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Abstract

Parametric analysis performs building performance analysis by simulating multiple design
alternatives compared to the single design alternative analysis of conventional methods. It is an emergent,
data-driven approach to architectural design. It has the benefits of enabling the optimization of design
spaces, reducing uncertainty in design decision making, and establishing the most sensitive input parameters
of the design space. However, it also faces data analytical challenges in practical application. These challenges
include the size of design spaces, the speed and accuracy of simulation, and the presence of complex design
space conditions. This study investigates machine learning algorithms as a design space reduction strategy
for overcoming these data analytical challenges and thereby facilitating the implementation of parametric
analysis in architectural practice. It focuses primarily on residential projects designed by Perkins&Will
Architects in British Columbia. The study asks if machine learning algorithms can be effective at design space
reduction for multi-discipline parametric analysis. In addition, it asks which of the algorithms we study -
artificial neural networks, support vector machines and random forests - is the most effective? Are machine
learning algorithms robust under complex design space conditions? Further, what is the influence on
algorithm performance of the impact factors sample size, sensitivity analysis, feature selection and
hyperparameter tuning? The methodology for addressing these questions involves the use of real world case
study projects, dynamic simulation of the case study design spaces, and machine learning experiments on
the simulated design spaces. A methodological framework referred to as Design Space Construction is used
for defining the design spaces, integrating the multi-disciplinary simulation infrastructure and evaluating the
analysis outcomes. Machine Learning experiments are performed to assess the effectiveness of the
algorithms and the influence of performance impact factors (sample size, sensitivity analysis, feature
selection and hyperparameter tuning). The study finds that machine learning algorithms can indeed be
effective for multi-discipline parametric analysis. In particular, artificial neural networks are the most
effective algorithm. Likewise, hyperparameter tuning is the most influential impact factor affecting algorithm
performance. Lastly, machine learning algorithms can be robust under complex design space conditions.
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Chapter 1  Introduction

This chapter defines parametric analysis and machine learning, and the data analytical challenges
of implementing parametric analysis in architectural practice are introduced. Machine learning algorithms
are proposed as a solution to these challenges. We also discuss the research background, contextualizing the
study in previous research into design space exploration. We then present an outline of the study as a
roadmap for discourse.

Overview Parametric Analysis Practical Challenges

Y Y

Y Y
Research Machine Learnin
Background ’ 9
\ 4
Y Y
Design Space Design Space Design Space
Exploration Construction Reduction
~ -~

Figure 1:1 Diagram Summary of Chapter One.

1.1  Overview

Parametric analysis is emerging as an important data-driven approach to architectural design in the
early stages. Similarly, machine learning is an emergent, data-driven and important discipline of data science.
In general terms this study investigates the relationship between these two growing methods in the context
of architectural practice. In particular, we investigate how machine learning methods can help to solve data
analytical challenges that have been identified when performing parametric analysis in architectural practice.

In the context of this study parametric analysis is a broad and generic term to describe a computational
approach to problem solving where a range of input parameters are related and varied, and the impact of
such variations on a design problem is assessed. Evins (2013) presented a review of significant research
applying parametric analysis to sustainable building design problems. Machairas et al. (2014) reviewed
methods and tools for parametric building design optimization. Nguyen et al. (2014) reviewed simulation-
based parametric analysis methods focusing on simulation programs, optimization tools, efficiency of
optimization methods and industry trends.

With respect to machine learning, Norvig & Russell (1995) took the view of artificial intelligence as intelligent
agents interacting with their environment through sensors that receive stimuli and effectors that perform
actions. In this model, machine learning is the primary activity of a learning element which is responsible for
making improvements to the actions of the agent. Mitchell (1997) characterized machine learning as the
improvement by a machine at performing a task through experience. A machine is said to learn from
experience with respect to some class of tasks and performance measures if its measured performance at
the tasks improves with experience. Alpaydin (2004) described machine learning as programming computers
to optimize a performance criterion using example data and past experience. This is done by optimizing the
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parameters of a model that defines the problem. The model may be predictive, to make predictions of future
observations, or it may be descriptive to gain deeper insight from the data and experience.

Current architectural practice recognizes the need to design high performance buildings and the need for
building performance analysis in order to achieve this goal. However, conventional approaches to building
performance analysis are based on single-run simulations coupled with the judgement and inference of a
building performance expert. Parametric analysis, on the other hand, offers a more analytical approach. By
running a large number of simulations data is gathered that can be used for more rigorous design exploration
than single-run methods. This design exploration typically includes optimization, uncertainty analysis and
sensitivity analysis.

