed. 

Methodology 

The proposed framework aims to make sufficient use of 

available data to calibrate a building simulation model 

under uncertainty, and quantify the informativeness of 

data for risk-conscious simulation applications. This 

framework comprises of the following elements: 1) initial 

quantification of prediction uncertainties based on generic 

uncertainty information, 2) data-driven model refinement 

that leverages case-specific data through uncertainty 
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propagation and inverse modeling, 3) using prediction 

accuracy evaluated with probabilistic error metrics as a 

general characterization of data informativeness, and 4) 

explicit risk analysis for analyzing specific decisions. 

Initial uncertainty quantification 

As a starting point, initial quantification and analysis of 

uncertainties based on generic uncertainty information 

will be used as a starting point. In addition to basic site 

and building information, drawings, manufacturer 

specifications, etc. that are used to create the model, one 

can also leverage synthesis and meta-analysis of the 

literature (Lee, Sun, Augenbroe, & Paredis, 2013), 

performance tolerance defined by equipment standards 

(ASTM, 2012), and property ranges synthesized from 

large scale surveys and database like the Building 

Component Library (Fleming, Long, & Swindler, 2012). 

The initial uncertainty quantification needs to be 

comprehensive and conservative to avoid underestimated 

uncertainties and related risks. 

Uncertainty propagation and inverse modeling 

Depending on data type and availability, characterization 

and quantification of case-specific model uncertainties 

can be performed either forwardly or inversely, also 

known as uncertainty propagation and inverse modeling 

respectively. Uncertainty propagation directly estimates 

model input uncertainties and propagates them into output 

uncertainties, and is widely used in the literature. An 

example of such using case-specific information is 

presented by Li et al. (2019). In contrast, inverse 

modeling directly uses observations of system outputs to 

inform the calibration process, and often builds upon 

Bayesian inference to consider associated uncertainties 

systematically. Bayesian statistics is in principle 

probabilistic, and the Bayes’ theorem ensures that the 

Bayesian inference, as a probabilistic forecast, is 

consistent with both the prior distributions and the 

observations. This enables Bayesian inference to make 

sufficient use of available data in model calibration and 

therefore can in turn effectively represent data 

informativeness in simulation applications. 

The Bayesian calibration framework from Kennedy and 

O’Hagan (2001) allows systematic and simultaneous 

consideration of all the sources of uncertainties in 

computer simulations. It formulates the calibration 

problem as: 

 𝑦 = 𝜂(𝑥, 𝑡) + 𝛿(𝑥) + 𝜖 (1) 

where 𝑦 is the field observations, usually standardized 

with zero mean and unit standard deviation to ensure that 

all the types of observations are of the same magnitude 

and considered equally important. 𝜂(𝑥, 𝑡) is the outputs of 

the physical model, represented as a function of variable 

inputs 𝑥, usually known and varying during the 

observation of system outputs, and calibration 

parameters 𝑡, unknown but fixed building features. This 

framework also considers model form error by including 

the term 𝛿(𝑥), assumed to only depend on variable inputs, 

and random observation error 𝜖, usually assumed to 

follow a Gaussian distribution with an unknown variance, 

i.e. 𝜖~𝒩(0, 𝜎𝜖
2). This classic framework formulates 

𝜂(𝑥, 𝑡) and 𝛿(𝑥) as two kriging models with Gaussian 

kernel, equivalently two Gaussian process models. The 

modular-maximum likelihood estimate (modular-MLE) 

approach proposed by Bayarri et al. (2007) can be used to 

alleviate the expensive computation cost of a full 

Bayesian analysis by performing emulation of the 

physical model and calibration of this emulator in two 

separate steps. This framework and several of its 

extensions have been widely used in the building 

simulation literature (Y. Heo, Choudhary, & Augenbroe, 

2012; Li, Augenbroe, & Brown, 2016; Li, Gu, 

Augenbroe, Wu, & Brown, 2015).  

