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Executive summary 

It is well recognized that climate changes will have an impact on building performance in different aspects, such 
as the performance with respect to whole building energy consumption, to indoor thermal comfort as well as to 
the hygrothermal performance of building envelope. Climate-resilient building design has become crucial for 
constructing new buildings or rehabilitating existing buildings when adapting to the changing climate.  

NRC Construction Research Centre has carried out a Climate-Resilient Built Environment (CRBE) project: 
“Decision Support Tools for Building Envelope Performance Assessment” (2021-2026), intended as means to 
develop decision support tools, including guides and models for the design of resilient new buildings, and the 
rehabilitation of existing buildings to ensure that existing and future climate loads and extreme weather events 
are considered. To achieve these goals, the NBC Part 9 walls will be investigated through hygrothermal 
simulation and stochastic simulation to take the uncertainties of climate change into consideration. 

In the CRBCPI project carried in the past five years (2016-2021), an extensive set of hygrothermal simulations 
were carried out to evaluate the mould growth performance of different types of wood-frame building envelopes 
under historical and future climatic conditions across a number of major cities in Canada. The hygrothermal 
simulations were performed by following the approach described in Guideline on Design for Durability of Building 
Envelopes1, and the simulation results were presented in the report Results from Hygrothermal Simulations and on 
Durability and Resilience of Wall Assemblies to Climate Change2. To consider the uncertainties of the input 
parameters, such as the material properties, rain water penetration moisture loads and cladding ventilation rates, 
stochastic simulations need to be performed in the CRBE project (2021-2026). The stochastic simulation procedure 
should be generalized, and the generalized procedure can be applied to the CRBE project related to hygrothermal 
performance analysis and moisture damage risk assessment of building envelopes.  

The information provided in this report describes the process of rationalisation of the procedure used for 
hygrothermal performance analysis and probabilistic risk assessment of moisture related damage of building 
envelopes using stochastic simulation. It is intended for use by expert practitioners who have knowledge of 
hygrothermal simulation, and require hygrothermal performance results to assess climate resilient building 
envelope design, considering the uncertainties in input parameters. A complete stochastic simulation procedure 
requires the following steps: 

• The quantification of stochastic variables  

• Applying proper sampling techniques to generate stochastic models 

• Implementing stochastic simulations 

• Data visualization of stochastic results  

Generally, the stochastic simulation needs to be implemented in a third-party programming environment, in which 
a hygrothermal simulation engine can be called, and the stochastic models with randomly assigned variables can 
be repeatedly launched. In this report, the hygrothermal simulations were executed using Delphin 5.9.6, a 
commercial hygrothermal simulation program. Python 3.4 software was used for generating probability 
distributions of stochastic variables, implementing advanced sampling techniques to generate stochastic models, 
launching stochastic simulations and visualizing the stochastic results. A typical 2x6-inch wood-frame wall was 
used to demonstrate the stochastic simulation procedure; the stochastic simulations were performed under the 
historical and future climatic conditions of Ottawa.  

Although the stochastic simulation framework was developed for the purpose of hygrothermal performance 
analysis and moisture damage risk assessment of building envelopes, this procedure can also be adapted for 
summer-time overheating risk assessment. 

 

1 Lacasse, M. A., Ge, H., Hegel, M., Jutras, R., Laouadi, A., Sturgeon, G., & Wells, J. (2018). Guideline on Design for 

Durabiliry of Building Envelopes. Ottawa: National Research Council of Canada. 
2 Defo, M., Wang, L., & Lacasse, M.A. (2021). Results from Hygrothermal Simulations and on Durability and 
Resilience of Wall Assemblies to Climate Change. Ottawa: National Research Council of Canada. 
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Stochastic simulation of building envelope 
performance: methodology and implementation  

1 Introduction 
Global warming will inevitably occur in the future, with more frequent extreme weather events, such as heavy 

rainfall events and heat waves (IPCC, 2021). It is projected that the annual average temperature across Canada 

will increase by 6.3 ̊C for a high emission scenario (RCP 8.5) by the end of the 21st century as compared to the 

reference period of 1986-2005, and there will be a greater amount of precipitation in all parts of Canada in the 

future (Zhang et al., 2019). The changing climate may influence building performance in different aspects, such 

as building energy consumption performance, the indoor thermal comfort performance as well as the 

hygrothermal performance of the building envelope. 

To investigate the impact of climate change on building performance, the NRC Construction Research Centre 
has undertaken a Climate-Resilient Buildings and Core Public Infrastructure (CRBCPI) Program, which is 
intended as a means to develop decision support tools, including codes, guides and models for the design of 
resilient new, and the rehabilitation of existing buildings and CPI in key sectors to ensure that existing and future 
climate loads and extreme weather events are considered. In the CRBCPI Program, two aspects of building 
performance were studied: (i) the hygrothermal response of building envelopes to a changing climate, and; (ii) 
the overheating of buildings due to urban heat island effects as may arise due to climate change.  

For the hygrothermal response study, an extensive set of hygrothermal simulations were carried out to evaluate 
the mould growth performance of different types of wood-frame building envelope under historical and future 
climatic conditions across a number of major cities in Canada. The hygrothermal simulations were performed by 
following the approach described in Lacasse et al. (2018) and the simulation results were presented in the report 
by Defo et al. (2021). Although hygrothermal modelling is a powerful tool that can be used for heat and moisture 
performance analysis and moisture related damage prediction of building envelopes, the commonly used 
hygrothermal modelling programs require deterministic input parameters to perform the hygrothermal simulation, 
which may not be able to capture the moisture damage risks caused by the stochastic nature of the input 
parameters. Stochastic simulation permits practitioners to take into consideration the randomness in values of 
the input parameters. Instead of using deterministic values for the input parameters, for stochastic simulation, 
random numbers are used that are taken from a probability distribution of each parameter. A proper sampling 
technique is applied for the selection of a set of stochastic parameters that are then used for generating stochastic 
models. Thereafter, stochastic simulations can be performed using the stochastic models to generate a set of 
stochastic results, from which moisture damage risks can be assessed as based on the results of the stochastic 
simulations.  

To consider the uncertainties of the input parameters, such as the material properties, rain water penetration 
moisture loads, and cladding ventilation rates, stochastic simulations were performed for selected cities and different 
types of walls. Since the uncertainties of the input parameters exist universally, the stochastic simulation procedure, 
as applied for this hygrothermal simulation task, be generalized, and thus, be applied to the CRBE project (2021-
2026) and other research projects related to hygrothermal performance analysis and moisture damage risk 
assessment of building envelopes.  

The information provided in this report describes the process of rationalisation of the procedure used for 
hygrothermal performance analysis and probabilistic risk assessment of moisture related damages in building 
envelopes using stochastic simulation. The stochastic simulation framework can be used by expert practitioners 
who have knowledge of hygrothermal simulation and require hygrothermal performance results to assess climate 
resilient building envelope design. The stochastic simulation procedure developed in this report was essentially 
based on a randomized Sobol sequence based sampling method, one of the Randomized Quasi-Monte Carlo 
(RQMC) sampling methods, which has a high sampling efficiency and allows a conservative error estimation of 
the stochastic results. The stochastic simulation procedure was elaborated step by step with the aid of executable 
Phyton 3.4 software scripts.The scripts were designed for use with Delphin 5.9.6, a widely used hygrothermal 
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simulation program. To demonstrate the application of the stochastic simulation procedure, a typical 2x6-inch 
wood-frame wall under historical and future climatic conditions of Ottawa was used as a case study. The mould 
growth risk was assessed through the use of stochastic simulation, and the effectiveness of different possible 
risk mitigation strategies was evaluated.    

