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Abstract 

This study enhances the empirical validation framework 

proposed by Li et al. (2017) and demonstrates it with real 

measurement data from a set of controlled single-room 

heat transfer experiments. Models were created based on 

the test facility and experiment descriptions, and 

measurement data from various types of on-site sensors. 

Experimental and model uncertainties were quantified 

and propagated based on the literature and sensor 

accuracy. The probabilistic absolute error (PAE) and 

several of its variations were developed and used as the 

metrics to evaluate the agreement between estimations 

and observations under uncertainty. Sensitivity analyses 

were performed to identify the influential uncertain inputs 

on the agreements. Results of the analysis suggest that 

substantial discrepancies between the current models and 

the measurements are present in many test scenarios and 

are most likely caused by remaining model assumptions, 

simplifications, and solution process errors that are not yet 

considered in the uncertainty characterization. Detailed 

investigations and more information and data gathering 

are warranted for next steps. 

Introduction 

Deviations of predictions of building performance 

simulation from the actual measured performance in real 

practice, widely known as the “performance gap”, lead to 

practitioners’ lack of confidence in simulation tools and 

lost opportunities in improving building energy efficiency 

and mitigating related carbon emissions. Empirical 

validation, which compares calculated results to 

monitored data from a real building, test cell, or 

laboratory experiment, provides an absolute truth 

standard for evaluating a program’s ability to analyze 

physical behavior (ANSI/ASHRAE, 2011). However, the 

presence of various uncertainties in model inputs and 

measurements prevents previous empirical validation 

studies in the literature from obtaining conclusive results 

(Jensen 1993; Clarke, Strachan, and Pernot 1993; Lomas 

et al. 1997; Palomo del Barrio and Guyon 2003, 2004; 

Strachan et al. 2015, 2016). 

The U.S. Department of Energy (DOE) funded research 

project, “Validation and Uncertainty Characterization for 

Energy Simulation: Unlocking Opportunities in Energy 

Efficiency”, aims to address this issue by: 1) highly 

controlled laboratory experiments with various types of 

high quality, high resolution monitoring data, 2) explicit 

characterization and propagation of experimental and 

model uncertainties, and 3) use of probabilistic 

discrepancy metrics in comparing simulated and 

measured results under these uncertainties. The last two 

measures have been incorporated into the framework 

proposed by Li et al. (2017) and demonstrated using 

synthetic data. This study will enhance the framework, 

demonstrate it on real measurement data collected in a set 

of experiments for validation of single-room heat transfer 

models, and provide observations and discussions based 

on the current validation results. The actual experiments 

and instrumentations are described in more detail and 

justified in a companion paper and a recently released 

technical report by Haves et al. (2019a; 2019b). 

Methodology 

In empirical validation, the concept of an experiment not 

only includes the actual field experiment but also the 

information and data that are provided for generating a to-

be-tested model. Accordingly, the adequacy of an 

experiment for empirical validation purpose depends both 

on the quality of measurement collected in the field 

experiment, and on whether the provided information and 

data can lead to a model that has reasonable agreement 

with the measurement. Explicit characterization and 

propagation of uncertainties and comparison of 

simulation and measurement under these uncertainties 

enables separation of the contributions of these 

uncertainties to the discrepancy between simulation and 

measurement from those caused by other model 

assumptions, simplifications, solution process errors, etc. 

The proposed framework, illustrated in Figure 1,   not only 

facilitates the diagnosis and refinement of a validation 

experiment, but also enables detailed validation and 

diagnosis of a future model with an adequate experiment.  

 

Figure 1: Illustration of the framework. 
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Uncertainty characterization 

The framework of Figure 1 shows the measured data, M, 

and the uncertainty in those measurements, UM, 

associated with the direct measurements of physical 

quantities, e.g. recorded DX coil electric energy use. UM 

also includes uncertainties associated with the other 

quantities inferred from direct measurements, e.g. hourly 

system heating/cooling loads inferred from measurements 

of the temperature and flow rate of supply and return air. 

The framework shows the building simulation model 

inputs, X, and the uncertainties in those inputs, UX , given 

detailed description of the experiments and facilities. UX  

can be based on equipment specifications, standards, or 

research literature. For example, one specification 

uncertainty is the thermostat set point that comes from 

directly measured room air temperature. Other model 

uncertainties include the thermal and optical properties of 

most facility fabric materials (ASTM, 2012; Macdonald, 

2002), and the rated performance of HVAC components 

(AHRI, 2001, 2009; Griffith et al., 2008). 