Evaluation of model accuracy under uncertainty 

Based on the cumulative ranked probability score (CRPS) 

(Gneiting & Raftery, 2007; Li, Augenbroe, & 

Muehleisen, 2017), the probabilistic absolute error (PAE) 

is proposed and can be considered as a version of absolute 

error (AE) that compares a probabilistic simulation 

ensemble to a measured value: 

 𝑃𝐴𝐸(𝑦, �̃�) = ∫ (�̃�𝑌(𝑥) − 𝐻(𝑥 − 𝑦))
2

𝑑𝑥
∞

−∞

 (2) 

where 𝑦 is the measurement, �̃� is the probabilistic 

simulation ensemble that usually comes from Monte 

Carlo simulation, �̃�𝑌(𝑥) is the empirical cumulative 

distribution function (CDF) formed by �̃�, 𝐻(𝑥 − 𝑦) is the 

Heaviside unit step function that are defined as: 

 𝐻(𝑎 − 𝑏) = {
0, 𝑖𝑓 𝑎 < 𝑏
1, 𝑖𝑓 𝑎 ≥ 𝑏

. (3) 

To compare time series responses, the mean probabilistic 

absolute error (MPAE) and its normalized version 

(NMPAE) can used: 

 𝑀𝑃𝐴𝐸 =
1

𝑇
∑ 𝑃𝐴𝐸(𝑦𝑡 , �̃�𝒕)

𝑇

𝑡=1

 (4) 

 𝑁𝑀𝑃𝐴𝐸 =
𝑀𝑃𝐴𝐸

�̅�
, 𝑤𝑖𝑡ℎ �̅� =

∑ 𝑦𝑡
𝑇
𝑡=1

𝑇
 (5) 

where 𝑦𝑡 and  �̃�𝒕 are measurements and probabilistic 

simulation ensembles at the 𝑡th time step. In the absence 

of any uncertainty, the probabilistic simulation ensemble 

becomes a single simulation and PAE and its variations 

collapse to their AE counterparts, making deterministic 

and probabilistic simulations comparable. Examples that 

illustrate PAE’s properties can be found in a technical 

report that will released soon. Another example that uses 

PAE metrics to evaluate model accuracy can be found at 

Li et al. (2019).  

Risk analysis in decision making 

When the uncertainties are quantified through sufficient 

use of available data, the risks in turn quantify the 

informativeness of these data, and directly informs 

whether further data collection is necessary to reduce 

these risks. Since risk analysis is considerably case-

specific with respect to the particular quantity of interest, 
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the candidate decisions, and the decision maker’s risk 

tolerance, more details will be provided by demonstrating 

the framework in the following case study. 

Case study 

A hypothetical intervention analysis of an existing 

building with hydronic heating on Cambridge, UK 

campus is selected to demonstrate the proposed 

framework, particularly with respect to the use of 

Bayesian inference. In addition, this case study will also 

assess the informativeness of monitoring data varying in 

temporal and categorical scales to test the framework and 

provide practical insights. 

Building description 

The 4-floor case study building is located on University 

of Cambridge campus in UK. The majority of the 

building, consisting of cellular and open offices, meeting 

and seminar rooms, and stairs and corridors, is mainly 

conditioned by a radiator-based varying-temperature 

(VT) hydronic heating system. An overview of this 

building can be found in Figure 1. 

This case study focuses on modeling and calibrating the 

south section of the first floor of the building for 

demonstration purpose. This building section consists of 

22 rooms and represents the typical composition of the 

building. Considered outputs include this section’s sub-

metered electricity consumption from lighting and plug 

loads, metered heating consumption of two local heating 

loops, and monitored air temperature of the meeting 

room. All these data are available for 35 days from 

02/20/2017 to 03/26/2017 at 15-minute resolutions. 

 

Figure 1: Case study building overview. 