2 Methods 
Generally, a complete stochastic simulation procedure requires the following steps: 

• Create a base model 

• Quantify the stochastic variables  

• Apply proper sampling technique to generate stochastic models 

• Implement stochastic simulation 

• Visualize stochastic data results  

Since most of the hygrothermal / energy simulation programs do not integrate a stochastic simulation module, 

the stochastic simulation needs to be implemented using a third-party programming environment, in which a 

hygrothermal / energy simulation engine can be called, and the stochastic models, having randomly assigned 

variables, can be launched repeatedly. In this report, the creation of a base case model and hygrothermal 

simulation were implemented using Delphin 5.9.6 software, a widely used hygrothermal simulation program. The 

Python 3.4 software was used for implementing those tasks related to the stochastic procedure, such as 

generating probability distributions of stochastic variables, implementing advanced sampling techniques to 

generate stochastic models, launching stochastic simulations and visualizing the stochastic results. Figure 1 

shows the overall operating procedure between Delphin and Pyhon.  

  

Figure 1 Operating procedure between Delphin and Python 

In the following sections, focus will be on elaborating the steps implemented in Python, with the aid of scripts 

written in Python 3.4 software language. These steps can also be realized using other programming languages.   

2.1 Quantification of stochastic variables 
The goal of quantifying a stochastic variable is to generate the probability distributions of those stochastic 

variables from which random numbers can be sampled based on advanced sampling techniques. The most 

commonly used probability distributions for stochastic variables found in a hygrothermal simulation are the 

uniform distribution and normal distribution. The type of probability distribution of a specific stochastic variable 

should be the one that best fits the values obtained from field or lab measurements. For example, the values of 
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cladding ventilation rate (ACH) from field measurements for a one year period tend to follow a normal distribution; 

as such, the stochastic variable for ACH can be considered to follow a normal distribution. Whereas, for the rain 

deposition factor, it could be assumed to follow a uniform distribution. For a specific roof design, the variation in 

rain deposition factor is dependent on different building shapes and the local suroundings, which equally occur 

in the building stock.   To identify a uniform distribution, the maximum and minimum values of the stochastic 

variables are required; for a normal distribution, the mean value and standard deviation are required. Knowing 

these statistical figures, the random numbers can be generated from a specific probability distribution using the 

following scripts in Python: 

 

Theoretically, the normal distribution has no upper or lower limits, however, some input parameters for the 

hygrothermal simulation have to be limited to a certain range to ensure a reasonable physical meaning of the 

parameter value. Therefore, the random number generated from the normal distribution should be truncated 

within a certain range. For example, from field measurements undertaken from a building located in the coastal 

climatic conditions of Vancouver, it was shown that the cladding ventilation rate (ACH) for a brick veneer cladding 

wall having a 25-mm drainage cavity and 2 openings at the bottom and top of the wall (ventilated design) was in 

the range between 1 and 11, with a mean value of 6 (Simpson, 2010). In this instance, the random number range 

for ACH generated from the normal distribution should be limited to between 1 and 11. The standard deviation 

can be estimated based on the range of the stochastic variable and the mean value using equation (1):  

𝑆𝑡𝑑 =  
max − 𝑚𝑖𝑛

6
        (1) 

Where: 

Std – standard deviation 

             Max- upper limit of the random numbers 

             Min- lower limit of the random numbers 

The dataset with the standard deviation calculated from equation (1) will have approximately 99% of the data 

within the specified maximum and minimum values. The truncated random numbers from a specific normal 

distribution can be generated using the following python scripts:  
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Figure 2 shows the histogram of the stochastic ACH.  

 

Figure 2 Histogram of ACH of a typical brick veneer wall with two openings at the top and bottom 

Sometimes, one input parameter is, to a degree, correlated to another parameter. For example, the water 

absorption coefficient (A-value) of brick is correlated with the saturation water content with a correlation coefficient 

of 0.6 (Zhao et al., 2015). In this case, the generated random numbers of these two parameters should reflect 

this correlation. The random numbers from two correlated normal distributions can be generated using the 

following Python scripts: 

 

Where: mean - an array of the mean values 

           cov - the covariance matrix 

           size - the sample size  

As an example, the stochastic A-value and saturation water content were generated with a correlation 

coefficient of 0.6 using following Python scripts: 

 

Additional details of the Python software scripts for the random number generation of different probability 
distributions are provided in Appendix A. 
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2.2 Implementation of sampling  
The sampling should be based on the random numbers from the probability / cumulative distributions of the 

stochastic variables. There are different sampling techniques available in the literature. A detailed review of the 

application of different sampling techniques on stochastic hygrothermal simulation can be found in Wang et al. 

(2021). The Sobol sequences belong to the family of quasi-random sequences that are designed to generate 

samples from multiple parameters as uniform as possible over multi-dimensional space (Saltelli et al., 2010). 

Figure 3 shows the comparison between random sampling and Sobol sequence based sampling in space of [0, 

1].  It can be seen that the points sampled based on the Sobol sequence (Fig. 3b) are more evenly distributed in 

a two dimensional space than those sampled based on random sampling (Fig. 3a). For any specific interval, for 

example the interval of (0.6, 0.8) of the y-axis variable, the points generated using the Sobol sequence have 

fewer gaps and clusters than those generated using a random sampling method. Therefore, when the 

expectations and standard deviations of the stochastic results are calculated at that interval and with the same 

sample size, the results from Sobol sequence based sampling are less likely to deviate from the true values than 

those from the random sampling. 

The implementation of the Sobol sequences based sampling should be implemented in three steps: 

1. Generate the random numbers from the probability / cumulative distributions of the stochastic variables, (step 

illustrated in section 2.1) 

2. Generate the Sobol points from the Sobol sequences (illustrated in section 2.2.1). 

3. The sampling of the random numbers for stochastic variables based on Sobol points (illustrated in section 

2.2.2). 

 
a ) Random sampling 

 
b) Sobol sequence based sampling 

Figure 3 Sampled points from two sampling methods 

2.2.1 Sobol point generation 
To implement a Sobol sequence based sampling in Python, one needs to install the module “PyTorch”3. For 

different installation environments, the installation command can be found in PyTorch (2021). 

The Sobol points that are used for sampling the stochastic variables need to be generated based on Sobol 

sequences, which belong to the family of low-discrepancy sequences. The points extracted from low-discrepancy 

sequences are capable of filling the hyperspace [0,1]s by minimizing the gaps (Wikipedia, 2021). The Sobol 

sequences are deterministic low-discrepancy sequences.  This  means that the points generated by Sobol 

sequences are fixed in the sample space, and the conventional error estimation methods based on the central 

limit theory are not valid for the Sobol points (Hou et al., 2017).To evaluate the error in stochastic results, the 

 
3 https://download.pytorch.org/whl/torch_stable.html 

 

https://download.pytorch.org/whl/torch_stable.html
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Sobol sequences need to be randomized. Thereafter, different sets of randomized Sobol points can be generated 

from the different randomized Sobol sequences. Several algorithms can be used to randomize the low-

discrepancy sequences (L’Ecuyer and Lernieux, 2002). It has been shown that the scrambling method is suitable 

for randomizing Sobol sequences (Hou et al., 2017), and the scrambling method can be readily implemented 

using the module found in PyTorch (2021). Therefore, in this study, the Sobol sequences were randomized using 

the scrambling method.The scripts for generating Sobol points are provided in Appendix B. 

