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Abstract  

Parametric simulations have become popular in the 

building simulation industry. It can generate big data sets 

that provide extensive information about potential design 

options. As energy models become more complex and the 

number of simulations required exponentially grows, 

more computing power and time-savings initiatives are 

required to deliver results in a short amount of time. This 

paper presents a workflow using scripting tools and a 
computer server farm to automate the parametric 

simulations process. The proposed workflow pushes the 

limitations of simulation tools and gives practitioners the 

flexibility to generate custom parametric energy models, 

customize their simulation results, perform complex 

modelling workarounds, and produce data visualization 

based on specific project requirements. The workflow has 

been applied to the design of a large healthcare project in 

a continental Canadian climate. In this project, parametric 

simulations were used to drive design decisions and 

provide valuable insight into what measures will help the 

project achieve all its targets. 

Key Innovations 

• Proposed workflow combines automation and 

parallel computing to greatly reduce energy 

modelling time and errors for parametric design 

analysis. 

• It gives energy modellers the flexibility to 
generate custom parametric energy models, 

customize their simulation results, perform 

complex modelling workarounds, and produce 

data visualizations. 

• On a large-scale design project, workflow was 

able to reduce energy modelling time to 7% of 

what it would take if done entirely manually. 

Practical Implications 

Proposed workflow is an improvement to common energy 

modelling practice. Typically, one energy model is 

created based on the proposed design and only a few 

design measures are investigated due to the level of effort 

it takes to change, run, and analyse each additional model. 

With the help of automation and parallel computing, 

energy modellers are able to provide a more 

comprehensible picture of all the possible solutions and 

recommend solutions that are truly the most optimal 

based on a variety of different performance and financial 
metrics. The automation aspect is particularly time saving 

for large-scale projects with complex HVAC systems and 

numerous design measures to be considered.  

Introduction 

The use of parametric simulations has been growing in the 

building simulation industry. It can generate big data sets 

that provide extensive information about potential design 

options. Simulation data for each design option can be 

analysed using a multi-dimensional visualization graph 

(e.g. Parallel Coordinates) to evaluate pathways to 
achieve project targets. As energy models become more 

complex and the number of simulations required 

exponentially grows, more computing power and time-

savings initiatives are required to deliver results in a short 

amount of time. There is a need to automate the process 

via the use of scripting tools and reduce computing time 

by using a server farm to execute numerous simulations 

in parallel.  

Current parametric tools for building energy simulation, 

such as jEPlus (Zhang, 2021), can automatically generate 

a group of unique energy model files by varying the 

desired input parameters, run the simulations, extract the 

relevant information from the individual simulation 

results, and assemble them into a single global results file. 

However, one has to manually add variables into the base 

model file, which can be time consuming if there are 

many variables. There are also no opportunties to add 
customized advanced calculations for determining the 

model inputs or post-simulation data-processing before 

results are collected in the global result file. Futhermore, 

the tool does not offer data visualization abilties. 

High level scripting tools enables the energy modeller 

more flexibility, customization, and control to the 
parametric simulations process. For example, 

OpenStudio, an energy modelling software, has a 

software development kit that provides scripting tools 

called Measures, which can be used to apply energy 

conservation measures (ECM) to EnergyPlus models as 

well as create reports, visualizations, and custom 

workflows (Roth et al., 2016). Roth et al. (2018) presents 

four scripting frameworks that are being used to automate 

different modeling tasks and workflows with EnergyPlus: 

Eppy, Modelkit, OpenStudio Measures, and CBECC. 

Scripts written in the programming languages Python and 
Ruby are used to perform model development, ECM 

evaluations, large scale analysis, parametric analysis, and 

model translations. In Chiesa et al. (2019), Python is used 

to automate an EnergyPlus-based study on the impact of 
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a building’s window-to-wall ratio on heating and cooling 

loads. Python is used to control the whole process; 

modifing input data, collecting simulation results, and 

analyzing output data including graph elaborations. 