Modeling and uncertainty quantification 

A novel prototype-space based modeling method is 

applied in this case study to provide high fidelity 

characterization of the heat transfer phenomena in a single 

room with radiator systems for large non-domestic 

buildings with a moderate computation cost. Details of the 

modeling method and the physical building model can be 

found in Li et al. (2019). 

Initial model uncertainties in the building fabric are 

quantified based on the literature (Macdonald, 2002; Sun, 

2014; Heo et al., 2015; Wang, 2016). Occupancy is 

parameterized into peak load density, base load density, 

and length of peak load period, and the uncertainties of 

these parameters are quantified based on standards and 

experiences. Uncertainties in lighting and plug load 

adopts the modeling approach proposed by Ward et al. 

(Ward, Choudhary, Heo, & Aston, 2017), which 

generates random sequences of usage profiles based on 

functional principal component analysis (FPCA) of 

monitored data in a similar campus building. Uncertainty 

of the radiator system is quantified based on building 

specifications, system performance standards, and 

experience judgement.  

A complete summary of these uncertainties is shown in 

Table 1. Uncertainties denoted with * means that they are 

fractions of the nominal values of parameters in the 

original model, rather than the actual values of these 

parameters. All these uncertainties use beta distributions 

𝐵(𝛼, 𝛽) projected to their ranges instead of the more 

commonly used triangle or truncated normal distributions, 

because the former’s smooth and continuous probability 

density functions are important for an effective Bayesian 

calibration in the following steps. 

Table 1: Summary of model uncertainties. 

Input Range 

Radiator systems 

Radiator 

Convection area multiplier 𝐵(1.3,2) × 3 + 3 

TRV curve second-order coefficient 𝐵(2,1.3) + 0.5* 

TRV curve first-order coefficient 𝐵(1.3,2) + 0.5* 

Radiator rated flow rate multiplier 𝐵(2,2) 

Heating loop 

Pipe-to-air convection Hc (W/m2K) 𝐵(1.3,2) × 4 + 2 

Pipe ambient air temperature (°C) 𝐵(2,2) × 8 + 6 

Pipe insulation thickness (cm) 𝐵(2,2) × 4 + 2 

Building fabric 

Ext. wall insulation U-value (0.1) 𝐵(2,2) × 8 + 8* 

Exterior wall brick density (0.1) 𝐵(2,2) × 6 + 8* 

Exterior wall brick specific heat 𝐵(2,2) + 0.5* 

Ext. glazing equivalent U-value 𝐵(2,2) + 0.5* 

Ext. glazing solar reflectance (0.01) 𝐵(2,2) × 4 + 6 

Ext. glazing solar transmittance (0.1) 𝐵(2,2) × 3 + 5 

ELA per ext. area (cm2/m2) 𝐵(2.658,10) × 10 

Inter-room infiltration rate (m3/s) 𝐵(2,2) × 0.003 

Room air capacity multiplier 𝐵(2,2) × 2.6 + 1 

Radiant area / floor area (0.1) 𝐵(2,2) + 0.5 

Building usage 

Occupancy 

Occupant peak load density (0.1) 𝐵(1.3,2) × 8 + 2 

Occupant base load density (0.1) 𝐵(1.3,2) × 8 + 2 

Occupant peak load hours 𝐵(2,2) × 6 + 7 

Radiant ratio (0.1) 𝐵(2,2) × 3 + 1.5 

Occupant behavior 

Shading radiation threshold (W/m2) 𝐵(1.3,2) × 500 

Percentage of openable window area 𝐵(2,2) × 0.02 

Radiator TRV setpoint  𝐵(2,2) × 3 + 19.5 

Stair/corridor radiator TRV setpoint 𝐵(2,2) × 3 + 14.5 

Model emulation 

Gaussian process emulators 𝜂(𝑥, 𝑡) are created to predict 

daily and hourly outputs instead of the expensive physical 

model in Bayesian calibration. These outputs include the 

section’s heating consumption and the air temperature of 

the meeting room; electricity consumptions from lighting 

and plug load are only used as model inputs. In addition 

to the physical model parameters as listed in Table 1, an 

hour indicator and an output type indicator are also used 

as inputs of the emulators, such that the same emulator 

can predict both heating consumption and room air 
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temperature of different hours by only varying the values 

of these two indicators. More detailed explanations on the 

use of indicators and an illustrative example can be found 

in Li et al. (2016). 