In principle, the dimension of the Sobol sequences should be equal with the number of stochastic variables. 
However, if there are two correlated stochastic variables, the two correlated variables need to be sampled by 
only one column of the Sobol sequence to guarantee their correlation. The number of Sobol points can be very 
large, (e.g. 100,000) which helps guarantee the maximum sample size required for stochastic simulation. When 
sampling the data from the probability distributions based on the Sobol points, one could start with small sample 
size, then sample the stochastic variables, run the simulation, and check the standard error. If the standard error 
is not acceptable, then the Sobol points need to be added, and the sampling and simulation need to be repeated 
until the standard error reaches an acceptable level (see Figure 1).  

2.2.2 Sample stochastic variables based on Sobol points 
After the generation of random numbers from different probability distributions and the randomized Sobol points, 

the stochastic variables can be sampled based on the Sobol points. Since each stochastic variable has a 

cumulative distribution, the random numbers can be selected based on their percentiles in their cumulative 

distribution, and the percentiles of the selected random numbers should be the same value as the Sobol points.. 

The sampling can be implemented through following the Python scripts: 

 

Where:  

n- sample size of random numbers selected based on Sobol points 

np_Sobol_stochastic_variable – numpy array of sampled random numbers based on the original random 
numbers and the Sobol points 

np_Random_number – numpy array of original random numbers generated from a specific probability 
distribution 

np_Sobol_point – numpy array of Sobol points 

What should be noted is that the size of the original random numbers and Sobol points should be much higher 

than the sampled random numbers.  For example, the original random numbers and Sobol points could have a 

very large size (100,000), therefore, the size of sampled random numbers could range from hundreds to 

thousands, and the probability of repeated sampling could then be reduced.  

When a stochastic variable has different categories, i.e. different environmental conditions or design options, the 

Sobol points should be divided into different sub-spaces. As such, the sampling can be implemented within each 

sub-space.  For example, if a stochastic variable can be categorized into three categories, then the Sobol points 

should be divided into three sub-spaces [0,1/3],[1/3,2/3] and [2/3,1]. When the value of the Sobol point is lower 

than 1/3, the stochastic Sobol variable should be sampled within the first interval. Similarly, when the value of 

Sobol point lies between 1/3 and 2/3, the sampling will be implemented within [1/3, 2/3], and so on.  The following 

Python scripts can be used to sample the stochastic variables having different categories:  
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Where:  

n- sample size of random numbers selected based on Sobol points 

np_Sobol_stochastic_variable – a numpy array of sampled random numbers 

np_Random_number – a numpy array of original random numbers generated from a specific probability 
distribution 

np_Sobol_point – a numpy array of Sobol points 

For discrete variables, a similar approach is applied to sample the random values. For example, for the climate 

data set is comprised of 15 climatic realizations for a specific climatological period and for a specific city as such, 

the space of Sobol points can be divided into 15 intervals. When the Sobol point falls into the first interval, then 

the R01 is selected, when the Sobol point falls into the second interval, then the R02 is selected and so on. The 

detailed Python scripts can be found in Appendix C.  

The sampled random numbers should be saved in a csv file, as the use of such a file type permits ease of re-
loading when generating the stochastic project files (dpj files) for use in DELPHIN.. For discrete stochastic and 
continuous variables having different categories, the categories of each sampled random number should be 
recorded and saved to a csv file, which will make it easier for differentiating the stochastic results in different 
categories. What should be noted is that, since there are different randomized sets of sampled random numbers, 
there will be different csv files. Each csv file include one set of randomized stochastic variables sampled based 
on one set of the Sobol sequences.  

2.3 Generate stochastic DELPHIN project files (dpj files) 
The generation of stochastic DELPHIN project files (dpj files) is based on the csv files in which are recorded 

sampled random numbers. The general procedure for generating stochastic project files is the following: 

1. Load the base case for the DELPHIN project file 

2. Load the random numbers sampled based on Sobol sequences 

3. Identify the positions of the stochastic variables (original values) in the dpj file, all the positions of the stochastic 

variables were identified simultaneously  

4. Replace the original values in the base case file with the random values  

5. Save the new stochastic DELPHIN project file  

There are different sets of randomized numbers, therefore the stochastic dpj files should be saved in different 

folders depending on the different sets of randomized numbers. The stochastic variables sampled by Sobol points 

can be categorized into stochastic material properties, boundary conditions (rain deposition factor), heat/moisture 

generation sources (ACH and moisture source due to rain leakage), and climate data. Different types of variables 

differ in the way they may vary from original values in the dpj files, since these variables have different formats 

in the original dpj file. The details in respect to varying different types of stochastic variables are elaborated in 

the following sections.  

 



 

 

 

RESEARCH REPORT NRCC-CONST-56604E   PAGE 13 

 

2.3.1 Material properties 
The basic material properties, such as the saturation water content and the A-value, are used for stochastic 

sampling. Then, the basic stochastic properties are used to scale the material property curves such as the 

moisture storage function and liquid diffusivity. For the moisture storage function, the stochastic material property 

curves can be obtained by multiplying a stochastic coefficient as shown in equation (2): 

Coefficient_stochastic =  θeff_rand/ θeff_base (2) 

Where: 

θeff_rand – the random number of effective saturation water content sampled based on the sobol 

sequences 

θeff_base – the value of effective saturation water content of the base model 

For liquid diffusivity, the liquid diffusivity at the saturation water content can be calculated using equation (3), and 

thereafter, the stochastic coefficient can be calculated with equation (4) 

Dleff_rand =  (A-value_rand / θeff_rand)2  (3) 

Coefficient_stochastic = Dleff_rand / Dleff_base (4) 

Where 

Dleff_rand – the random number of liquid diffusivity at a specific value of random water absorption 

coefficient and random effective saturation water content  

Dleff_base – the liquid diffusivity at the A-value and effective saturation water content of the base case 

To vary the material properties, firstly, the basic material properties should be varied, then, the material property 

curves should be varied by means of the equations (2) and (4). Two Python functions were designed to modify 

the material properties in the dpj file. The detailed scripts to vary material properties are provided in Appendix D.  

2.3.2 Boundary conditions and heat/moisture sources 
The boundary conditions of the hygrothermal model include: heat/vapour exchange coefficients, rain 

deposition/exposure factors, short wave absorptivity and long wave emissivity. The heat/moisture source include: 

cladding ventilation rate (ACH) and, moisture source from rain leakage to wall assembly. For some of the 

parameters, the value can be directly varied within the dpj file; for example, the ACH and short wave absorptivity 

parameters. The following scripts provide an example of varying such parameters: 

 

 

Where:  

ACH_base –   the line of code of ACH in original dpj file 

ACH_indice – the position of the line of code of ACH in ProjectContent_New 

ProjectContent_New – a list to store the all the lines of code of newly generated stochastic project file 

list_Stochastic_Variables – a list to store all the random numbers of different stochastic variales 
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For other boundary conditions such as the rain deposition/exposure factor, these are related to the ASHRAE 

wind-driven rain model, which in DELPHIN is not a built-in model to calculate wind-driven rain. Therefore, these 

two parameters cannot be varied by simply changing an input parameter. The procedure for varying the rain 

deposition/exposure factor is elaborated in Section 2.3.3. Similarly, the moisture source from rain leakage also 

relates to the wind-driven rain calculation, and as such, it is also described in Section 2.3.3.  

2.3.3 Climate data 
Wen performing meteorological modelling, the uncertainties in climate data that exist in different climatic 

realizations depend on different assumed initial conditions. Gaur et al. (2019) extracted 15 climatic realizations 

from the Canadian Regional Climate Model (CanRCM4), and performed bias correction on the extracted climate 

data set. Therefore, the uncertainties amongst the 15 climatic realizations need to be considered in stochastic 

simulation. 