Glazer et al. (2016) performs a large EnergyPlus-based 

study to assess the maximum technically achievable 

energy targets for commercial buildings. The study 

involves 16 different building models, 17 climates, and 30 

energy efficiency measures. Python scripts are used to 

modify each building model to implement ECMs, manage 
the selection of measure options, manage simulations, 

analyse error messages, automatically extract results, and 

produce summary tables. Finally, Millet et al. (2013) uses 

Python to automate various workflows that are typical to 

the building performance modeling and simulation 

process. The paper shows four short examples of how 

scripting is used for simulation input file templating, data, 

exchange and interoperability, performance curve 

regression, and time-series output data post-processing. 

Scripting tools help automate tedious tasks to increase 

modeler productivity and reduce error; however, it has not 

been widely used to perform model generation and 

advanced data analysis for large-scale design projects due 

the complexity of the base models and ECMs. In our 

work, we are continually improving the Parametric 

Design Analysis process that we have previously 

developed in Chan et al. (2018), Chan et al. (2019) Chan 
et al. (2020), and Junru et al (2020). This paper presents a 

workflow using scripting tools and computer server farm 

to automate and  accelerate the Parametric Design 

Analysis (PDA) process. This workflow has been applied 

to the design of a large healthcare project in a continental 

Canadian climate. A diverse and ambitious array of 

envelope, electrical, and HVAC energy efficiency 

measures was investigated via PDA, which resulted in 

40,000 unique simulations.  

Methods 

The proposed workflow (Figure 1) uses scripting tools 

and computer server farm to automate the Parametric 

Design Analysis process. It pushes the limitations of 

simulation tools and gives practitioners the flexibility to 

generate parametric energy models, customize their 

simulation results, perform complex modelling 

workarounds, and produce data visualization based on 

specific project requirements. Scripting tools can 
significantly reduce the time needed for parametric 

energy model preparation and post-simulation 

calculation, while reducing the risk of errors. Once the 

scripting tools are set up, subsequent projects can be 

executed more efficiently as most of the process is 

automated. The following sections describes each step of 

the workflow in detail.  

 

 

Figure 1.Workflow Summary 

Prototype Energy Model 

A prototype energy model is created based on the 

preliminary architectural, mechanical, and electrical 

inputs of the proposed design. In this stage, the architect 

would have developed the basic geometry and space 

functions. The mechanical engineer would have initial 
estimates on the space conditions, ventilation 

requirements, and HVAC concepts. Lighting is assumed 

to be code compliant.  

With the first pass of the prototype energy model, the 

energy use, heating load, and cooling load breakdown of 
the proposed design are analysed to determine the key 

energy consumers. This analysis gives us a good 

understanding of where we can potentially improve the 

building design with the aim of meeting the project’s 

performance targets.  

Design Measure Selection 

The number of design measures imaginable are countless; 

however, many of them do not pass an initial viability test. 

To establish a list of plausible measures, we have 

implemented a selection strategy based on several 

objectives: 

• Provide best value based on professional judgement 

and experience 

• Utilize proven technology 

• Select measures based on ease of maintenance 

• Minimize capital investment where appropriate 

• Select measures that save energy in the largest energy 

consumers 

Typical measures include architectural features, envelope 

performance, HVAC systems, service hot water systems, 

appliances, operational changes, etc. The selection of 

these design measures is also based on the requirements 

of the facility to influence and support design.  

Automated Generation of Energy Models for Each 

Design Scenario 

Potential design scenarios are created via every 

combination of the different design measures that are 

conceivable for the project. Scripting tools are used to 

Generate 

parametric 

energy models

Run models on 

server farm

Result 

collection and 

post-processing

• Create prototype model

• Determine design measures

• Automate model generation 

for each design case

• Utilize compute 

management toolkit to 

distribute models

• Models are run in parallel 

on server farm 

• Use Python to collect and 

organize results from 

simulation runs

• Use Python to run post-

simulation calculations
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generate a large-scale set of whole building energy 

simulations representing each design scenario.  

The first part of the automation process is to create a pool 

of design scenarios and a unique simulation identifier for 
each design scenario. Such a data structure facilitates 

iteration through each simulation identifier in the pool 

with the corresponding design inputs.  

The next step involves finding the locations of design data 

to be changed in the prototype energy model. For 

example, if we want to change the roof R-value to be R-
20, we need to figure out where in the model specifies the 

input for roof R-value. Using JEPlus, this step would have 

to be manually done by the user, by putting search tags in 

the prototype model IDF file (i.e. EnergyPlus Input File). 