Parameter screening using the Morris method 

(Campolongo, Cariboni, & Saltelli, 2007) is performed to 

select parameters to be included in the emulators. A 30-

level design of 65 parameters with 30 repetitions, leading 

to a sample size of 1980, is applied to the physical model. 

Each sample point runs the model for a simulation of two 

consecutive days with actual weather conditions and 

heating system operations, with the first day as burn-in 

and its outputs discarded. The 65 parameters include a day 

sampler ranging from 0 to 34 to determine which two days 

each sample point simulates, and therefore values of 

variable inputs related to weather condition and system 

operations. The hour sampler is also included in the 65 

parameters to select which hour’s prediction from each 

simulation is used in evaluation for hourly responses. All 

these evaluations use the prediction’s absolute error from 

measurements to reflect these parameters’ influences. 

A sample of 840 points using Latin Hypercube design 

(LHD) (McKay, Beckman, & Conover, 1979) is used in 

emulation and calibration. Only one hourly output per 

sample point is chosen by the hour sampler in the hourly 

emulation to reduce computation cost. Both model inputs 

and outputs are standardized by their respective means 

and standard deviations. Hourly heating outputs when 

heating is off are excluded, but the concurrent room 

temperature outputs are still used. 90% of the simulation 

outputs are used as the training dataset and the rest are 

held for testing. R package rstan is used to fit the 

emulators 𝜂(𝑥, 𝑡), i.e. to estimate hyper-parameters of the 

emulators, with Maximum likelihood estimation (MLE). 

Model calibration and evaluation 

To assess the informativeness of different monitoring data 

and in turn test the proposed framework, six calibration 

scenarios where the available observations vary in 

categorical and temporal scales are created and 

summarized in Table 2. 

Table 2: Summary of calibration scenarios. 

Scenario Available data categories Resolution 

D-BI Heating, electricity, temperature Daily 

D-UI Heating and electricity Daily 

D-EI Heating only Daily 

H-BI Heating, electricity, temperature Hourly 

H-UI Heating and electricity Hourly 

H-EI Heating only Hourly 

In each scenario, observations from the first four weeks, 

02/20/17-03/19/17, are used in calibration, and those from 

the last week, 03/20/2017-03/26/2017, are held for 

testing. R package rstan is used to obtain posterior 

distributions of calibration parameters and hyper-

parameters of 𝛿(𝑥) and 𝜖 using the Hamiltonian Monte 

Carlo algorithm (Duane et al., 1987). Prior distributions 

of calibration parameters are the same as summarized in 

Table 1. Prior distribution of hyper-parameters of 𝛿(𝑥) 

and 𝜖 are assigned based on Guillas et al. (2009) to assume 

a prior belief of an average 20% model bias and 5% 

observation error. R package rstan is used for calibration. 

Evaluation of the calibration on the testing dataset, the last 

week’s heating consumption and average air temperatre 

of the meeting room, is performed on both the statistical 

model shown in Equation (1) and the physical model. 

Formulas to generate probabilistic predictions of the 

statistical model can be found in Li et al. (2016). 

Probabilistic predictions of the physical model are 

generated by Monte Carlo simulation, in which the 

calibration parameter posteriors are propagated into the 

physical model. Since the physical model uses sample 

profiles of lighting and plug loads as inputs, in scenarios 

D-EI and H-EI where measured electricity consumptions 

are not available, and posteriors of the daily or hourly 

electricity consumptions are obtained from calibration, 

sample profiles that are in the 840-point LHD sample and 

result in close agreement with each posterior sample point 

are used as model inputs for the Monte Carlo simulation 

instance that corresponds to this posterior sample point. 