Uncertainty propagation 

Uncertainties in model inputs are propagated into the 

uncertainties in simulated responses (US) via Monte Carlo 

simulation (MCS), a widely used method in uncertainty 

and risk analysis. Latin Hypercube design (LHD) 

(McKay, Beckman, and Conover, 1979) is used in the 

MCS to draw sample from the input space formed by 

these uncertainties with maximum stratification in any 

one-dimensional projection. In addition, to obtain a good 

coverage of the entire space, the minimum pairwise 

Euclidean distance between sample points of the sample 

in the input space is maximized by repeating the LHD 

algorithm a few times and choosing the sample that 

achieves this “maximin” property. 

To obtain sufficiently accurate estimates of key statistics 

of US without incurring too much computation cost, a 

convergence testing method with progressive LHD 

(Sallaberry, Helton, and Hora, 2008) is proposed to 

determine the appropriate sample size for the MCS. 

Starting from an initial LHD sample, this method 

sequentially doubles the sample size until the estimates 

converge. The progressive LHD algorithm reuses 

previous samples as the sample size grows while 

maintaining the “maximin” property.  

Discrepancy metrics 

For each of the measurements, two types of simulated 

responses are used in comparison with experiment. The 

first is a deterministic simulation from a single run of the 

model, with uncertain model parameters taking their 

nominal values and uncertainty in measurements ignored. 

The second is a probabilistic simulation where uncertainty 

in both simulation and measurements are propagated 

according to the process described above. 

In addition to the commonly used normalized mean bias 

error (NMBE) and coefficient of variation of root mean 

squared error (CV-RMSE), the mean absolute error 

(MAE) and its normalized version (NMAE) have been 

developed to characterize the discrepancy between the 

measurements and the deterministic simulations: 
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where 𝑦𝑡 and �̂�𝑡 are the measured and simulated time 

series responses respectively at times  𝑡 = 1,2, … 𝑇. The 

use of absolute error (AE) ensures that errors in under- 

and overestimation will not cancel out. 

When responses like hourly system loads can be both 

positive (heating) and negative (cooling), �̅� can become 

very small and notably inflate NMAE values. In this case, 

the mean of the absolute values |𝑦|̅̅ ̅̅  can be used in 

normalization, leading to the mean absolute normalized 

(MAN) metrics MANMAE: 
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When uncertainty is considered, a new probabilistic error 

measurement has been developed for comparison to 

ensembles of predictions. Adopted from the cumulative 

ranked probability score (CRPS) (Gneiting and Raftery, 

2007; Li et al., 2017), the probabilistic absolute error 

(PAE) can be considered as a version of absolute error 

(AE) that compares a probabilistic simulation ensemble to 

a measured value. To compare time series responses, the 

mean probabilistic absolute error (MPAE) can be used 

and calculated as follows: 
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where �̃�𝑌𝑡
(𝑥), 𝑡 = 1,2, … 𝑇 are the empirical cumulative 

distribution functions (CDFs) formed by �̃�𝒕 =

{�̃�𝑡,1, �̃�𝑡,2, … , �̃�𝑡,𝑛}, the probabilistic simulations of time 

series responses from the n MCS sample points at the 𝑡th 

time step. 𝐻(𝑥 − 𝑦𝑡) is the  Heaviside unit step function 

as defined by: 

 𝐻(𝑎 − 𝑏) = {
0, 𝑖𝑓 𝑎 < 𝑏
1, 𝑖𝑓 𝑎 ≥ 𝑏

. (6) 

As with MAE, MPAE can be similarly normalized into 

NMPAE and MANMPAE. In the absence of any 

uncertainty, the probabilistic simulation ensemble 

becomes a single simulation, and PAE and its variations 

collapse to their AE counterparts respectively. 

While both measurement and simulation outputs have 

uncertainties, the PAE metric only considers simulation 

outputs to be a distribution. Therefore, the perturbed-

ensemble method (Candille and Talagrand, 2008)  to 
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combine the both uncertainties into a single uncertainty 

for use in the PAE metric. This method is applicable as 

long as the measurement and simulation uncertainties can 

be considered uncorrelated, which is usually valid in 

empirical validation cases. 