The climate data are incorporated in the climate data files (ccd files) as hourly time series. Therefore, given the 

variation in the different climatic realization, there is a need to simultaneously modify multiple time series. 

Accordingly, a Python function was designed to vary the climate data and generate the ccd files for use in 

DELPHIN simulations, this is given here: 

 

Where: 

ClimateData – A list to store the climate data from original csv file of climate data 

List_Years – A list of the years that climate data corresponding to 

Wall_Orientation – the wall orientation 

F_D_E – the product of rain deposition factor and exposure factor 

RL_Percentage –  moisture source of rain leakage (% of wind-driven rain) 

RL_Thickness –  the thickness of the element that receives the moisture source of rain leakage 

The details of this function are provided in Appendix E. This function can be integrated into a loop to permit 

generating the stochastic ccd files with randomly varied climate data, and that repeatedly vary the climate data 

sets, wall orientation, rain deposition/exposure factor as well as moisture source for rain leakage. An example of 

generating the stochastic ccd file is also provided in Appendix E. What should be noted is that the folder structure 

of the ccd files should follow the structure presented in Figure 4. It can be seen that there are different sets of 

randomized stochastic climate data. For each set, there are different sets of ccd files, and these ccd file sets 

were sampled based on Sobol sequences. In each set of ccd files, there are different ccd files containing different 

time series of climate parameters. By using this structure, the ccd files in any randomly selected climate data set 

can be accessed according to their position in the Sobol sequence. 
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Figure 4 Folder structure of the stochastic climate files 

2.3.4 Generate stochastic dpj files and launch stochastic simulation 
When implementing the process of varying material properties, boundary conditions and heat/moisture source 

as well as the climate data, this should be completed in a loop in order to write all the generated random numbers 

into different newly generated dpj files; these can then be saved into specific locations. Appendix F shows the 

scripts for generating stochastic dpj files. What should be noted is that the folder structure for the stochastic dpj 

file should be the same as that of the ccd files. There should be different sets of randomized stochastic dpj files, 

each set of dpj files is saved in one folder.  After the generation of stochastic dpj files, the stochastic simulations 

can be launched in parallel. Appendix G shows the scripts for launching the stochastic simulations. 

2.4  Error estimation and data visualization  
The error estimation of stochastic results should be based on a specific output, such as the average value of 

mould growth index or the moisture content over the simulation period. There are no standards or guidelines that 

regulate the error limit of stochastic simulations, however, the acceptable limit of error depends on the problem 

to be analyzed. For instance, the mould growth index has 6 levels, and each level represents one mould coverge 

rate. When the simulated mould growth index is in around 5, it might be reasonable to set an acceptable limit as 

0.5, which results in a relative error in around 10%. However, in this report, the simulated mould growth index 

levels for the case study were between 0.5 and 2.0 depending on different climatic realizations and orientations. 

A limit of 0.5 will result in a relative error between 40% to 100%, which might be too large. As such, for the case 

study given in this report, an acceptable error limit of 0.1 was used, and this error results in a relative error 

between 5% and 20%. The standard error needs to be estimated at different sample sizes. The standard error 

of the mean value and standard deviation of the stochastic results can be calculated using equation (5) and 

equation (6) (Hou et al., 2019):  

𝑄̅𝑛,𝑟(𝑓) =  
1

𝑟
∑ 𝑄𝑛

(𝑖)
(𝑓)𝑟

𝑖=1       (5) 

𝑠𝑡𝑑𝑒𝑟𝑟(𝑄̅𝑛,𝑟) =  √
1

𝑟(𝑟−1)
 ∑ (𝑄𝑛

(𝑖)
(𝑓)  −  𝑄̅𝑛,𝑟(𝑓))2𝑟

𝑖=1        (6) 

Where: 

𝑄𝑛
(𝑖)

(𝑓) – the estimator of mean or standard deviation of the ith randomized sequence 

𝑄̅𝑛,𝑟(𝑓) – the average of the estimators of r sets of randomized sequence, one set represents a specific realization 

of Sobol sequences 

r – the number of randomized sequences  
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n – a specific sample size of the Sobol sequences, the total sample size is equal to r*n 

f –  the function that is used to calculate the performance indicator, in the case of mould growth performance, the 

mould growth indices are calculated through hygrothermal simulation 

The scripts for estimating the standard error at different sample sizes, different categories of climatic scenarios, 
and orientations, as well as different design strategies are provided in Appendix H. 

For data visualization, the stochastic results can be visualized by probability distribution, cumulative distribution 
and box plots. The overall procedure for data visualization is: 

1. Extract the simulated results, such as relative humidity, temperature from the DELPHIN result folders. 

2. Make the calculation for the performance indices, such as mould growth index, from the extracted DELPHIN 
results. 

3. Make the plots of the stochastic results, such as the cumulative distribution, the probability distribution and 
box plot. 

The plot can be made by the use of the matlibplot, seaborn or scipy modules.  Appendix I shows an example of 
the cumulative distribution, probability distribution and box plot using seaborn.  

3 Case study 

3.1 Hygrothermal model 

3.1.1 Wall configuration and material properties 
Figure 5 shows the wall configuration of the wood-frame wall investigated in this report. The basic properties of 

the materials used in the wall components are given in Table 1.  The material properties were taken from a series 

of NRC’s material property reports (Kumaran et al., 2002; Maref et al., 2003; Kumaran et al., 2006). For the 

properties that were not found in NRC’s reports, these were taken from Delphin’s material database.  

 

Figure 5 A typical wood-frame wall assembly 
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Table 1 Basic material properties of the wall components 

 RHO1 THETA_POR2 THATA_EFF3 THETA_CAP4 μ_dry5 A-value6 CE7 λ8 

Red matt clay brick 1935 0.265 0.217 0.162 129 0.0268 800 0.5 

Air space 1.2 0.99 - - 1 - 1006 0.025 

SBPO9 464 0.012 0.012 0.01 305 0.00031 1250 0.248 

OSB 650 0.4 0.38 0.27 753 0.0022 1880 0.094 

Mineral wool 37 0.92 0.9 0.9 1.09 - 840 0.032 

Polyethylene  1256 - - - 1∙106 - 2100 0.16 

Gypsum board 700 0.65 0.42 0.4 138 0.0019 870 0.16 

1RHO – Bulk density (kg/m3) 
2THETA_POR – Porosity (m3/m3) 
3THETA_EFF – Effective saturation water content (m3/m3) 
4THETA_CAP – Capillary water cotent (m3/m3) 
5μ_dry – Vapour resistance factor at dry state (-) 
6A-value – Water absorption coefficient (kg/m2.s0.5) 
7CE – Heat capacity (J/kg.K) 
8λ – Heat conductivity (W/m.K) 
9SBPO: Spun-bonded polyolefin 

To reduce the number of stochastic material properties, a preliminary sensitivity analysis was performed to 

determine the most influential ones with respect to moisture performance. The details of the sensitivity analysis 

can be found in (Chetan et al., 2021). It was found that the moisture storage function (scaled by effective 

saturation water content) and the liquid diffusivity (derived from effective saturation water content and water 

absorption coefficient) of brick are the most important material properties that influence the mould growth 

performance on OSB when considering only rain leakage and that the moisture source was deposited on the 

outer layer of the sheathing membrane. Therefore in this report, the effective saturation water content and the 

water absorption coefficient of the brick were considered as stochastic material properties.  

