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Abstract  
The building performance simulation tools are useful in 
the field of building design decision-making and provide 
results but mostly fail to deal with uncertainties. In this 
research, the integration of the Monte Carlo method and 
Revit Application Programming Interface (API) is 
performed to develop a probabilistic method for 
performance-based building design decision-making. 
This method supports the evaluation of competing design 
options, considering existing uncertainties.  
Two building design test cases are developed for the 
demonstration and testing of the proposed method. In one 
of the test cases, there are discrepancies between 
deterministic and probabilistic simulation results. This 
research concludes that the ranking order of design 
options obtained from the probabilistic method is possible 
to be different from what a conventional deterministic 
method may suggest. This fact can significantly affect the 
outcome of design decision-making in choosing the final 
design options. 
Key Innovations 
• A novel framework is created for integrating Building 

Information Modeling (BIM)  into probabilistic 
building energy simulation to enhance the user 
interface and system interface for such simulations. 

• Different performance rankings of design options are 
found in one test case when comparing deterministic 
and probabilistic methods. In addition, different test 
cases led to different conclusions about such 
rankings, which demonstrates the significant impact 
of probabilistic methods on design decision-making. 

Practical Implications 
The practical implications of the research are: (1) design 
and simulation practitioners should consider probabilistic 
methods in building performance simulation and 
optimization due to the real-world uncertainties of 
construction and usage of buildings, and (2) probabilistic 
methods may result in choosing different design options 
than deterministic methods. 
Introduction 
The performance-based building analysis supports design 
decision-making but is inevitably associated with 
uncertainties.  The commonly-used building performance 
simulation tools, such as EnergyPlus and TRNSYS, act 

solely upon deterministic sets of input data, disregarding 
the associated uncertainties (Suna et al., 2014). The 
process of performance-based building design with 
deterministic approaches oversimplifies reality and can 
lead to overestimation or underestimation of building 
performance (Yao, 2014).  
This research addresses the challenges associated with 
conventional performance-based building design 
methods, i.e., ignoring the existing uncertainties and 
lacking a systematic framework to incorporate 
probabilities in BIM and parametric building performance 
analysis.  
Background 
Forward sampling-based uncertainty analysis methods, 
including Monte Carlo, are the most popular in the field 
of building energy analysis under uncertainties (Tian et 
al., 2018).  This approach requires executing the model 
iteratively through samples of input variables.  
A specific package for uncertainty analysis is available in 
Esp-r to facilitate the process of Monte Carlo simulations 
(MacDonald, 2002). Furthermore, The programming 
languages such as MATLAB, Python, Excel visual basic 
application (VBA), and R environment are used to 
automate the sample generation and executing the 
EnergyPlus models (Tian et al., 2018).  
BIM is a developed technology with object-oriented 
programming capabilities that has proven to be helpful in 
building design and performance analysis (Yan et al., 
2013). A few examples have adopted the modeling 
services of BIM for uncertainty analysis, using other 
programming platforms for sample generations and 
simulations (Kim et al., 2011; Pruvost and Scherer, 2017).  
Research shows that the BIM API and parametric design 
tools have not been extensively utilized for uncertainty 
analysis. Despite the noticeable benefits of the previous 
studies and existing tools to conduct Monte Carlo 
uncertainty analysis, an integrated BIM-based framework 
to use the probabilistic methods in parametric building 
design decision-making and performance analysis is 
missing.  
This research addresses the challenge of developing an 
integrated probabilistic framework for building energy 
analysis, using BIM and parametric design and simulation 
tools. The implication of this framework on choosing the 
best design options is expected to facilitate probabilistic 

________________________________________________________________________________________________

________________________________________________________________________________________________ 
Proceedings of the 17th IBPSA Conference 
Bruges, Belgium, Sept. 1-3, 2021

 
1521

 
 

https://doi.org/10.26868/25222708.2021.30379



building performance analysis and enhance design 
decision-making under uncertainties. 
Methods  
This research is an attempt to answer the following major 
questions: 1. How significant is it to consider the 
uncertainties in the process of performance-based 
building design decision-making? 2. How can we 
incorporate BIM and parametric design tools to facilitate 
the process of uncertainty analysis? 3. How would 
different probability distributions of design input 
variables affect the simulation output distribution and the 
result of a design decision-making?  