Alternatively, using the Python library, Eppy (Python 

Software Foundation, 2021), the locations of design data 

can be programmed. The benefit of programming the 

location rather than manually specifying search tags is 

that programming code can be reused. In the case that 

revision needs to be made to the prototype energy model, 

all the manual work done to the previous prototype IDF 
file would not be transferred to the new prototype IDF 

file. This means that the user would have to configure all 

the search tags again. With the programmed code, such a 

problem does not exist. The user just needs to rerun the 

code by one single click. Once the locations are figured 

out, the script replaces the design data in the prototype 

model with new design inputs and generates a unique 

energy model file (i.e. IDF file) for each design scenario.   

Some parameters are straight forward to change, such as 

the window U-value or boiler efficiency. Conversely, 

parameters such as lighting power density (LPD) or 

window-to-wall ratio may require additional calculations 

to determine the design value. For example, if a 20% 

decrease in LPD is required, a simple mathematical 

function can be performed to determine the resulting LPD 

for each space type. For these applications, a 

multiplication factor is used to adjust the original values 

in the prototype model. Since this can be incorporated into 
the script, these calculations can be automated for each 

design scenario.  

In addition to the design input data, it is also important to 

specify the output variables in the energy model files for 

post-process calculations. In general, hourly output data 
should be kept to a minimum as it will potentially produce 

an unmanageable amount of data and data storage 

problems. However, in certain cases, certain hourly data 

should be configured if they are needed for post-

processing.  

Simulations Run in Parallel 

The simulation set is then uploaded and submitted to a 

server farm to be distributed and executed in parallel on 

numerous servers. The server farm is typically used for 

3D model rendering activities, where large amounts of 

computing power is required. It typically consists of high-

performance computation system and compute 
management toolkit. The management toolkit coordinates 

and manages simulation/rendering jobs to be distributed 

to various computers and executed by the specified 

program application.  EnergyPlus is available as an 

application plugin of a compute management toolkit 

called Deadline. With the built-in plugin and the 

installation of EnergyPlus software on all of the server 

farm computers, we were able to submit EnergyPlus jobs 

to Deadline. Deadline then distributes the jobs to the 

specified computer pool and returns all results in the 

specified folder directory.  

Automated Post-Processing of Results  

Scripting tools are also used perform post-simulation data 
processing for complex modelling workarounds and 

calculating performance metrics. Various post-processing 

techniques and examples were illustrated in the paper 

developed by Junru et al (2020). For early design stage 

design exploration, it is feasible to completely skip the 

HVAC plant configuration in the model and post-process 

the energy system results from the hourly demand data 

using Python code. This approach greatly reduces the 

overall simulation time because each HVAC plant system 

option does not need to be simulated. The simulation files 

will calculate the building’s heating and cooling load of 
each design scenario, and the code will perform a 

calculation with the hourly load data to represent different 

plant options (e.g. boiler, heat pumps, chillers, etc.).  

To simplify the calculation process, only key design 

parameters are taken into account. For example, 

boiler/chiller calculations can be as simple as division of 
demand data by their efficiencies. For air source heat 

pumps, an outdoor air temperature driven COP efficiency 

curve can be configured in the script using the NumPy 

library (NumPy, 2021). On an hourly basis, a COP is 

calculated based on the hourly outdoor air temperature 

from the model output. With that, the hourly energy is 

calculated based on demand data divided by the COP (at 

a particular outside air temperature), then summed up for 

the whole year.  

Energy system post simulation calculation can also be as 

detailed as needed. We have successfully configured a 

heat recovery chiller module with three modes of 

operation (heating only, cooling only and heat recovery 

mode). On an hourly basis, depending on the hourly 

heating and cooling demand data, the module will 

automatically choose the operation mode and calculate 

the corresponding energy consumption under that 

operation mode.   

Overall, the hourly demand data from each simulation run 

can be post-processed to fit the project’s custom needs. 