3.1.2 Boundary conditions and climatic realizations 

Table 2 shows the boundary conditions that were considered as constant values. The exterior heat and vapour 

transfer coefficients were set as dependent on wind speed according to EN ISO 6964 (2017), and the 

dependency functions are given in equation (7) and (8).  

Table 2 Boundary conditions 

Interior heat 
transfer 

coefficient 

(W/m2.K) 

Interior vapour 
transfer 

coefficient 

(s/m) 

Short wave 
absorptivity 

(-) 

Long 
wave 

emissivity 

(-) 

8 1.52∙10-8 0.6 0.9 

    ℎ𝑐𝑒 = 4 + 4 ∙ 𝑣                                             (7) 

𝛽𝑣𝑒 = 2.44 ∙ 10−8 + 2.44 ∙ 10−8 ∙ 𝑣                    (8) 

Where:  

hce – exterior heat transfer coefficient (W/m2.K) 

βve – exterior vapour transfer coefficient (s/m) 

v – wind speed (m/s) 
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The wind-driven rain deposited on the exterior wall surface was calculated based on the ASHRAE 160 model as 
given by equation (9) (ASHRAE, 2016) : 

rbv =  FE  ×  FD  ×  FL  × U × cosθ ×  rh          (9) 

Where: 

rbv – wind-driven rain deposited on the exterior wall surface 

FE – rain exposure factor, reflects different exposure types, for buildings lower than 10 m; the rain 
exposure factor can be assumed to have a value of 1.4 for the severe exposure category, 1.0 for the 
medium exposure category, and 0.7 for the sheltered category 

FD – rain deposition factor, reflects different roof designs; it can be assumed to have a value of 0.35 for 
a steep-slope roof, 0.5 for a low-slope roof and 1.0 for a wall subject to rain runoff 

FL – empirical constant, 0.2 kg.s/(m3.mm) 

θ – angle between wind direction and normal to the wall 

U – hourly average wind speed at 10 m height, m/s 

rh – rainfall intensity, horizontal surface, mm/h 
In this report, the rain exposure factor (FE) was considered as 1, and the rain deposition factor (FD) was 

considered as a stochastic variable. To simulate rain leakage, a moisture source was deposited on the exterior 

surface of the spun bonded polyolefin (SBPO). The quantity of this moisture source was considered as a 

stochastic variable as well. The effect of cladding ventilation was simulated using a source/sink approach, which 

considers the air in the drainage cavity as a heat and moisture source by imposing a cladding ventilation rate 

(ACH) that was considered as a stochastic variable.  

The 15 climatic realizations of the 31-year climate data sets were generated by Gaur et al. (2019). In this report, 

climate data that were used for the stochastic simulation included the historical climate data and the climate data 

with the worst future scenario for global warming (3.5⁰C global warming) for the city of Ottawa (Hereafter, referred 

to as historical and future periods). To save computational costs, a 2-year moisture reference year was selected 

for each climatic realization based on the moisture index, which was calculated year by year based on equation 

(10) (Cornick et al., 2003):  

MI =  √(1 − DI)2 + WI2                                     (10) 

Where  

MI – moisture index of a specific year 

DI – normalized drying index of a specific year 

WI – normalized wetting index of a specific year 

The drying index represents the degree of moisture saturation of ambient air, whereas the wetting index considers 

the wind speed and horizontal rain. The absolute values of yearly WI and DI were calculated using equation (11) 

and (12) (Cornick et al., 2003): 

WI =  ∑ U ∙ Rh
8760
1 /1000                            (11) 

Where:  

U –  wind speed in a specific hour, m/s 

Rh –  horizontal rain in a specific hour, mm 

DI =  ∑ (wsat
8760
1 − w)                                  (12) 

 Where:  
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wsat –  humidity ratio at saturation in a specific hour 

w – humidity ratio of ambient condition in a specific hour 

In order to consider the relative difference amongst different realizations, the yearly values for DI and WI were 

normalized based on the maximum and minimum values in all the 15 realizations within one climatological period; 

thereafter, the moisture index was calculated for every single year for each of the 31-year climatic realizations.  

The selected 2-year moisture reference year includes one 50 percentile and one 90 percentile of the moisture 

index in each 31-year climatic realization. Finally, there were 15 realizations (R01, R02 … R15) of 2-year climate 

data sets for each climatological period, and the 15 realizations of 2-year climate data sets in each period were 

considered as discrete stochastic variables.  Figure 6 shows the 2-year averaged moisture index of each climatic 

realization in historical and future periods for Ottawa. It can be noted that the MIs were calculated based on DI 

and WI, which were values normalized within each climatological period. Therefore, the MIs reflect the relative 

difference amongst different climatic realizations, but, they do not reflect the difference between historical and 

future periods.  

 
Figure 6 2-year’s averaged MIs of each of the 15 climatic realizations 

3.2 Stochastic variables and Sobol sequence based 
sampling  

The stochastic variables considered in this report are summarized in Table 3. The details of the quantification of 

stochastic variables can be found in Wang et al. (2021).  

Table 3 Stochastic variables. 

Variables Distribution Range Intervals 

Climatic realisation Discrete R01–R15 - 

Orientation Uniform 0–360 
16 Orientations, interval of N 
348.75 ~ 11.25, NNE 11.25 ~ 

33.75 and so on… 

Rain deposition factor Uniform 0.35–1; 
Low 0.35 ~ 0.56; Middle 0.56 ~ 

0.78;  
High 0.78 ~ 1. 

Rain leakage moisture source 
(% of wind-driven rain) 

Normal* 0–2.0 
Low 0.3 (0.35); Middle 0.56 

(0.35);  
High 0.8 (0.35) 

Cladding ventilation rate (ACH) Normal 1–20 Low 3 (0.67); Middle 5.5 (1.4);  
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High 10.5 (3.5) 

Water absorption coefficient (A-
value)of brick (kg/m2·s0.5) 

Normal 0.0161–0.0389 0.0268 (0.005) 

Effective saturation water 
content of brick (m3/m3) 

Normal 0.108–0.325 0.217 (0.043) 

* For the variables having normal distribution, the values in the parenthesis are standard deviations. The distributions of rain leakage 

moisture source are truncated above zero; the distributions of cladding ventilation rate are truncated above 1. 

To implement the Sobol sequence based sampling, 10 sets of 6-dimensional randomized Sobol sequence were 

generated, the randomization is based on the scramble approach (L’Ecuyer and Lernieux, 2002) as indicated in 

Section 2.2.1. The 10 sets of randomized Sobol sequence were generated because the number of sets of 

randomized Sobol sequence (r in equation (6)) is usually selected as a small constant, when n (the sample size 

for each Sobol sequence) increases the standard error can be decreased and at an optimized rate (Hou et al., 

2019). For continuous stochastic variables, these are mapped into the space [0, 1] through their cumulative 

distribution, and the values at the percentiles which correspond to the Sobol points are then selected; the 

implementation of the sampling was illustrated in Section 2.2.2.  For discrete variables, i.e. the climatic 

realizations, the space of [0, 1] was divided into 15 equal intervals, i.e. [0, 1/15], [1/15, 2/15]…… [14/15, 15/15]. 

When a Sobol point falls into the first interval, then the first realization (R01) is selected; similarly, when a point 

falls into the second interval, R02 is selected, and so on.  