In attempting to implement parametric analysis in architectural practice several data analytical challenges
are encountered. These can be characterized as having to do with the size of design spaces, the speed of
dynamic simulation, the accuracy of design space reduction models as well as the existence of complex design
space conditions. Given the relentless pace of current architectural design processes it is desirable for all
design related and design supporting activities to be executed as rapidly as possible. The data analytical
challenges of parametric analysis, in general, undermine this requirement. Large design spaces take a long
time to simulate. If simulation time is improved by reducing the size of the design space questions regarding
accuracy arise. Complex design space conditions tend to increase the size and interdependencies of design
spaces by increasing the number or range of analysis parameters involved.

In order to meet the project schedule demands of contemporary practice architects must either increase the
speed at which they perform parametric analysis, or they must reduce the size of the design spaces they
analyze. Both approaches have been attempted. Increasing the speed of analysis typically involves
investment in high performance computational resources. These include high specification hardware as well
as computational cloud frameworks like Microsoft Azure™ (Microsoft, 2019) and Amazon Web Services™
(Amazon, 2019). On the other hand, reducing the size of design spaces while maintaining acceptable levels
of accuracy typically involves the use of data analytical methods. These include regression methods, design
of experiments methods and machine learning methods. In this study we focus on machine learning methods
of design space reduction.

As will be seen in Chapter Three, although machine learning methods have been used for parametric building
performance analysis, their effectiveness for solving the challenges of parametric analysis on real world
projects has not been fully explored. In addition, research into multi-discipline parametric analysis (such as
analyzing both energy and daylighting simultaneously) in architectural practice still has room for further
exploration. This study seeks to contribute to both these topics. We will ask the questions how effective are
machine learning algorithms at resolving the data analytical challenges of multi-discipline parametric
analysis? In particular, how effective are machine learning algorithms at resolving the questions of design
space size, speed, accuracy, and design space complexity.

These questions will be investigated in the context of three reference projects undertaken at Perkins&Will
Architects (Perkins&Will, 2019). The reference projects are a Residential Tower (RT) project, a Mid-Rise
Towers (MRT) project and a university Students’ Residence (SR) project. In order to effectively perform
parametric analysis in practice we introduce a methodological framework called Design Space Construction
(DSC). DSC facilitates multi-discipline parametric analysis by integrating a structured decision-making process
involving the definition of objectives, generation of alternatives, analysis of alternatives and assessment of
their comparative value. However, notwithstanding the DSC methodology, implementation of parametric
analysis encounters data analytical challenges. We will perform a series of experiments to investigate how
effectively machine learning algorithms respond to these challenges.

The key objectives of the multi-discipline analysis are energy and daylight together with a value function
objective that combines the two. The key metric of our experiments will be the accuracy of the algorithms
measured by the Relative Absolute Error or RAE (Cichosz, 2014). In addition, we will measure the effect of
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four impact factors on the performance of the algorithms. These factors are sample size, sensitivity analysis,
feature selection and hyperparameter tuning. The experiments will be performed using regression-based
implementations of three common machine learning algorithms: SMOReg (Shevade et al., 1999) an
implementation of support vector machines (SVM), MLP (Ware, 2019) an implementation of artificial neural
networks (ANN), and RF (Breiman, 2001) an implementation of decision tree algorithms (DT).

1.2 Research Background

Design Space Design Space Design Space
Exploration Construction Reduction Machine Leaming
- Conceptual Practical Proposed
Definitions Challenges Challenges Solution

Figure 1:2 Diagram of Research Background.

The design space reduction discussed in this study stems from a line of research that identifies
parametric analysis with the idea of design space exploration. Design space exploration has been introduced
into computational design theory as a method to leverage computational search paradigms in order to
enhance the architectural design process. However, the design theory is subject to conceptual challenges for
which methodological solution frameworks have been developed. In attempting to implement these kinds of
frameworks practical challenges arise. As mentioned in Section 1.1 key among these challenges is the
problem of large design spaces that are not computable using readily available resources. There is need for
systematic design space reduction. Therefore, this study investigates the use of machine learning algorithms
as a design space reduction strategy.

Woodbury & Burrow (2006) define design space exploration as the idea that computers can depict design as
the process of exploring design alternatives. The idea is based on three premises: first, it is a compelling
model for designer behavior; second, it is an effective basis for computational support of the design process,
and third, it is a feasible approach meaning there are tools and algorithms for its implementation. Woodbury
& Burrow discuss design space exploration with reference to these three criteria.