The results from all simulation runs are then summarized 

into a central data table. The data from this table can be 

then visualized using Python code or manually with 
multi-dimensional graph (e.g. Parallel Coordinates) or 

statistically analysed using data analysis software (e.g. 

Excel, JMP).   

Results 

The Parametric Design Analysis workflow has been 

applied to the design of a large healthcare project in a 

continental Canadian climate. The primary building 
performance target for this project is an Energy Use 
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Intensity (EUI) of 400 kWh/m2. There are also secondary 

targets such as Thermal Energy Demand Intensity 

(TEDI), Greenhouse Gas Intensity (GHGI), LEED v4 

BD+C Healthcare certification, and passive survivability 

rating. The building is in ASHRAE climate zone 5A and 

has a conditioned floor area of approximately 130,000 m2.  

Proposed Design Energy Model 

Figure 2 shows the 3D rendering of the energy model in 

DesignBuilder (DesignBuilder Software Ltd., 2021). 

Table 1 shows the model inputs for the Proposed Design. 

 
Figure 2: Energy Model Rendering 

Table 1: Proposed Design - Model Inputs 

Design Parameter Value 

Roof R-value R-35 

External Wall R-value R-20.5 

Window-to-Wall Ratio (%) 35% 

Windows U-value & SHGC U-0.33, SHGC 0.35 

Equipment and Occupancy NECB 2015 

Lighting Code minimum (ASHRAE 

90.1-2013) 

HVAC Plant Gas boiler (95% efficient) 

Magnetic bearing chiller 

(COP 6.5) 

HVAC System AHU with heating/cooling  

CAV with reheat 

Electric humidifier 

Heat Recovery None 

Ventilation Requirements CSA 

 

Figure 3 show the energy use breakdown for the Proposed 

Design. The projected EUI is 474 kWh/m2, which exceeds 

the project’s 400 kWh/m2 target.  

 
Figure 3: Proposed Design - Energy Use Breakdown 

Design Measure Selection 

Table 2 shows the diverse and ambitious array of 

envelope, electrical, and HVAC design measures was 

selected for this project:  

Table 2: Design Measures 

Design Measure 

Category 

Options 

External Wall R-value: code, intermediate, 

Passive House 

Roof R-value: code, intermediate, 

Passive House 

Glazing U-value: code, intermediate, 

Passive House 

Window-to-wall Ratio 

(WWR) 

20%, 35%, 50% 

Interior Lighting Lighting power density (LPD): 

code, 20% better, 30% better 

Domestic Hot Water 

(DHW) Plant 

Boiler, heat pump (HP), solar 

Ventilation Systems Mixed, dedicated outdoor air 

(DOAS) with and without 

recirculation at zone level 

Heat Recovery None, energy recovery ventilator 

(ERV) 

Zone Level HVAC CAV with reheat, radiant panels 

(RP) in patient rooms only), 

decoupled conditioning (e.g. 

fan-coil units) 

Heating Plant Boiler, ground source heat 

pumps (GSHP), combined heat 

& power (CHP) 

Cooling Plant Water-cooled, magnetic bearing 

(MB), heat recovery chiller 

(HRC) 

 

Model Generation, Simulations, and Post-Processing 

The model input parameters to be varied were identified 

for each design measure. Some complex measures such 

zone level HVAC systems and heating/cooling plants 

were represented by creating a separate base energy 
model in DesignBuilder. A model generation script was 

developed to iterate through the design scenarios with 

each base model and create approximately 40,000 unique 

energy models. These models were then uploaded to the 

server farm to execute in parallel over several days. A 

post-processing script was developed to extract data from 

each model results folder, calculate performance metrics 

(i.e. EUI, TEDI, GHGI, energy cost, and LEED v4 

Optimize Energy points), and create a spreadsheet 

combining the results of all design scenarios.  

Eight (8) unique base energy models were generated in 

DesignBuilder for each HVAC option. They were each 

modelled with a generic heating and cooling plants with 

100% efficiency. Equipment efficiencies for boilers or 

heat pumps are assigned in the post-processing script. 

This allowed us to analyse more design scenarios and 

reduce modelling time because each heating and cooling 

plant options are not individually modelled.  