For actual implementation, a sample of the combined 

distribution of US and UM can be obtained by the 

following steps: 

1. Draw a sample of the original distribution of 

simulation outputs US using standard uncertainty 

propagation of simulation model inputs and MCS. 

2. Use each sample point in the sample of US as the 

mean, and draw one or more sample points from UM 

around this mean. All the samples drawn in this step 

now form the sample of the enlarged distribution 

US+UM. 

The properscoring module (The Climate Corporation, 

2015) is used to implement the PAE metrics in this study. 

Experiment diagnosis and refinement 

If the discrepancy between measurement and simulation 

results from a model properly created based on the 

information and data of the experiment remains 

significant according to certain criteria, the following 

measures can be taken to diagnose and refine the 

experiment’s adequacy accordingly: 

If measurements are mostly within the range of 

probabilistic simulation, but the range itself is 

considerably large, the dominant causes of the 

discrepancy are most likely within the considered 

uncertainties. In this case, sensitivity analysis can be used 

to identify uncertainties that are most influential on the 

discrepancy, and more information and data should be 

collected in the experiment to reduce those uncertainties 

until the discrepancy becomes satisfactory. A detailed 

comparison of commonly used sensitivity analysis 

methods can be found in Menberg et al. (2016). 

If measurements mostly fall outside of the range of 

probabilistic simulation, the discrepancy are most likely 

caused by remaining model assumptions, simplifications, 

errors in solution process, etc. In this case, the scope of 

uncertainties should be expanded to include those not 

previously considered and could be influential on the 

remaining discrepancy. This process is repeated until 

measurements mostly fall within the range of probabilistic 

simulation. 

Model validation 

After an experiment becomes adequate through the 

previous procedures for at least one simulation tool, any 

future model created with other tools using the final set of 

information and data can be validated by following the 

same process as shown in Figure 1. This applies to both 

deterministic and probabilistic simulations, since the PAE 

metric and its variations collapse to their AE counterparts 

in the former case and thus make both cases comparable.  

Experiment and modeling 

The experiments for this study were performed at the 

Lawrence Berkeley National Laboratory (LBNL) 

FLEXLAB test facility to validate modeling of single-

zone heat transfer phenomena. The LBNL tests include 12 

test scenarios performed under different weather 

conditions, and with varying characteristics in room 

thermal mass, window treatment, internal heat gain, and 

day/night room temperature setpoint. Because of space 

limitations in this paper, only 6 of the 12 scenarios with 

both small and large discrepancies are compared here. 

Full details of the entire project will be made available 

through a set of project reports to be released in 2019. 

Table 1: Summary of FLEXLAB test scenarios. 

Test 

scenario 

Thermal 

mass 

Covered 

window  

Internal 

load 

Room 

setpoint 

3:02 Low No None 22/22°C 

6:01 High Yes Varying 26/26°C 

11:03 Low No None 30/20°C 

12:01 High No None 30/20°C 

14:01 High Yes Varying 22/26°C 

15:01 Low No Varying 30/20°C 

Models of the test cells were created in EnergyPlus V8.9 

independently from the experiment team’s internal 

models based on the modeling documentation and 

experiment information the team provided, and thus 

representative of future to-be-tested models in other tools 

(i.e. would not include manually “tweaked” model inputs 

or hidden knowledge introduced because of facility 

familiarity). The boundary conditions of these models are 

outside weather conditions for exterior walls, the 

measured adjacent cell air temperature for 

interior/partition walls, and the measured slab under 

surface temperature for the floor. . 

Uncertainty characterization 

Table 2 summarizes the parameter uncertainties currently 

considered in this study, where +/- means the uncertainty 

is represented as a range around the nominal parameter 

value, and % means this range is represented as a 

percentage of the nominal value. For normal distributions, 

the % value represent ±3 standard deviations with 

additional bounding based on physical laws. 

Material thermal properties 

Uncertainties associated with most material thermal 

properties were obtained from the literature (Macdonald, 

2002). As a conservative estimation, these uncertainties 

were assumed to follow a uniform distribution within 

each of the ranges. These uncertainties were applied to all 

opaque material in the test cells, including the equivalent 

layers that were created by LBNL to account for thermal 

bridges and construction irregularities. Because of lack of 

related literature, the same ±5% uncertainty were also 

applied to the thermal resistance and conductivity of 

window’s glazing, frame, and divider. 