For the rain leakage moisture source and cladding ventilation rate, there were three levels selected, with each 

level having a specific cumulative distribution. To guarantee that the cumulative distribution at each level is 

unchanged and the sample sizes at different intervals are equal, the space of [0, 1] was divided into three 

intervals: [0, 1/3], [1/3, 2/3] and [2/3, 1]. When the Sobol point falls into the first interval, then the low level will be 

selected, and the stochastic values at that level will be selected by mapping the percentiles in the cumulative 

distribution to the interval of [0, 1/3]. Similarly, the values in the middle level and high level were also selected in 

the same way.  Figure 7 provides an example of the sample space division based on different categories of rain 

deposition factor.  

 

Figure 7 Sample space division based on rain deposition factor 

For the rain deposition factor, this was assumed to be uniformly distributed from 0.35 to 1; therefore, it was 

directly mapped to Sobol points through a uniform cumulative distribution with the sampled values at each 

category of rain deposition factor also being uniformly distributed. Similarly, the orientation was also assumed as 

a uniform distribution, and divided into 16 equal intervals, each interval is 22.5⁰.  For example, 11.25⁰ to 33.75⁰ 

represents NNE, 33.75⁰ to 56.25⁰ represents NE and so on. For the North orientation, this includes two sub-

intervals with each having 11.25⁰: 348.75⁰ to 360⁰ and 0⁰ to 11.25⁰. 

Although there were 7 stochastic variables, the A-value and effective saturation water content of the brick were 

positively correlated with a correlation coefficient of 0.6.  The random number generation of A-values and effective 

saturation water content of the brick followed that given in Section 2.1, which is the method of generating 
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correlated stochastic variables; for Sobol based random number sampling, using two columns of Sobol points to 

sample these two parameters would disrupt their correlation. Therefore, the water penetration coefficient, which 

is defined as the ratio of A-value to saturation water content (Kunzel, 1995), was used to be sampled by Sobol 

points. In this way, the two stochastic brick properties can be sampled by one column of Sobol points, and their 

correlation can be retained.  

3.3 Error estimation 
The mould growth index was calculated based on the use of the VTT model (Ojanen et al., 2010) with a decline 

factor of 0.3. The relative humidity and temperature of the exterior surface of OSB were extracted for calculating 

the mould growth index. The averaged values for mould growth indices over the two years of the simulation were 

calculated for error estimation and mould growth risk assessment. In this report, the two year average mould 

growth index of 1 was set as a threshold which should not be exceeded. This differs from that given in ASHRAE 

160 (2016) in which it is suggested that to minimize the mould growth risk, the hourly value of mould growth index 

should not exceed a value of 3. What should be noted is that the average value over two years simulation can 

only reflect the mould growth risk in such a period, however, it cannot capture the length of the periods when the 

mould growth index is higher than 3. In the future work, it might be useful to adopt a performance indicator which 

is able to reflect probability distribution of the mould growth index at different levels over a simulation period. The 

values for standard error of the mean and standard deviation were calculated based on equations (5) and (6), 

respectively (Hou et al., 2019).  

The error estimation was performed for the entire whole sample space and the sub-spaces for different climatic 

realizations and orientations at different sample sizes. The sample size of the entire sample space is the number 

of runs required for stochastic simulations, for which all the stochastic varaibles are considered to vary over their 

entire range. The sample size of a sub-space is the number of runs required for stochastic simulations in a 

specific category of a specific environmental or design variable, i.e. the climate realization, the wall orientation or 

the rain deposition factor.  In this report, the error estimation for the entire sample space was performed at sizes 

of 23x10, 24x10 up to 28x10. For the sub-spaces, the error estimation started from a sample size of 25x10 and 

ended up with 28x10, since the sample size of each sub-space is approximately the total sample size divided by 

the number of intervals. The maximum sample size was determined by considering the balance between the 

computational cost and the accuracy of the results. As stated in Section 2.4, for the problem of mould index 

prediction in this report, the acceptable error was limited to ± 0.1. 

According to Hou et al.(2019), the standard errors calculated from equations (5) and (6) are roughly in the same 

order of magnitude as the absolute error that was obtained by comparing the results at different sample sizes 

(23x10, 24x10, …, to 27x10) with a very large reference sample size - 40960. The results of standard error will be 

discussed in section 3.4. Then the mould growth risk for different climatic realizations and orientations were 

assessed based on the results from the highest sample size. For the case study in this report, the entire sample 

space, the sample size of 28x10 in the entire sample space gave a standard error in the magnitude of 10-3, whilst, 

for each sub-space, the sample size of 28x10 gave a standard error in the magnitude of 10-2. Details in respect 

to the standard error decreasing with the increase of sample size will be presented in Figure 8 and Figure 9.  

3.4 Results and analysis 
This section presents two aspects of the stochastic results, the convergence rate of standard error- the 

decreasing rate of the standard error with the increase of the sample size, and the mould index at different 

climatic realizations, wall orientations and risk mitigation strategies. The convergence rate analysis was 

performed for different climatic realizations and wall orientations to demonstrate the methodology of error 

estimation. Then, the mould growth risk assessment was implemented for different climatic realizations and wall 

orientations based on the results from the maximum sample size. The mould index for different risk mitigation 
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strategies was evaluated based on the worst orientation, which has the highest mould index level based on the 

stochastic results from the maximum sample size.  

3.4.1 Convergence rate of standard error 

 The whole sample space 
Figure 8 shows the standard error of the mean value and standard deviation of the 2-year averaged mould growth 

index at different sample sizes (number of runs) for the entire sample space, which means all the climatic 

realisations and orientations, as well as other stochastic variables, were taken into account. It can be seen that 

the standard error generally decreased with an increase in sample size, although the decreasing rates are 

different at different sample size intervals, i.e., for the mean value of the historical period, the decreasing rate is 

greater from 320 to 1280 than from 80 to 320. When the sample size is increased to 1280-runs, the standard 

error can be reduced to a magnitude of 10−3 for both historical and future periods. As shown in Table 4, the future 

period has a higher mould growth index than the historical period, but the standard deviation in the future is very 

similar to that in the historical period. The standard error in the future period is slightly lower than that in the 

historical period. The mould growth index listed in Table 4 reflects the overall mould growth risk in the city of 

Ottawa, considering all the climatic realisations, orientations and other stochastic variables. 

 
 

(a) SE of Mean values (b) SE of Standard deviations 

Figure 8 Standard error (SE) of mean and standard deviation (std) values at different sample size 

Table 4 Mean value and standard deviation of 2-year averaged mould index at a 2560-run. 

 Historical Period Future Period 

Mean value (SE) 1.06 (0.007) 1.44 (0.004) 

Standard deviation (SE) 0.91 (0.007) 1.08 (0.004) 

SE: standard error 

 Different climatic realizations 
Figure 9 shows the standard errors at different sample sizes for different climatic realisations of historical and 

future periods. Each box represents the standard errors of 15 climatic realisations in a climatological period. In 

general, the standard errors for different climatic realisations are higher than those for the entire sample space 

in the same sample size of the entire space, since the entire sample space was divided into different sub-spaces 

based on climatic realizations and the sample size for each climatic realisation is roughly equal to the total sample 

size divided by 15. It can be seen that there is a significant variation of the standard error for different climatic 

https://www.mdpi.com/2075-5309/11/8/333/htm#fig_body_display_buildings-11-00333-f011
https://www.mdpi.com/2075-5309/11/8/333/htm#table_body_display_buildings-11-00333-t010
https://www.mdpi.com/2075-5309/11/8/333/htm#table_body_display_buildings-11-00333-t010
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realisations, which implies that different climatic realizations require different number of runs to achieve the same 

level of accuracy in the results. The standard errors for the future period are generally higher than those for the 

historical period, because in the future period, there are more uncertainties in climatic conditions such as more 

heat waves and extreme rain events, and such events will increase the uncertainties of the wall performance. 