In this research, adding probability distributions of design 
input variables using Revit API is proposed to facilitate 
the probabilistic building energy simulations. The 
probabilistic results are compared with the deterministic 
results to identify the discrepancies. The proposed 
framework is demonstrated by two test cases of building 
energy analysis with a workflow shown in Figure 1. 

 
Figure 1: The proposed probabilistic framework for 

performance-based design decision-making. 
The proposed framework shown in Figure 1 consists of 
the following steps:  

1. Pre-processing: This phase includes creating or 
modifying a building base model in Revit. In this 
step, object-oriented programming through Revit 
API (see Figure 2) is used to create an addin for 
Revit, named as BIMProbE, to set the probability 
distributions for thermal properties of building 
materials based on the real-world material properties 
learned from the literature studies (Lomas and Eppel, 
1992; Hopfe, 2009).  

 
Figure 2: BIMProbE development for getting and 

setting probabilistic distributions for thermal 
properties of building materials. 

Then, the probability distributions of building materials’ 
thermal properties are exported from Revit to a Microsoft 
Excel spreadsheet. Figure 3 shows the Revit user interface 
with the new addin, BIMProbE. 

 

Figure 3: BIMProbE addin developed for Revit. 
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2. Sampling and simulation: This phase is conducted in 
Grasshopper using the statistical libraries available in 
CPython and energy simulation applications found in 
Ladybug tools.  Latin Hypercube Sampling (LHS) 
method is used to create input samples. The LHS 
method is proven to require fewer samples than other 
sampling methods (Tian et al., 2018). The energy 
simulations are programmed to run 500 times for 
each design option to calculate the annual thermal 
load. In previous woraks, the number of samples for 
energy simulations with the LHS method were 500 
samples in (Kim and Park 2017), 200 samples in 
(Hopfe, 2009), 100 samples in (Tian and de Wilde, 
2011), and 100 samples in (Lee et al., 2013). 
Referring to the recommended sample size by the 
existing literature and previous studies related to our 
work, 500 is a reasonable number for this analysis. 

3. Post-processing: Having the 500 simulation outputs 
for each design option, software JMP (SAS, 2020) is 
used to visualize and analyze the output data and get 
the mean, standard deviation, and variance results. 

4. Decision-making: The simulation outputs are 
compared using two different methods: 1. The 
conventional deterministic method, and 2. The 
proposed probabilistic method. In the deterministic 
approach, only the mean values for input variables 
are used to run energy simulations, and a single 
output is obtained for each design option. In the 
probabilistic method, a pool of 500 samples is 
retrieved from the normal or Poisson distributions for 
the uncertain variables. The normal distribution is 
usually used to sample the variables associated with 
uncertainties due to unknown factors or measurement 
errors (MacDonald, 2002). Based on the findings of 
Zhou et al. (2015), the input variables related to 
occupant behavior or presence can be best described 
with Poisson distributions. Other probability 
distributions including the uniform distribution and 
the rectangular distribution may be used in 
probabilistic simulations with undecided design 
variables and strategies, such as number of stories or 
building height (Rezaee et al., 2015; Tian et al., 
2018), which is not in the scope of this research. 

Design Test Cases 
The proposed framework is demonstrated with two test 
cases of building energy performance evaluation and 
design decision-making. Each test case compares three 
design options to find the minimum building annual 
thermal load using deterministic and probabilistic 
methods.  
Several sources of uncertainties in the building energy 
performance analysis are studied. The probability 
distributions of building materials’ thermal properties are 
created in Revit and used in the probabilistic simulations. 
Furthermore, internal heat gain loads, ventilation rate, and 
infiltration rate are among the major uncertainties studied 
in this research. The parametric capabilities of 
Grasshopper are used to create different design options 

for each test case. The Window-to-Wall-Ratio (WWR) 
values, internal heat loads, ventilation rate, infiltration 
rate, and the operation schedules are defined in 
Grasshopper using the Honeybee components. 
Test Case 1 Model 
For the first test case, a modular classroom design 
consisted of two rectangular plans of 10m by 5m (Total 
gross area of 50 m2) introduced by (Haymaker et al., 
2018) is used to demonstrate the application and 
workflow of the proposed framework. Figure 4 depicts a 
schematic representation of this test case. 