Optical properties of opaque material surfaces were 

assumed to follow a normal distribution with standard 

deviations from Macdonald’s study. Uncertainties in 

optical properties of window glazing, including solar and 

infrared reflectance and emissivity, are assumed to follow 

normal distributions with a 4% standard deviation based 

on ASTM E903-12 (ASTM, 2012).  
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Table 2: Summary of uncertainties. 

Input Type Range 

Material properties 

Opaque material 

Conductivity1 Uniform ±5% 

Density1 Uniform ±1% 

Specific heat1 Uniform ±12.5% 

Opaque material - metal 

Solar/thermal absorptance1 Normal ±0.21 

Opaque material - plaster 

Solar/thermal absorptance1 Normal ±0.09 

Opaque material – concrete/brick/other 

Solar/thermal absorptance1 Normal ±0.12 

Air layer 

Thermal resistance Uniform ±5% 

Glazing 

Conductance Uniform ±5% 

Solar/thermal absorptance2 Normal ±12% 

Solar/thermal transmittance2 Normal ±12% 

Frame/divider conductance Normal ±5% 

Sensor error for model inputs 

Weather and ambient conditions 

Dry bulb temperature Uniform ±0.1°C 

Dew point temperature Uniform ±0.2°C 

Global horizontal radiation Uniform ±5% 

Diffuse horizontal radiation Uniform ±5% 

Opaque sky cover fraction Uniform 0-1 

Wind direction Uniform ±2° 

Wind speed Uniform ±1.5% 

Ground temperature Uniform 20-22°C 

Ground reflectance Uniform 0.03-0.09 

Internal load 

Lighting/plug load power Uniform ±1% 

Boundary conditions 

Adjacent cell air temperature  Uniform ±0.02°C 

Wall heat transfer coef.*  Uniform 3-12 W/m2K 

Slab surface temperature Uniform ±0.02°C 

Thermostat setpoint 

Cell mean air temperature Uniform ±0.02°C 

Sensor error for measurements 

Test cell system loads Uniform ±5% 
Source: 1. MacDonald (2002); 2. ASTM E903-12 (2012); 

*The combined convection and radiation heat transfer coefficient between the 

other side of partition wall and the adjacent cell it belongs to. 

Uncertainties of a group of materials with identical 

thermal properties but different thicknesses are assumed 

to be linearly correlated, implying that they represent 

imperfect knowledge about the actual properties of the 

material in general rather than its sample variations. This 

conservative assumption leads the output variations 

caused by these uncertainties to be larger than from 

assuming their mutual independence from each other. 

Sensor error for model inputs 

All the air and surface temperature sensors used in the 

experiments were calibrated following standard 

procedures. An individual calibration curve was 

generated for each sensor. The root mean square (rms) and 

max deviations of the points from the curves were 

<0.01°C and <0.02°C. As a conservative estimate, 

uncertainties of model inputs that are obtained from 

related measurements, including the mean slab under 

surface temperature and test cell mean air temperature, 

were assumed to follow a uniform distribution within 

±0.02°C of the measured values and constant over time.  

Internal loads from interior lighting and plug load were 

directly measured with 1% uncertainty according to the 

sensor documentation. Actual weather conditions were 

directly measured by a local weather station, so the 

individual sensor errors were applied to each of the 

weather conditions, including dry bulb and dew point 

temperature, global horizontal and diffuse horizontal 

radiation, and wind direction and speed. Opaque sky 

cover fraction was randomly generated because no 

measurements were available. These data were used to 

create weather files that were used in the simulations. 

Ground temperature was assumed to be between 20°C and 

22°C based on the local conditions. The ground 

surrounding the test cell is coated with tarmacadam. Its 

reflectance was assumed to between 0.03 and 0.09, which 

come from two on-site measurements performed in 

February (after rain) and July (dry, slightly dusty). 

Sensor error for measurements 

The actual measured mean air temperature is used in the 

setpoint profiles of the ZoneHVAC:IdealLoadsAirSystem 

object in the EnergyPlus models, so accurate modeling of 

the HVAC system behavior and its controls, which is 

outside the scope of this empirical validation study, is 

avoided. The measured test cell system loads, the 

response used to validate model outputs, were calculated 

from measured supply and return air temperature and flow 

rates. Uncertainty in the difference between supply and 

return temperature was estimated to be 0.15K, and the 

airflow has a measurement error of <=3%. An 

approximated ±5% for the final system load calculated 

from these measurements was estimated and used in the 

validation of simulation. 