In other scenarios where measured electricity 

consumptions are available, sample profiles that are used 

in the same LHD sample and result in close agreement 

with the measurements are used as model inputs. 

Meanwhile, model bias of the physical model output is 

considered by adding a random permutation of model bias 

erros observed in training dateset to the physical model 

prediction in each instance of the Monte Carlo simulation.  

In addition, a calibration using Matlab non-linear 

optimization function fmincon is performed in each 

scenario to benchmark the performance of Bayesian 

calibration. Only the lower and upper bounds of each 

calibration parameter are used to define the parameter 

space, and no model bias is considered. In contrast to 

Bayesian calibration, electricity consumption is used as 

model outputs to reflect the common practice when it is 

available; the daily mean profiles of electricity 

consumption is used as a basis, and adjustment factors are 

used as calibration parameters to shift these basis profiles 

to match actual consumptions. The objective function is a 

weighted sum of squared values of the NMBE and the 

CV-RMSE as being proposed by Reddy et al. (2007). This 

objective function is minimized in the optimization where 

fmincon searches the parameter space for the optimal 

values. Evaluation of the deterministic calibration directly 

uses the physical model with calibrated parameters. 

Risk analysis 

A hypothetical intervention is proposed to reduce heating 

consumption while maintaining similar thermal comfort 

conditions. This intervention reduces the actual VT loop 

hot water supply temperature by 5°C or to 25°C, 

whichever is higher. Two outcomes are considered in the 

analysis regarding energy use and discomfort 

respectively: the one-week total heating consumption, and 

the hourly average meeting room discomfort degree-

hours per heating-hour. The testing week, 03/20/2017-

03/26/2017, is used in the analysis. The heating 

consumption of the business-as-usual scenario is the 

actual observation, whereas the discomfort is calculated 
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based on the observed meeting room temperature and 

estimated room temperature setpoint; in the intervention 

scenario both of them are estimated.  

A risk measure is defined to assess the informativeness of 

the data according to the predicted probability of 

intervention underperformance. Two decision rules are 

considered: the first decision rule (D1) is that the 

intervention will be implemented unless the probability 

that either of the following events happens exceeds 50%: 

1. The projected heating consumption is larger than the 

observed heating consumption, 

2. The projected discomfort degree-hours is greater than 

the estimated current discomfort degree-hours. 

The second decision rule (D2) has the same 

underperformance probability threshold, but allows a 

slightly compromised thermal comfort to reduce energy 

use, so the two events become:  

1. The projected heating consumption is larger than 

90% of the observed heating consumption,  

2. The projected discomfort degree-hours is 0.5°C-h 

greater than the estimated current values.  

The decision risk is defined as the probability of undesired 

outcomes, which is either the probability that the 

intervention underperforms when it is implemented, or 

the probability that the intervention is effective but not 

implemented. Given the underperformance probability 𝑝, 

the decision risk becomes: 

𝐷𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑅𝑖𝑠𝑘(𝐷1 𝑜𝑟 𝐷2) = {
𝑝, 𝑝 ≤ 0.5

1 − 𝑝, 𝑝 > 0.5
 (6) 

Results and discussions 

Parameter screening and model emulation 

Parameter screening results in Figure 2 show that in 

general the daily and hourly outputs share similar 

important parameters, including radiator characteristics, 

infiltration, glazing solar heat gain, room occupancy and 

usage, and day and hour samplers. 

  

  

Figure 2: Result of parameter screening. 

Table 3 summarizes the model inputs to be included in the 

emulator in each calibration scenario based on the above 

results. Variable inputs, including weather and usage 

conditions and heating system operations, are confounded 

by the real conditions used in the simulation. The daily or 

hourly total electricity consumption will serve as either a 

variable input or a calibration parameter in the calibration 

depending on whether the electricity monitoring data is 

available in a calibration scenario. Results of emulator 

testing using the mean prediction of the Gaussian process 

emulators with fixed hyper-parameters are shown in 

Figure 3, where emulation errors are evaluated using CV-

RMSE for heating consumption and RMSE for room air 

temperature. These results indicate an overall good daily 

emulation but relatively poor hourly emulation. 