Akin (2006) responded to Woodbury & Burrow and found that like much contemporary design research they
did not sufficiently acknowledge non-graphical aspects of design space exploration. While he felt they did
well in discriminating the noise from the substance of subject matter that was extensive in scope, he felt they
did not take a sufficiently cognitive view of the subject matter. For example, they considered the re-use of
design features as being like using copy-paste in a text editor. Akin argued that this is not necessarily the
case; a more cognitively aware approach would recognize that a re-used design feature has a different impact
arising from a potentially different design context the second time around. He recommended a stronger
conceptual framework for the analysis of the broad range of concepts that the authors had attempted.

Krishnamurti (2006) also provided a commentary on the Woodbury & Burrow effort. He appeared to
challenge the proposition that explicit representation of a design space along with explicit representation of
search strategy is essential for successful design space exploration. For example, he suggested that design is
subject to the sunk cost fallacy. Sunk cost is the time, effort or choices invested in by the designer which are
non-refundable. In theory, sunk costs should not affect the outcome of a search strategy but, in reality, they
do. A deep search in an explicit design space can become quite shallow if sunk costs are considered. Hence
the behavior of human designers who iterate through a comparatively small number of alternatives can still
be effective when seen through the lens of sunk costs. What we learn from what we discard can be as
valuable as what we retain.

These definitions and conceptual refinements helped to guide research into design space exploration. As
computation in general has advanced it has become more feasible to attempt actual implementations of
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design space exploration in architectural practice. Such attempts, however, have given rise to theoretical and
practical challenges that need to be addressed. The theoretical challenges arise from the realization that
architectural design is a multi-disciplinary, multi-stakeholder decision making process. How can we
effectively plan, control and communicate multi-disciplinary design processes? And how can we ensure that
the quality of design spaces used for design exploration is as high as possible? Researchers have developed
tools, methods and frameworks to try and answer these questions.

Haymaker (2006) recognized that building design must achieve increasingly complex goals and must
therefore involve multi-disciplinary design and analysis. This requires designers to understand the
interdependencies and trade-offs between disciplines. He conceptualized a narrative as a collection of
information representations with explicit dependencies among them. He proposed a framework called
Narratives for constructing and managing representations and dependencies between these representations
during multi-disciplinary design and analysis processes.

If design space exploration is intended as a decision-making support strategy, then how can we evaluate the
quality of design space exploration and the impact on decision making? Clevenger & Haymaker (2012)
observed that performance-based design embodies complex multi-criteria problems that exceed the
capabilities of unaided human cognition. This makes it difficult to elicit meaningful design guidance. To
mitigate this, designers need the ability to evaluate design strategies. Clevenger & Haymaker proposed a
framework for measuring the quality of distinct design strategies. The proposed framework developed design
exploration as an iterative cycle of objective identification, alternative generation, impact analysis and value
maximization. It synthesized a set of metrics to consistently measure the quality of design exploration as an
important component of the design process.

Chachere & Haymaker (2011) proposed a framework for measuring the rationale clarity of design decisions
and in this way provided means for evaluating the quality of design decisions. They defined design rationale
as the reasons that collectively support a design decision. The components of rationale consist of several
individual claims or assertions such as “The building can use a steel moment frame for its structure.” They
argue that the clarity of a rationale depends on the clarity of its weakest assertion. They measure the clarity
of a rationale using clarity conditions namely: coherence, connectedness, concreteness, consistency,
certainty, correctness and credibility.

It appears therefore that the theoretical questions arising from design space exploration can be addressed
by the introduction of methodological frameworks. In practice Perkins&Will Architects developed and
implemented the DSC framework as a systematic process for performing building performance analysis using
parametric methods (Haymaker, et al., 2018). However, when attempting design space exploration using the
framework practical challenges arise. Real world projects are complex to define and analyze. They require
several parameters spanning broad ranges of values to adequately represent the design problem. This in turn
gives rise to large and often intractable design spaces. The most advanced building performance analysis
platforms, such as EnergyPlus™ (US Department of Energy, 2019) for energy analysis and Radiance™ (Ward,
2019) for daylight analysis, use dynamic simulation methods that are computationally intensive and
comparatively slow. Moreover, data analysis methods such as data visualization and sensitivity analysis are
performed on simulated data for effective reporting. However, if we attempt to reduce the size of design
spaces in order to improve the simulation time, we risk losing accuracy in our data analytical methods. Lastly,
real world projects often exhibit design space complexity for example arising from geometric variations in
the design. Parametric Analysis should remain robust in the face of this design space complexity.

In sum, the research background is based on a tradition of research into design space exploration. Early
pioneers defined the concepts and sought to situate the research within the broader epistemology of design
theory. This early work gave rise to a second wave of research that asked critical theoretical questions of
design space exploration in relation to the broader domain of design theory. This in turn gave rise to solution
frameworks in answer to many of the emerging research questions. The implementation of these frameworks
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on real world projects has exposed practical challenges some of which are associated with the high cardinality
of real-world design spaces. We ask can machine learning algorithms perform effectively in helping to resolve
these practical challenges?