 
 

Figure 4: The geometric representations of test case 1 
(Revit model on the left and Grasshopper model on the 
right). 

The physical site of test case 1 is assumed to be in Los 
Angeles, California, which is considered climate zone 3B 
based on ASHRAE 90.1 (ASHRAE 90.1, 2013). It is 
assumed that all the thermal zones are conditioned with 
an Ideal Air Loads system.  
Figure 5 shows the geometrical representations of the 
three design options that we have randomly developed for 
test case 1. 

Design 
Option 1 

 
Design 

Option 2 

 
Design 

Option 3 

 
Figure 5: Three design options of test case 1. 

As Figure 5 shows, Design Options 1, 2, and 3 of test case 
1 are different in terms of rectangular plans’ offset, 
building orientation, and roof angle, in addition to other 
differences described in Table 1.  
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Table 1: Design assumptions for test case 1. 
Variable 

[Unit] 
Design 

Option 1 
Design 

Option 2 
Design 

Option 3 
Orientation 

(North 
axis) 

0˚ 0˚ 
(rectangular 
plan1), 90˚ 
(rectangular 

plan2) 

0˚ 

Roof slope 
[%]  

4 0 4 

Offset 
between 

two 
plans[m] 

3 Perpendicular  3 

WWR [%] 
(N/S/E/W) 

20/20/40/40 0/0/40/40 0/0/40/40 

Exterior 
Wall 

Material  

Concrete 
Block 

Structurally 
Insulated 

Panel (SIP) 

Structurally 
Insulated 

Panel (SIP) 
Glazing U-

value 
[W/m2K] 

2.84 0.60 0.60 

In this test case, design variables with uncertainties are 
denoted as 𝑋𝑋𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 =
{𝑥𝑥𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑟𝑟1 , 𝑥𝑥𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑟𝑟2 , 𝑥𝑥𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑟𝑟3 , … , 𝑥𝑥𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑟𝑟𝑘𝑘}, k = 10. The ten 
input variables containing uncertainties include the four 
thermal properties of exterior walls (thickness (𝑥𝑥𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑟𝑟1), 
conductivity (𝑥𝑥𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑟𝑟2), specific heat capacity (𝑥𝑥𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑟𝑟3), 
and density (𝑥𝑥𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑟𝑟4)),  the three internal heat gain loads 
(equipment (𝑥𝑥𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑟𝑟5), lighting (𝑥𝑥𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑟𝑟6), and people loads 
(𝑥𝑥𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑟𝑟7)), the infiltration rate (𝑥𝑥𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑟𝑟8), and the two 
ventilation rate factors (ventilation per person (𝑥𝑥𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑟𝑟9) 
and ventilation per area (𝑥𝑥𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑟𝑟10)) for which the mean 
and standard deviation values are obtained from the 
literature studies.  
Table 2 presents the mean (µ) and standard deviation 
values (σ) of the thermal properties for each wall type 
used in this test case (Hopfe, 2009; Lomas and Eppel, 
1992).  
 

Table 2: Material thermal properties for test case 1. 
Wall 

Construction 
Material layer Thickness [m] Conductivity [W/mK] Density [kg/m³] Specific heat 

capacity 
[J/kg°K] 

µ σ µ σ µ σ µ σ 

Structurally 
Insulated Panel 

(SIP) 