Therefore, the simulations for the future period require more simulation runs to obtain the same level of accuracy 

as compared to the simulations for the historical period. The standard errors of mean values and standard 

deviation values can be reduced to below 0.1 after 1280 runs, except for the mean values of the future period, 

which require 2560 runs to ensure all the standard errors fall to below 0.1.  

  

(a)SE of  mean value (b) SE of standard deviation 

Figure 9 Convergence rate of standard error (SE) for different climatic realizations 

Note: there are 15 climatic realisations, therefore, the sample size for each realisation is roughly equal to the 

total sample size divided by 15. The marks of “⧫” are outliers. 

 Different Orientations 
Figure 10 shows the standard errors of the mean value and standard deviation of different orientations for the 

historical and future periods: each box represents the standard errors for 16 orientations in each climatological 

period. It can be seen that the decreasing rates of the standard errors for different orientations are lower than 

those for different climatic realisations, particularly from 320-run to 640-run. Future period generally has higher 

standard errors than historical period. The variation of standard error amongst different orientations is significant. 

The standard errors of all the orientations can be reduced to below 0.1 after 1280 runs, which means for each 

orientation 80 runs can achieve a standard error lower than 0.1.   
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(a) SE of mean value (b) SE of standard deviation 

Figure 10 Convergence rate of standard error (SE) for different orientations. 

Note: there are 16 orientations, therefore, the sample size for each orientation is roughly equal to the total 

sample size divided by 16. The marks of “⧫” are outliers. 

3.4.2 Mould growth risk assessment for different climatic realizations and 
wall orientations 

 Different climatic realizations 
Figure 11 shows the mean value and standard deviation of the 2-year averaged mould growth index for historical 

and future periods using 2560-runs for which the standard error for each climatic realisation is below 0.1. It can 

be seen that most of the climatic realisations have a higher mould growth index in the future than in the historical 

period. The future period also has higher variability in the mould growth index than the historical period given the 

higher standard deviation, which might be caused by higher uncertainties of the future climate data. The higher 

uncertainties of future climate data, such as more extreme weather events, have increased the uncertainties of 

the mould growth index given the moisture loads imposed on the wall assembly are subjected to a higher 

variability in the future. As shown in Figure 12 a,b, there is no clear relationship between mould growth index and 

moisture index based on the stochastic simulation results when all the orientations were taken into account. 

However, the significance of the relationship increased when the analysis only focused on the orientation that 

receives the highest amount of WDR (The sample size was locally expanded to 1280-runs for the worst 

orientation to guarantee the values standard error were below 0.1).  
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(a) Mean value 

 

(b) Standard deviation 

Figure 11 Mould growth index (2-year's average) of 15 climatic realizations using 2560 runs 

 

(a) Historical period 

 

(b) Future period 
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(c) Historical period_ worst orientation 

 

(d) Future period_ worst orientation 

Figure 12 Mould growth index (mean value of 2-year’s average) as a function of moisture index 

 Different wall orientations 
Figure 13 shows the mean value and standard deviation of the 2-year averaged mould growth index for different 

orientations using 2560 runs, which has a standard error of around 0.05 for all orientations. It can be seen that 

the mean value and standard deviation of the mould growth index for the future period are higher than those for 

the historical period for all orientations. The orientation that had the highest mean value and standard deviation 

of mould growth index was SSW. The SSW orientation was selected as the orientation for further stochastic 

simulations and the one providing the most severe conditions to which to subject wall assemblies when 

investigating the mould growth risk under different mitigation strategies.  

 
 

(a) Mean value (b) Standard deviation 

Figure 13 Mould growth index (2-year’s average) for different orientations at 2560-run. 

3.4.3 Mould growth risk assessment for different risk mitigation strategies 
To investigate different mould growth risk mitigation strategies, an additional 640 stochastic simulations were 

performed for the worst orientation, as selected in Section 3.4.3. Figure 13 shows the stochastic 2-year averaged 

mould growth index for different mould growth risk variables and variable levels, i.e., the rain deposition factor, 

rain leakage moisture source and cladding ventilation rate as described in Table 9. Each box represents the 

stochastic 2-year averaged mould growth index of one level of a specific mould risk variable with all the other 

stochastic variables varying in their full range of values. For example, the green box in the case of rain deposition 
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factor (FD) represents a low level of rain deposition factor (0.35 ~ 0.56) with all the other stochastic variables 

(climatic realisations, rain leakage moisture source, cladding ventilation rate, and brick properties) varying in their 

full range of values. As such, if the mould growth index can nonetheless be reduced by controlling one specific 

variable in consideration of all the uncertainties, the influence of this variable can be considered as a robust 

control strategy. The 640-run stochastic simulation based on RQMC gave the value for the standard error of the 

mean and standard deviation for the mould index at each level for each risk variable of ca. 0.05.  

 The influence of rain deposition factor and cladding ventilation rate 
In Figure 14, it can be seen that the reduction of the rain deposition factor and increase of ventilation rate can 

significantly reduce the mould growth index, and the uncertainty at a low level of rain deposition factor is lower 

than that at the high level of cladding ventilation rate, particularly in the future period which has higher moisture 

loads and uncertainties of extreme weather events. This indicates that, under the climatic conditions of Ottawa, 

controlling the rain deposition factor could be a more robust mitigation strategy than increasing the cladding 

ventilation rate. The same stochastic simulations were also implemented for Halifax, a coastal city in Canada. It 

was found that ACH plays a more important role in controlling mould growth than the rain deposition factor. 

Therefore, the most robust design or risk mitigation strategy varies depending on the climatic region.  

 

Figure 14 Boxplots of 2-year’s averaged mould growth index at different levels of mould growth risk control variables- 

MS on exterior WRB. 

FD: Rain deposition factor; MS: Rain leakage moisture source; ACH: Cladding ventilation rate. For ACH, the high 

level is the 4 opening ventilated design, the middle level is the 2 opening ventilated design and the low level is the 

vented cavity which has no opening on the top. The marks of “⧫” are outliers. 

According to Kubilay et al. (2017), for mid-rise building, even a small building façade detail, such as window sills 

with a size of 0.1 m, can reduce the catch ratio by up to 37% as compared to the building without any protection, 

and can achieve a low level of rain deposition factor (Wang et al. 2021). As to low-rise building, the 0.1 m roof-

overhang could produce the same protection effect as the 0.1 m window sills of mid-rise building.  In the historical 

period, a low-level of rain deposition factor can reduce the 75 percentile value for the 2-year average mould 
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growth index to below 1, and 1.5 for the future period. On the other hand, the highest level of the cladding 

ventilation rate (ventilated cavity with 4 openings as calculated in Wang et al. (2021)) can, for the historical period, 

reduce the 75 percentile value for the 2-year average mould growth index to below 1.2 and for the future period 

to a value below 2. Since the 0.1-m overhang seems to be the most robust strategy in controlling mould growth 

in Ottawa, further simulations were performed for a 0.1-m overhang with different levels of moisture source and 

ACH, for which the results are presented in Figure 14 c,d. It can be seen that for a building with a 0.1-m roof 

overhang and a wall with a ventilation design having 4 openings, the 2-year average mould growth index can be 

controlled within a value of 1 for 90% of the stochastic cases in both historical and future climate periods, although 

the mould growth index is higher in the future period than in historical period. According to the filed measurement 

by Chiu (2016), for mid-rise buildings, the roof-overhang can effectively protect the façade area right below the 

roof, however, the effectiveness of overhang protection was significantly reduced for the area far away from the 

roof.  