Simulation and analyses 

All the created models use conduction transfer functions 

to estimate the heat conduction through test cell envelopes 

and use a third order finite difference approximation to 

solve the zone air energy and moisture balance equations. 

A total of 214 independent uncertain inputs were 

identified for the test scenarios. Uncertainties of model 

inputs were propagated into simulated outputs by MCS. 

Python scripts were developed to automate the simulation 

and validation process. The model of Test Scenario 3:02 

is used in the convergence test to determine the adequate 

MCS sample size at which the output statistics and 

metrics converge. Simulation using progressive LHD 

algorithm with a maximum sample size of 12800 

(100×27) was repeated 6 times with different samples. The 

average of the final MPAE values of all 6 sequences is 

assumed as the “true” value. Results in Figure 4 suggest 

that both the standard deviation of the average hourly 

system loads (STD Mean) and the MPAE converge after 

100×26=6400 sample points, with the maximum 

difference among these sequences being less than 1% of 

the true value. Therefore, 6400 is used as the MCS sample 

size for each test scenario in all following analyses. 
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Figure 4: Convergence of the STD Mean (left) and 

MPAE (right) for Test Scenario 3:02 

The Morris sensitivity method (Campolongo, Cariboni, 

and Saltelli, 2007) is used to quantify the elementary 

effects of experiment and model uncertainties on 

discrepancies. Because of the large number of uncertain 

inputs and the amount of repetitions recently suggested by 

Petersen et al. (2019) for dynamic building energy 

models, a two-step sensitivity analysis was performed. 

The first step used a Morris design with 10 repetitions and 

31 levels on all 214 uncertain inputs to select a subset of 

30 inputs, whose impacts were then further analyzed with 

a refined Morris design with 200 repetitions. This led to 

in total 2150 simulations in the first step and 6200 

simulations in the second step for each test scenarios. 

Results and discussions 

Figure 5 shows the time series comparisons among the 

responses from deterministic simulation, the mean 

responses from probabilistic simulation with 95% 

confidence bands, and the observed responses from 

measurements. Table 3 summarizes the validation results 

of all test scenarios, using MANMAE and MANMPAE 

for deterministic and probabilistic simulations 

respectively. The mean absolute normalized versions of 

NMBE and CV-RMSE are also provided. It has been 

verified that the simulated air temperature closely 

matches the setpoint profiles in all test scenarios, which 

ensures that potential bias in comparing simulated and 

measured system loads. 

Uncertainty analysis and validation 

In general, deterministic simulations of the 6 test 

scenarios have an average of -4.5% of NMBE and 45.3% 

of CV-RMSE, showing errors in hourly estimations that 

exceed the 30% criterion suggested by ASHRAE 

Guideline 14. The averages of MANMAE is 33.7% and 

close to the MANMPAE metric value of 32.8%. This 

closeness and the relatively small uncertainty bands as 

observed in Figure 5 suggest that these simulation errors 

are likely caused by model assumptions, simplifications, 

and solution process errors that are unaccounted for in the 

current stage of uncertainty analyses. 

A closer look at the result of individual scenarios shows 

that all discrepancy metrics vary notably among these 6 

test scenarios. Scenario 3:02 appears to be the only one 

with satisfactory results, and significant errors are 

observed in Scenario 11:03, 12:01, and 15:01. While 

some of the estimation errors appear to be caused by 

irregularities in the measurements such as at the end of 

Scenario 14:01, the large discrepancies in other 

measurements are not yet clear. It was found that some  

 

Test Scenario 3:02 

 

Test Scenario 6:01 

 

Test Scenario 11:03 

 

Test Scenario 12:01 

 

Test Scenario 14:01 

 

Test Scenario 15:01 

 

Figure 5: Comparison of hourly system loads from simulations and measurements of the 12 test scenarios. 
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Table 3: Summary of FLEXLAB validation results. 