Finishes - Interior 
- Plasterboard 

0.012 0.0005 0.18 0.02 1030 135 970 85 

Wood - Stud 
Layer 

0.02 0.002 0.2 0.2 648 254 1845 870 

Structure - 
Timber Insulated 

Panel - OSB 

0.01 0.001 0.135 0.0075 545 20 1740 442.5 

Structure - 
Timber Insulated 
Panel - Insulation 

0.09 0.005 0.0465 0.00525 11 1 805 17.5 

Structure - 
Timber Insulated 

Panel - OSB 

0.01 0.001 0.135 0.0075 545 20 1740 442.5 

Concrete: 
Sand/Cement 

Screed 

0.21 0.021 1.13 0.1017 2000 30 1000 106 

Concrete Blocks 
Finishes - Interior 

- Plasterboard 
0.012 0.0005 0.18 0.02 1030 135 970 85 

Concrete   0.2 0.02 1.41 0.1269 1900 28.5 1000 106 

The floor and roof constructions of all three design 
alternatives are made of concrete.  The Heating, 
Ventilation, and Air Conditioning (HVAC) system 
specifications are presented in Table 3. The mean values 
for these variables are learned from the literature 
(Haymaker et al., 2018), while the standard deviation is 
set to 10% due to the lack of information. de Wit (2001) 
has estimated this percentage to be up to 10% in his 
report. All design options of test case 1 use the same 
HVAC system specifications. 

Table 3: Description of the HVAC system-related 
uncertainties. 

Variable [Unit] µ σ 
 Test case 1 

Equipment loads per area [W/m2] 10.98 10% 
Infiltration rate per area [m3/s-m2] 0.0003 10% 
Lighting density per area [W/m2] 9.365 10% 

Number of people per area 
[ppl/m2] 

0.25 10% 

Ventilation per area [m3/s-m2] 0.0006 10% 
Ventilation per person [m3/s-m2] 0.005 10% 
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In this test case, the probability distributions of all input 
variables with uncertainties are set as normal or 
Gaussian. Then, 500 energy simulations are run for each 
design option, and the results are recorded. 

Test Case 1 Results 
Figure 6 illustrates the deterministic and probabilistic 
results of annual thermal load (kWh/m2) for the three 
design options of test case 1.  

 
Annual thermal load (kWh/m2) 

Design Option 1 

 
Annual thermal load (kWh/m2) 

Design Option 2 

 
Annual thermal load (kWh/m2)  

Design Option 3 
Figure 6: Probabilistic and deterministic results of 

building annual thermal load for test case 1.  
In Figure 6, the green lines show the mean value of the 
simulation output for each design option, compared to 
the blue lines that show the deterministic results. The 
curved red lines help visually test the fitness of normal 
probability distribution for the results. Note that normal 
distribution curves match the building thermal load 
frequency histograms to some extent in all three options. 
Figure 7 shows the boxplots of the results for test case 
1.  

 
Figure 7: Box plot of building annual thermal load 

versus design type for test case 1. 
The data points, quantiles, mean values, standard 
deviations, and the deterministic result for each design 
option are superimposed on the quantile box plot.  
The grey points in Figure 7 illustrate the data points. The 
boxplots (shown in black lines) depict the quantiles, 
dividing the data range into four continuous intervals 
with equal probabilities (25%). The red lines on each 
boxplot show the standard deviation of the results. The 
green lines show the mean value for each design option, 
compared to the blue lines that show the deterministic 
results. 
The summary of the results for each design option of test 
case 1 is described as follows: 
• Design Option 1 shows a range of expected annual 

thermal load from 57.50 kWh/m2 to 117.85 kWh/m2 
with a mean value of 80.44 kWh/m2, a standard 
deviation 9.63 kWh/m2, and a variance of 92.74 
(kWh/m2)2. The deterministic method predicts the 
building annual thermal load equal to 66.83 
kWh/m2. 

• Design Option 2 shows a range of thermal load from 
56.93 kWh/m2 to 106.56 kWh/m2 with a mean value 
of 79.11 kWh/m2, a standard deviation of 8.43 
kWh/m2, and a variance of 71.06 (kWh/m2)2. The 
deterministic result is equal to 88.59 kWh/m2.  

• Design Option 3 shows a range of thermal load from 
70.44 kWh/m2 to 113.18 kWh/m2, with a mean value 
of 87.44 kWh/m2, a standard deviation of 8.49 
kWh/m2, and a variance of 72.08 (kWh/m2)2. The 
deterministic result shows the value of 99.65 
kWh/m2.  