Heating
39%

Cooling
6%Lighting

10%

Receptacle
14%

Fans
17%

Humidification
8%

DHW
5%

Elevator
1%
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The project also had more complex and unique 

calculations. A combined heat and power (CHP) option 

was also evaluated using a post-processing script. The 

CHP was sized for all design scenarios such that the 

hourly electricity production would correspond to the 

electricity produced under the minimum heating load of 

the building.   

After a base energy model and its corresponding IDF file 

were created in Design Builder, an IDF generator script 

was developed and used to create IDF files representing 

each design scenario. Approximately 500 IDF files, 

representing every combination of non-HVAC design 

measures, was created in 15-20 minutes using this script. 

This process was repeated 8 times in this project to 

evaluate four different HVAC systems, as well as 

heating/cooling plants with and without heat recovery 
chillers. These IDF files were then imported to the server 

farm, which is capable of processing 500 IDF files in 

approximately 2.8 hours or generate one simulation 

output every 20 seconds. Multiple jobs can be submitted 

simultaneously depending on the server’s availability. In 

other words, if there is availability, all 8 sets of simulation 

could have been run in 2.8 hours. For this project, the 

simulation sets were run at different times. 

Approximately 4,000 simulations were run for this 

project.  

Once the output files were available, they were analysed 

using the post-processing script, where heating/cooling 

and service hot water plants’ efficiencies are assigned, 

and performance metrics are calculated. The time for this 

process could vary depending on the information 

extracted from each simulation file. For this project, 

evaluating 500 simulations took around 1 hour. The final 
step is to aggregate all results into an Excel spreadsheet. 

In total, after post-processing, there was simulation results 

for around 24,000 design scenarios.  

The entire processing time to evaluate 24,000 design 

scenarios was around 40 hours, accounting for hours to 

customize and run the scripts, as well as upload/download 
files to/from the server farm. To set up and run 24,000 

simulations manually, it could take up to 6,000 hours of 

work, assuming modifying and running each energy 

model separately takes up to 15 minutes.  Therefore, our 

process can reduce energy modelling time to 7% of what 

it would take to generate the same amount of information 

if done entirely manually.   

There is an initial time investment to develop the model 

generation and post-processing scripts, which is not 

included in the aforementioned time estimations. 

However, these scripts are written so that they can be used 

on subsequent projects with minimal setup time.  

Results Visualization & Discussion  

Data from the spreadsheet was then graphed in Excel to 

visualize the impact of each measure. Figure 4 to Figure 

6 show the EUI savings from each design measure. These 

box and whiskers graphs are used to evaluate the 
sensitivity of the energy model results to a specific design 

measure.  

As shown in the graphs, the HVAC measures have the 

highest impact on building performance, while envelope, 

domestic hot water and lighting measures have negligible 

impact. Due to the high ventilation requirements of a 

healthcare building, ventilation losses are more dominant 

than envelope losses; therefore, improving the envelope 

does not affect the building performance significantly. 

This can be seen in Figure 6, where the average (as shown 

as X), median, and distribution does not change 

significantly when any of measures are applied. 

 

Figure 4: Impact of Envelope Design Measures 

Lighting related measures reduce the amount of electricity 

needed but also decrease heat gain from lighting and thus, 

more heating energy is required to condition the space.  

Domestic hot water related measures provide some EUI 

savings, but it is not significant.  

 
Figure 5: Impact of Domestic Hot Water & Lighting Design 

Measures 

HVAC design measures (Figure 6) significantly impact 

building performance due to high outdoor air and 

recirculation requirements from CSA. As expected, 
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having air-side heat recovery from an ERV provides high 

energy savings. A DOAS with no recirculation, meaning 

that the outdoor air rates are increased to meet the CSA 

recirculation requirements, has a lot of variability in its 

results. Increasing outdoor air rates has a significant 

impact on the building’s energy performance because 

more energy is used to heat the outside air coming into the 

building. Highest EUIs are observed for simulations 

where this measure is paired with no airside ERV and low 

efficiency space and water heating plants such as boilers. 
These combinations explain the outliers observed in the 

graphs. Finally, the heat pumps type options (i.e. GSHP 

and heat recovery chiller) result in low EUIs due to their 

high COP and heat recovery capabilities.  