Test 

scenario 

Deterministic Simulation Probabilistic Simulation 

MANMBE MACV-RMSE MANMAE MANMPAE 

3:02 -9.3% 26.6% 19.6% 17.8% 

6:01 -4.2% 53.1% 31.9% 30.9% 

11:03 -7.7% 52.5% 44.5% 44.6% 

12:01 -2.3% 50.5% 44.4% 43.7% 

14:01 0.8% 31.0% 19.2% 18.5% 

15:01 -4.2% 58.1% 42.8% 41.6% 

Mean -4.5% 45.3% 33.7% 32.8% 

Median -4.2% 51.5% 37.4% 36.2% 

scenarios, such as 12:01, are quite sensitive to the choice 

of convection heat transfer algorithm, as shown in Figure 

6, and the algorithm cannot be clearly selected a priori 

from the current information and data. It is expected that 

detailed study on the measured air and surface 

temperature and heat flux will shed light upon this issue. 

In addition, recent in-depth investigation of the heat flux 

meter readings has found unexpected yet limited heat loss 

through the slab due to construction complexity. These 

investigations and model refinements will be the focus of 

follow-on research. 

 

Figure 6: Comparison of deterministic simulation errors 

of Scenario 12:01 with different convection algorithms 

In summary, the notable discrepancies between the 

current models and the measurements suggest that the 

provided information and data of the experiments are 

insufficient for creating models that can universally agree 

well with the measurements, and further collection of 

information and data and reexamination of uncertainties 

are necessary. 

Sensitivity analyses 

MANMAE of a deterministic simulation is used as the 

response in the sensitivity analyses using Morris method, 

where the uncertain model inputs vary one-at-a-time and 

repeated multiple times at different intervals of their 

uncertainty ranges. Metrics that reflect the influence of 

uncertain inputs include the mean absolute effect 𝜇∗, the 

mean effect 𝜇, and the standard deviation of effect 

variations σ. Detailed explanations and interpretations of 

these metrics can be found in Campolongo et al. (2007). 

Results in Table 4 shows the top 10 inputs that are most 

influential on the MANMAE in each of the 6 test 

scenarios. Because of the different settings and boundary 

conditions in these scenarios, the actual ranking and 

contribution of each input varies. The following general 

observations can be obtained: 

 Inputs related to room solar and infrared radiation heat 

gain, including measured radiation intensities, ground 

reflectance, glazing optical properties, etc., are  

consistently among the most influential inputs in these 

scenarios. 

 The specific heat and solar/thermal absorptance of 

materials including plywood and gypsum board (wall 

constructions) and cotton batt (ceiling insulation) are 

also consistently influential, suggesting their impacts 

through thermal mass and radiant heat transfer likely 

with glazings.  

 The magnitude of these inputs’ impact on the errors 

are smaller than those between simulations and 

measurements in all scenarios.  

The first two observations may mainly cause the fact that 

cases involving solar gains to interior surfaces tend to 

have more significant discrepancies between simulations 

and measurements. Nevertheless, the last observation 

suggests that factors not considered in these uncertainties 

are more influential and require further investigation. 

Conclusion 

This study enhanced the empirical validation framework 

proposed by Li et al. (2017) and demonstrated it with real 

measurement data from a set of controlled single-room 

heat transfer experiments. Models of the test facility were 

created based on the experiment information and 

measurement data. The framework was applied to 

characterize the experimental and model uncertainties and 

compare simulations and measurements under these 

uncertainties. Result of analyses suggested that 

considerable discrepancies between the current models 

and the measurements are present in most test scenarios, 

and are most likely caused by remaining model 

assumptions, simplifications, and solution process errors 

that are not yet considered in the uncertainty 

characterization. 

The framework proposed and demonstrated in this study 

can be universally applied to future empirical validation 

studies to evaluate experiment adequacy. The developed 

probabilistic accuracy metrics can be used in various 

validation and calibration applications where the 

associated uncertainties need to be addressed. In addition, 

the process of uncertainty quantification and propagation 

demonstrated in this study can inform the inclusion of 

uncertainty estimates as an integral part of simulation tool 

output in the future. Finally, it is expected that the final 

information and datasets will form the basis of a 

supplement to the existing BESTEST tests 

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
4720

 

 
  



Table 4: Summary of FLEXLAB sensitivity analyses results. 