Test Case 2 Model 
The second test case presents a hypothetical five-story 
office building, 54m by 93m (Total gross area of 25,110 
m2). Figure 8 depicts a schematic representation of this 
test case.  
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Figure 8: The geometric representations of test case 2 
(Revit model on the left and Grasshopper model on the 

right). 
The physical site of test case 2 is assumed to be in 
Chicago, Illinois, climate zone 5A (ASHRAE 90.1, 
2013). It is assumed that all the thermal zones are 
conditioned with a Variable Air Volume (VAV) with 
Reheat system.  
The design options of test case 2 are geometrically 
identical and only have some variations in the value of 
WWR, thermal properties of building materials, and 
HVAC system specifications.  
In this test case, the design variables with uncertainties 
are denoted as 𝑋𝑋𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 =
{𝑥𝑥𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑟𝑟1 , 𝑥𝑥𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑟𝑟2 , 𝑥𝑥𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑟𝑟3 , … , 𝑥𝑥𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑟𝑟𝑘𝑘}, k = 11. The 
eleven input variables with uncertainties include the RSI 
value of exterior walls, the glazing U-value, the RSI 
value of floor construction, the RSI value of roof 
constructions, the three internal heat gain loads 
(equipment (𝑥𝑥𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑟𝑟5), lighting (𝑥𝑥𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑟𝑟6), and people 
loads (𝑥𝑥𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑟𝑟7)), the infiltration rate (𝑥𝑥𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑟𝑟8), the two 
ventilation rate factors (ventilation per person (𝑥𝑥𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑟𝑟9) 
and ventilation per area (𝑥𝑥𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑟𝑟10)), and the infiltration 
schedule that is strongly correlated with the possibility 
of opening or closing windows by occupants (𝑥𝑥𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑟𝑟11) 
for which the mean values are obtained from the 
literature studies. The standard deviation is assumed to 
be 10% for all the uncertain input variables in this test 
case. 
For test case 2, the uncertain variables are represented 
with normal distributions, except for equipment load per 
area, infiltration rate per area, lighting density per area, 
and the number of people per area, which are 
represented with Poisson probability distributions.  
The thermal properties of materials in test case 2 are 
defined with RSI values and U-values, which show the 
building materials' thermal resistance and conductivity 
(Table 4).  
 
 
 
 
 
 
 
 
 
 

Table 4: Material thermal properties for test case 2. 
Variable  Design 

Option 
1 

Design 
Option 

2  

Design 
Option 

3 

Exterior walls RSI value 
[m2K/W] 

3.7  2.76  3.35  

Floor RSI value [m2K/W] 4.59  4.59  4.59  
Roof RSI value [m2K/W] 5.88  4.17  5.88  

 WWR% (N/S/E/W) 70/65/
60/20  

40/40/
40/40  

50/70/
40/45  

Glazing U-Value [W/m2K] 1.7  3.12  1.2  
Glazing SHGC 0.20 0.42 0.20 

Most of the HVAC system specifications for test case 2 
are similar to those of test case 1. Only the lighting 
density per area is assumed to be 10.55 W/m2, and the 
number of people per area is 0.07 ppl/m2.  
Using all the design assumptions mentioned above, 500 
energy simulations are run for each design option in this 
test case. 
Test Case 2 Results 
Figure 9 illustrates deterministic and probabilistic 
results of annual thermal load (kWh/m2) related to three 
design options of test case 2. 

 
Annual thermal load (kWh/m2) 

Design Option 1 

 
Annual thermal load (kWh/m2) 

Design Option 2 

Annual thermal load (kWh/m2) 

Design Option 3 
Figure 9: Probabilistic and deterministic results of 

building annual thermal load for test case 2. 
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Figure 10 shows the boxplots of the results for test case 
2. 

 
Figure 10: Box plot of building annual thermal load 

versus design type for test case 2. 
The summary of the results for each design option of test 
case 2 is described as follows: 
• Design Option 1 shows a range of expected annual 

thermal load from 94.19 kWh/m2 to 207.17 kWh/m2 
with a mean value of 140.16 kWh/m2, a standard 
deviation of 17.19 kWh/m2, and a variance of 295.50 
(kWh/m2)2. The deterministic method predicts the 
building's annual thermal load equal to 154.42 
kWh/m2. 

• Design Option 2 shows a range of thermal load from 
109.85 kWh/m2 to 199.93 kWh/m2 with a mean 
value of 148.88 kWh/m2, a standard deviation of 
16.96 kWh/m2, and a variance of 287.64 (kWh/m2)2. 
The deterministic result is equal to 168.19 kWh/m2.  