Table 3 Model inputs in the emualtors of all scenarios. 

Scenario Calibration parameters Variable inputs 

D-BI 1,2,3,4,5,6,7,8,9,10,11 1,2,3,4,5,7,9,10 

D-UI 1,2,3,4,5,6,7 1,2,3,4,5,7,9 

D-EI 1,2,3,4,5,6,7,12 1,2,3,4,5,7 

H-BI 1,2,3,4,5,6,7,8,9,10,11 1,2,3,4,6,7,8,9,10 

H-UI 1,2,3,4,5,6,7 1,2,3,4,6,7,8,9 

H-EI 1,2,3,4,5,6,7,12 1,2,3,4,6,7,8 

Index Input name 

Calibration parameter 

1 Radiator area multiplier 

2 TRV linear coefficient 

3 Radiator rated flow rate multiplier 

4 Exterior glazing equivalent U-value 

5 Effective leakage area 

6 Shading control threshold 

7 TRV setpoint: Cellular office 

8 Occupancy peak load density: Meeting room 

9 Occupancy base load density: Meeting room 

10 Occupancy peak load hours: Meeting room 

11 TRV setpoint: Meeting room 

12 Daily/hourly electricity consumption 

Variable inputs 

1 Daily/hourly average dry bulb temperature 

2 Daily/hourly average global horizontal radiation 

3 Daily/hourly average wind speed 

4 Daily/hourly average hot water supply temperature 

5 Daily total heating-on hours 

6 Heating on/off in the hour before previous hour 

7 Weekday/weekend 

8 Hour of the day 

9 Daily/hourly electricity consumption 

10 Output type indicator (heating/temperature) 

 

 

Figure 3: Emulation result. 
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Calibration 

Agreements between the test dataset and predictions from 

both the statistical model and the physical model from 

Bayesian calibration, and the physical model from 

deterministic calibration, are shown in Figure 4. The 

results suggest that in general Bayesian calibration 

outperforms its deterministic counterpart using either the 

statistical or the physical model, which proves its 

effectiveness in utilizing the available data to constrain 

uncertainty and improve prediction. Despite that, results 

of calibration to hourly data appear not satisfactory. This 

probably is because of relatively poor emulation of the 

physical model and noisy hourly observations. 

 

 

Figure 4: Calibration result using Bayesian and 

deterministic methods. 

 

 

Figure 5: Result of physical model assessment. 

Figure 5 shows the prediction accuracy of the physical 

models calibrated in all six scenarios on both daily and 

hourly outputs. Both CV-RMSE and NMPAE metrics for 

heating consumption outputs and their un-normalized 

counterparts on room temperature outputs are used in the 

evaluations. In general, regardless of whether daily or 

hourly data is used in calibration, models are relatively 

well calibrated to daily observations but have 

considerable errors in hourly predictions. The physical 

model before calibration has overall good agreement with 

heating consumption observations, but considerably 

biased temperature predictions. The physical model after 

calibration has the best overall accuracy when all the 

types of observations are used, although the benefit of 

temperature data appears to be negligible, probably 

because of its relative small day-to-day variations over the 

entire period. In contrast, electricity data appears to be 

very informative, without which the errors become 

considerable especially in temperature predictions. 

Regarding temporal scales, benefits of using hourly data 

over daily in calibration seem marginal, probably also 

because of relatively poor emulation of the physical 

model and noisy hourly observations. This suggests that 

unless a very good model that captures most of the 

variations in hourly outputs can be created, daily 

measurement data are equally informative to hourly 

measurement data in a general sense. 

In the meantime, comparison between two accuracy 

metrics shows that, despite of differences in actual values, 

the CV-RMSE and the NMPAE tend to have an overall 

consistent indication of model accuracy. This observation 

suggests that the agreement of the mean prediction (as in 

the CV-RMSE) alone may serve as a robust model 

accuracy indicator in inverse modeling applications, 

where the prediction error mostly comes from estimation 

bias rather than variances. 