Input µ* µ σ Input µ* µ σ 

Test Scenario 3:02 Test Scenario 6:01 

Global horizontal solar radiation 4.2% -0.7% 4.7% Plugs schedule 2.2% 2.2% 0.0% 

Glazing solar transmittance 3.9% 0.8% 4.5% Measurement error 0.5% -0.3% 0.5% 

Cotton batt 7" absorptance 2.7% 2.7% 1.4% Glazing cover infrared emissivity 0.4% -0.4% 0.1% 

Plywood absorptance 1.6% -1.5% 1.1% Metal panel absorptance 0.1% -0.1% 0.0% 

Plywood specific heat 1.3% 1.3% 0.4% Glazing cover conductivity 0.1% 0.1% 0.0% 

Gypsum board specific heat 0.9% 0.9% 0.3% Cotton batt 7" specific heat 0.1% -0.1% 0.1% 

Ground reflectance 0.8% 0.0% 0.9% Roof decking 1/2" absorptance 0.1% -0.1% 0.1% 

Polyiso specific heat 0.6% 0.6% 0.4% South wall insulation specific heat 0.1% -0.1% 0.0% 

Diffuse horizontal solar radiation 0.6% 0.2% 0.6% Topping slab absorptance 0.1% -0.1% 0.0% 

Cotton batt 7" specific heat 0.5% -0.2% 0.6% Cement board 0.65" absorptance 0.1% -0.1% 0.0% 

Test Scenario 11:03 Test Scenario 12:01 

Glazing solar transmittance 4.7% -4.7% 0.9% Ground reflectance 1.4% -1.4% 0.1% 

Global horizontal solar radiation 4.2% -4.2% 0.7% Topping slab absorptance 1.0% 1.0% 0.1% 

Cotton batt 7" absorptance 3.6% 3.6% 0.7% Global horizontal solar radiation 0.6% -0.6% 0.1% 

Plywood absorptance 2.2% -2.2% 0.2% Glazing solar transmittance 0.6% 0.6% 0.1% 

Plywood specific heat 1.7% 1.7% 0.2% Glazing infrared emissivity 0.3% -0.3% 0.1% 

Cotton batt 7" specific heat 1.2% 1.2% 0.2% Cotton batt 7" absorptance 0.3% -0.3% 0.1% 

Gypsum board specific heat 1.1% 1.1% 0.1% Glazing solar reflectance 0.2% 0.2% 0.0% 

Glazing infrared emissivity 0.9% -0.9% 0.4% Roof decking 1/2" absorptance 0.2% 0.2% 0.0% 

Polyiso specific heat 0.7% 0.7% 0.3% Gypsum board absorptance 0.2% -0.2% 0.0% 

Gypsum board absorptance 0.6% -0.6% 0.2% Topping slab conductivity 0.2% 0.2% 0.0% 

Test Scenario 14:01 Test Scenario 15:01 

Plugs schedule 0.6% -0.6% 0.0% Glazing solar transmittance 6.3% -6.3% 1.2% 

Measurement error 0.6% 0.6% 0.0% Global horizontal solar radiation 5.6% -5.6% 0.9% 

Glazing cover infrared emissivity 0.1% -0.1% 0.1% Cotton batt 7" absorptance 3.2% 3.2% 0.5% 

Metal panel absorptance 0.1% -0.1% 0.0% Plywood absorptance 1.9% -1.9% 0.4% 

Roof decking 1/2" absorptance 0.1% -0.1% 0.1% Plywood specific heat 1.8% 1.8% 0.2% 

Topping slab absorptance 0.1% -0.1% 0.0% Gypsum board specific heat 1.2% 1.2% 0.1% 

Topping slab specific heat 0.1% 0.1% 0.0% Cotton batt 7" specific heat 1.1% 1.1% 0.2% 

Cement board 0.65" absorptance 0.1% -0.1% 0.0% Glazing infrared emissivity 1.0% -1.0% 0.6% 

Topping slab conductivity 0.1% -0.1% 0.0% Plugs schedule 1.0% 1.0% 0.1% 

Gypsum board specific heat 0.1% -0.1% 0.0% Gypsum board absorptance 0.7% -0.7% 0.2% 

(Judkoff, Polly, Bianchi, and Neymark, 2010) that are 

referenced by ASHRAE Standard 140 (ASHRAE, 2002). 

As stated previously, model uncertainties that are 

currently quantified based on the literature will be 

reexamined and refined if more detailed measurements 

become available. Methods to handle remaining 

influential factor, most likely in the form of model form 

uncertainty, will also be tested. Criteria to determine 

acceptable discrepancy between measurements and 

simulations is also suggested for future studies.  

Establishing the criteria to determine the validity of a 

model can use the same method as suggested above. 

Determinations based on the decision risk associated with 

the criteria could be another promising method, and an 

example can be found in Li et al. (2019). 
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