 The influence of rain leakage moisture source 
There is no significant difference between different levels of moisture source from rain leakage, although the 

mould growth index for the low level of MS is slightly lower than that for the middle and high levels of MS (Figure 

14). This maybe due to the protection provided by the water-resistive barrier. However, the uncertainty within 

each level of MS is very high (Figure 14a,b). The uncertainty is caused by other stochastic variables, i.e., rain 

deposition factor, ACH, climatic realisations and brick properties. The uncertainties for each level of MS were 

reduced within the low level of rain deposition factor (Figure 14c, d).  

The rain leakage modelling approach was based on ASHRAE 160 (2016), which assumes the moisture source 

on the exterior surface of the sheathing membrane. However, the rainwater may penetrate through the sheathing 

membrane and reach the OSB sheathing if there is a defect in the sheathing membrane. To consider this 

situation, an additional set of simulations was performed with the moisture source assigned to the exterior layer 

of OSB, that represents a higher mould growth risk scenario than the moisture source assigned to the sheathing 

membrane for the future period (Figure 15a). As opposed to the high-risk scenario, for comparison, another 

scenario without any rain leakage was simulated based on the future period (Figure 15b).  

When the moisture source was deposited on the exterior layer of the OSB (Figure 15a), the difference between 

different levels of moisture source is more significant than in the scenario with the moisture source deposited on 

the exterior surface of the sheathing membrane (Figure 14b). The overall mould growth indices increased for the 

low level of rain deposition factor and high level of cladding ventilation rate. However, the increase of mould 

growth index in the low level of rain deposition factor is lower than that in the high level of cladding ventilation 

rate. For example, the 75 percentile mould growth index at a low level of FD increased from 1.5 to 1.8, and this 

value at the high level of ACH increased from 2.0 to 2.7. (e.g., compare results given in Figure 14b to those in 

Figure 15a).  

For the scenario without moisture source, the overall mould growth indices at different levels of FD and ACH 

were reduced (Figure 15b). The 75 percentile mould growth index at a low level of FD decreased from 1.5 to 1, 

and that for a high level of ACH decreased from 2 to 1.5 (Figure 14b compare to Figure 15b). Therefore, it can 

be said that improvements in water tightness can overally reduce mould growth risk.  
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(a) MS on the exterior layer of OSB (b) No MS 

Figure 15 Boxplots of 2-year’s averaged mould growth index at different levels of mould growth risk control variables- 

comparison between different locations of MS. 

Note: The marks of “⧫” are outliers. 

4 Conclusions 
The use of a stochastic approach has been applied for assessing building performance from simulations now for 

a few decades, and it continues to show its usefulness in uncertainty analysis and risk assessment given the 

increase in computational capacity, particularly in the current setting where climate change brings more 

uncertainties to results from hygrothermal simulation. In this report, a generalized framework of stochastic 

simulation of hygrothermal performance of wood-frame building envelopes was provided, and the implementation 

of this framework was illustrated with the aid of Python scripts. In addition, a case study was provided to 

demonstrate the application of the stochastic simulation framework. In summary, the primary functionalities of 

this framework include: 

• It is able to consider the uncertainties of different types of input parameters, including material properties, 

boundary conditions, heat/moisture sources, and climate data; 

• The correlated parameters can be taken into account when generating the random numbers from probabilty 

distributions;  

• The Sobol sequence based sampling provides a high sampling efficiency, and the randomized Sobol 

sequences allow the users to estimate the standard error of the stochastic results at different sample sizes; 

• The sampling process allows the users to assess the hygrothermal performance of building envelopes for 

different climate scenarios and design scenarios, given that the sample space can be divided into different 

sub-spaces, which represent different categories of climate or design scenarios. 

The functionalities mentioned above allow practitioners to evaluate moisture damage risks at different climatic 

conditions for different design or risk mitigation strategies. In addition, this stochastic simulation framework, or 

indeed, some of the functionalities in the framework can be adapted to overheating risk assessment.  

However, there are still limitations of this stochastic simulation framework. These limitations might need to be 

addressed in future work to obtain a more reliable assessment of the climate resilience of building envelopes: 

• This stochastic simulation framework did not consider the model uncertainty of the material properties. For 

example, there are different ways to derive the liquid diffusivity curves, it is still not clear whether the 

uncertainty caused by the different derived equations would induce a conclusive difference in the moisture 

damage risk assessment or not. In addition, the temperature dependency of the hygorthermal properties was 
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not taken into consideration, because of the limitation of the software and the lack of information regarding 

the temperature dependent moisture storage functions, moisture transport properties and thermal 

conductivities. 

• The aging in material properties i.e. the degradation of the properties of brick, membrane and OSB caused 

by exposure to prolonged environmental loads, was not considered in the stochastic simulation framewok. 

The degradation in material properties is greatly related to the severity levels in climate conditions. However, 

in the current stochastic simulation framework, the material properties were considered as constant values 

over the simulation period, and thus one cannot evaluate the impact of the climate conditions on the aging 

of the material properties. 

• In the current stochastic simulation framework, the cladding ventilation rate (ACH) was considered as a 

constant variable during the simulation time period. However, the ACH is a stochastic time series which is 

highly correlated with wind and buoyancy pressure. 

• Although the absolute values for rain leakage moisture source (kg/m3.s) are time series parameters used for 

simulation, their randomness reflected the influence of wind pressure and rain intensity acting on the exterior 

of the building envelope. However, the rain leakage rate (% or wind-driven rain) was considered as a constant 

value throughout the simulation period for each stochastic model. The joint probability or co-occurrence 

frequency of high wind-driven rain/ rain leakage rate and low ACH, which might be related to the moisture 

damage risks of the wall assemblies, cannot be revealed using the current framework.  
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Appendix A. Scripts for generating random numbers 
from different probability distributions 

1. Functions for generating random numbers from 
different probability distributions 
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2. Example for generating random numbers from 
stochastic variables  
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Appendix B. Scripts for generating randomized Sobol 
points 
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Appendix C Scripts for sampling random numbers 
based on Sobol points 
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Appendix D Scripts for varying material properties 
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Appendix E Scripts for varying climate data 

1. Functions for varying climate data 
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2. Main routine for generating stochastic CCD files 

 

 



 

 

 

RESEARCH REPORT NRCC-CONST-56604E   PAGE 46 

 

 

 

Appendix F Scripts for generating stochastic dpj files 
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Appendix G Scripts for launching stochastic 
simulation 

1. Function for calling the DELPHIN solver 

 

2. Main routine for launching stochastic simulation 
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Appendix H Scripts for error estimation 

1. Functions of error estimation 
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2. Main routine for error estimation 

2.1 Error estimation for different orientation and climate realizations 

 



 

 

 

RESEARCH REPORT NRCC-CONST-56604E   PAGE 56 

 

 

2.2 Error estimation for different levels of rain deposition factor, moisture 
source and cladding ventilation 
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Appendix I Scripts for visualizing the stochastic 
results 

 

 



 

 

 

RESEARCH REPORT NRCC-CONST-56604E   PAGE 59 

 

 

 



 

 

 

RESEARCH REPORT NRCC-CONST-56604E   PAGE 60 

 

 

 

 

a) Rain deposition factor 
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b) Rain leakage moisture source 

 

c) Cladding ventilation rate (ACH) 

Figure 16 PDF of 2-years' averaged mould growth index 

 

 

a) Rain deposition factor 
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b) Rain leakage moisture source 

 

c) Cladding ventilation rate (ACH) 

Figure 17 CDF of 2-years' averaged mould growth index 

 