Risk analysis 

The underperformance probability of each output, and 

corresponding decision risks of both decision rules from 

the six calibration scenarios are shown in Figure 6. The 

results suggest that the informativeness of available data 

depends not only on the physical process, but also on the 

specific decision rules, the perceived value of each 

outcome, and the risk tolerance of the decision maker. In 

this particular analysis, different datasets appear to be 

equally informative on the decision if occupant 

discomfort is the primary concern that cannot be 

compromised at all, as the risks of the first decision rule 

are universally zero, i.e. all models suggest that the 

intervention will definitely not be implemented since it 

will cause compromised discomfort at 100% probability. 

In contrast, when the second decision rule is applied, the 

informativeness of data depends also on the sensitivity of 

the perceived value of outcome to the revealed risks, as 

now the predicted total underperformance probabilities 

and resulted decision risks vary among these scenarios.  

Nevertheless, the particular decision rules defined in this 

study lead to the expectation that the decision risk in 

general decreases as calibrated model improves and 

underperformance probabilities move to either 0 or 1, 

which unfortunately has not been observed in the results 

yet. This may be caused by the relatively similar accuracy 

of these calibrated models or the entire dataset being 

insufficient, suggesting more case studies for further 

investigations. 
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Figure 6: Decision risks regarding energy and 

discomfort outcomes. 

Conclusion 

This paper proposes a framework to quantify data 

informativeness in building performance simulation 

applications under uncertainty. A case study of a 

hypothetical intervention analysis on a campus building 

section is presented to demonstrate the framework. 

Results suggest that inverse modeling with Bayesian 

inference are effective in constraining uncertainty and 

improving accuracy of model predictions. The proposed 

PAE metrics can be used to evaluate the accuracy of a 

model with explicitly quantified uncertainties, but CV-

RMSE of the mean of a probabilistic prediction tends to 

be as informative as PAE in inverse modeling cases. 

When the decision-making only involves choosing from 

a set of predetermined options, explicit risk analysis can 

be performed and is necessary to represent more decision-

specific data informativeness and guide data monitoring 

and collection strategies, but more case studies are needed 

for fully understanding. Results in the case study suggest 

that monitoring of internal load are crucial for a robust 

calibrated model for buildings with radiator systems, and 

calibrating to data with a daily time resolution tends to 

reach an appropriate balance between calibrated model 

accuracy and incurred computation cost. 

The proposed framework addresses data informativeness 

from a decision-making perspective that relates model 

accuracy under uncertainty with decision confidence and 

risk. This explicitly quantifies the value of data with 

respect to how it contributes to model refinement and 

better-informed decisions, providing a tractable and 

effective mechanism for choosing data monitoring 

strategies in real practice that can avoid missed 

opportunities or waste of resources. In addition, the 

specific simulation, sampling, and calibration methods 

demonstrated in the case study can be easily applied to 

other simulation applications to ensure rigorous and 

efficient use of data and adequate consideration of 

associated uncertainties in model refinement. 

The framework can be improved by a more systematic 

way to combine forward and inverse modelling methods 

from a Bayesian perspective. Future case studies with 

more realistic applications, where data informativeness 

directly relates to decision-making processes and interests 

of stakeholders, are suggested to improve understanding 

and provide practical guidance. Regarding inverse 

modeling methods, it is recommended to explore the use 

of explicit quantification of model form uncertainty to 

inform Bayesian calibration through improved priors of 

model bias, and test data informativeness with increased 

sample size especially on daily monitoring data. An 

efficient way to combine data at different time 

resolutions, for example an hourly calibration on the mean 

profiles and a daily calibration to account for day-to-day 

variations is also worth further study. Investigation on 

appropriate emulators of the physical model for hourly 

data would be another important area of research.  
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