• Design Option 3 shows a range of thermal load from 
89.48 kWh/m2 to 196 kWh/m2, with a mean value of 
140.29 kWh/m2, a standard deviation of 20.52 
kWh/m2, and a variance of 421.07 (kWh/m2)2. The 
deterministic result shows the value of 159.71 
kWh/m2. 

The authors have expanded and further discussed test 
case 2 in  Shahsavari et al. (2021). 

Discussion 
In test case 1, based on the deterministic results, it could 
be concluded that Design Option 1 would have the best 
performance, followed by Design Options 2 and 3. 
However, based on the probabilistic method results, 
Design Option 2 shows the best mean value of thermal 
load, followed by Design Option 1 and 3.  
In test case 2, based on the deterministic results, it can 
be concluded that Design Option 1 would have the best 
performance, followed by Design Options 3 and 2. The 
probabilistic results confirm the deterministic results in 
this test case.  
Table 5 summarizes the ranking orders for the two test 
cases.  
 
 

Table 5 The summary of ranking orders for the test 
cases 

 Deterministic 
ranking order 

Probabilistic 
ranking order 

Match 
of 
ranking 

Test 
case 1 

Design Options 
1, 2, 3 

Design Options 
2, 1, 3 

NO 

Test 
case 2 

Design Options 
1, 3, 2 

Design Options 
1, 3, 2 

YES 

The major research finding here is that including the 
uncertainties of inputs in the simulations can lead to 
probability distributions of the outputs and may change 
the performance ranking of design options and the 
optimal solution (refer to the results of test case 1). 
However, the probabilistic method will not necessarily 
lead to changing the performance ranking of design 
options, at all instances, as test case 2 revealed. Test case 
2 shows a counterexample to test case 1. 
Different effects of input design variables with varying 
probability distributions on the simulation outcome may 
be one reason for the discrepancies observed between 
the two test cases. Further research is encouraged to 
investigate the main factors leading to differences 
between deterministic and probabilistic simulations. 
Conclusion 
In this research, BIM tools and Revit API are used to 
create probability distributions of material thermal 
properties for the building energy simulation. The 
present work enables a probabilistic BIM for energy 
simulation and future other building performance 
simulations. Also, BIM and parametric design tools (as 
the two major tools allowing a change of architectural 
design method) are used together for probabilistic 
design decision making. 
In addition to the thermal properties of building 
materials, other types of uncertainties, including 
building internal heat loads and HVAC system 
specifications, are considered to predict the probability 
distribution of building annual thermal load.  
The proposed framework is tested with two energy 
evaluation test cases. In each test case, building annual 
thermal load is measured for three different design 
options using deterministic and probabilistic methods. 
Different probabilistic distributions of input variables 
(normal and Poisson) are combined in test case 2 for a 
more realistic but challenging simulation study. 
Previously, the Poisson distribution in addition to 
normal distribution for the input variables was not 
widely used in this type of analyses. 
The probabilistic results show significant differences 
from the deterministic results in terms of the best 
thermal energy performance in test case 1, while the 
ranking orders delivered by the deterministic and 
probabilistic methods are matching in test case 2.  
It is essential to emphasize the significant finding of this 
research again: compared with the existing deterministic 
method for architectural design, using probabilistic 
methods is possible to result in significantly different 
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design decisions to be made or different design options 
to be selected. Therefore, probabilistic methods should 
be considered in design simulation and decision-
making. Furthermore, the extra information obtained 
from the probabilistic approach, including the mean, 
standard deviation, and variance, could help predict the 
possible range of the outcome for each design option. 
This research concludes that investigating probabilistic 
architectural design methods forms a major future 
research area in computational design. 
For specific future work, more investigation of the 
critical factors leading to differences between 
deterministic and probabilistic methods is 
recommended. More realistic design case studies could 
be performed to confirm the need and significance of the 
probabilistic methods for building performance 
simulation and optimization. Also, further research is 
required to consider other domains of building 
performance other than energy consumption. BIM tools 
can extract additional information such as material 
quantities and other required data for cost estimates, 
daylighting studies, thermal comfort studies, etc.  
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