 

Figure 6: Impact of HVAC Design Measures 

Data from the spreadsheet was also used to create a 
Parallel Coordinates tool. Advanced analysis can be 

performed with the tool since it is interactive. One or 

multiple simulations (as represented as a line through the 

graph) can be selected and multiple performance metrics 

can be viewed for your selection. This is a useful tool to 

use when working through “what-if” design scenarios, as 

it can quickly show you the implications of your design 

choices. It can also show you if there are any trends or 

design limitations when selecting a particular 

combination of measures. Figure 7 shows the results from 

all 40,000 unique design scenarios.  

 
Figure 7: Parallel Coordinates Graph - All Results 

Figure 8 shows only the design scenarios with an EUI of 

under 400 kWh/m2. Approximately 50% of the scenarios 

meet this criterion.  

 
Figure 8: Design Scenarios with EUI below 400 kWh/m2 

Using the Parallel Coordinates tool for analysis, the 

following observations were made: 

• Achiving an EUI of 400 kWh/m2 is feasible for this 

project. 

• Envelope measures have minor impact on energy 

performance for all design scenarios. 

• ERV has a significant impact for all design scenarios. 

• A DOAS with a decoupled space conditioning system 

has the best performance  

• For a DOAS with no recirculation, a heat pump type 

system (GSHP or HRC) with an ERV are required to 

meet the EUI target. For other systems, there are only 

design measure combination restrictions.  

• For a DOAS with a decoupled space conditioning 

system,  the type of heating/cooling plant does not 

have significant impact on EUI. For other systems, the 

heating/cooling plant has significant impact on EUI. 

The results of the study show that all design measures can 

be incorporated in different design scenarios which allows 

the design team more flexibility on how to achieve the 

project’s energy performance targets. The design team 

can further narrow down potential design scenarios by 
picking and choosing measures that are more likely to be 

implemented. Once those measures are chosen, the graph 

will show the other necessary measures to be 

implemented to achieve an EUI of 400 kWh/m2 or lower. 

This interactive tool enables the user to investigate all the 

different “what if” scenarios.  

Further viability tests for each measure need to be done as 

part of the wider design process. One of these steps, is 

performing a life-cycle cost analysis to evaluate the 

financial performance of each measure. 

Next Steps 

The next step for this project is the perform a life-cycle 

costing analysis (LCCA) of the design scenarios.  

For the preliminary analysis presented in this paper, a 

simplified utility rate structure was used to determine 

energy cost. For the next phase, we have written a 

Complex Utility Rate Structure script to determine the 

energy cost based on a rate structure that has time of day 

energy and demand charges. This will provide a more 

accurate projection of the energy costs. 

For LCCA, we have developed the LCCA script to 

perform the net-present value (NPV) for each design 

scenario for a particular analysis period. This will 
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incorporate the model results data we have from the 

simulations with the cost data (e.g. capital, maintenance, 

etc.) from the cost consultant. The LCCA data will be 

incorporated into the Parallel Coordinates tool for 

analysis. The addition of LCCA data will enable to the 

client and design team to choose the design scenarios that 

result in the best financial outcome for the project and 

inform the wider design process.  

Conclusion 

In the integrated design environment, following a 

workplan with tight deadlines, an automated Parametric 

Design Analysis workflow was used to model an 

ambitious set of diverse and complex design measures for 

a large healthcare project in continental Canada. With this 

workflow, we were able to generate results for 40,000 

design scenarios in a fraction of the time required if the 

analysis was performed by traditional energy modelling 
practices. The data was used to drive design decisions and 

provide valuable insight into what measures will help the 

project achieve all its targets. 

This is an improvement to common energy modelling 

practice during the last decade. Typically, one energy 
model is created based on the proposed design and only a 

few design measures are investigated due to the level of 

effort it takes to change, run, and analyse each additional 

model. There was never an in-depth investigation of every 

option. With the help of automation and parallel 

computing, energy modellers are able to provide a more 

comprehensible picture of all the possible solutions and 

recommend solutions that are truly the most optimal 

based on a variety of different performance and financial 

metrics. The automation aspect is particularly time saving 

for large-scale projects with complex HVAC systems and 

numerous design measures to be considered.  
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