1.3 Outline

Following this introduction, in Chapter Two we will formulate the problem statement of the study.
We begin by demonstrating the limitations of conventional methods of building performance analysis. We
then discuss the importance of parametric analysis in overcoming these limitations. We identify several data
analytical challenges associated with implementing parametric analysis in architectural practice. The problem
statement seeks to investigate how effectively machine learning algorithms can perform as a design space
reduction strategy to help resolve these challenges.

In Chapter Three we review literature relating to machine learning for design space reduction. We begin by
discussing the cause of high cardinality design spaces and the need for design space reduction. We then make
the case for machine learning as a design space reduction strategy. We review literature related to
parametric analysis in architecture and argue it has not thoroughly investigated machine learning for multi-
discipline building performance analysis.

In Chapter Four we discuss the theoretical background to the machine learning algorithms included in this
study. We introduce two types of machine learning algorithms — supervised learning and unsupervised
learning and identify parametric analysis as a supervised learning problem. We then discuss the three
machine learning algorithms to be used in the study (ANNs, SVMs & DTs). We describe the theoretical basis
of the algorithms and identify the key hyperparameters that influence their performance. We also identify
specific implementations of these algorithms that we will run — SMOReg, MLP & RF.

In Chapter Five we describe the methodology of the research. The research methods we apply are simulation
methods and experimental methods. We begin by describing the DSC methodological framework that is
needed to effectively integrate multi-discipline parametric analysis. The framework is used in each of three
reference projects. The reference projects were designed by Perkins&Will Architects namely a mixed-use
commercial residential tower, a mid-rise commercial residential tower and a university students’ residence.

We describe the process, tools and metrics for both energy analysis and daylight analysis. We also present a
general experimental method for the machine learning experiments. We argue that presenting a general
method in one place will avoid repetition. The general method involves a description of the data types used
in the experiments, the definition of the parametric design space and the calculation of the value function
for multi-discipline analysis. In addition, the general method involves examining the impacts of important
factors that affect the performance of the machine learning algorithms. These factors are the sample size of
the training dataset, sensitivity analysis, feature selection and hyperparameter tuning.

In Chapter Six we discuss our first reference project — Residential Tower. We begin by describing the DSC
process that defines the design space for parametric analysis and the process of simulation by which data is
generated. We then use the general experimental method to investigate the performance of machine
learning for parametric analysis. We investigate the performance of three common machine learning
algorithms (ANN, SVM, DT) on three objectives (Energy, llluminance, Value Function). We also consider the
impact of sample size, sensitivity analysis, feature selection and hyperparameter tuning on algorithm
performance. We then present the results using comparative graphs and discuss the findings.

In Chapter Seven we discuss our second reference project — Mid-Rise Towers. We describe the DSC process
that included creating ten slices of the towers for analysis corresponding to the different geometric
conditions of the design. As such, in addition to investigating algorithm performance on energy and
daylighting objectives, we also investigate the impact of design space complexity on algorithm performance.
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On design problems that need several slices for design exploration, can we use fewer simulations per slice to
train machine learning algorithms but still achieve acceptable levels of accuracy?

In Chapter Eight we discuss our third reference project — Students’ Residence. We again use the DSC process
to define the design space and the simulation process. In this reference project three different design
alternatives are examined to understand if there are statistically significant differences in their performance.
As such three geometrically distinct analytical models, with identical input parameters, are combined into a
single machine learning model. We seek to understand if this geometrical variation has a significant impact
on machine learning algorithm performance.

In Chapter Nine we present the findings and conclusions. We first summarize and verify the findings of the
study. The summary of findings will answer the question whether machine learning algorithms can perform
effectively on multi-discipline parametric analysis. We will also indicate which algorithms perform most
accurately and which impact factors most influence algorithm performance. We will test whether machine
learning algorithms can be robust under complex design space conditions. Verification of the findings will be
done by performing an independent machine learning experiment on a comparable project. We will then
describe the impact of machine learning algorithms on design space reduction and draw our conclusions from
the study. Suggestions for future work propose a zone-based machine learning data model to enable data
reuse by enabling machine learning models to be transferred across different projects.
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Chapter 2  Problem Formulation

This chapter formulates the problem statement of the research. We begin by discussing the
limitations of conventional methods of building performance analysis and providing examples of questions
that conventional approaches cannot easily answer. We describe the importance of parametric analysis and
show how it answers these questions better than conventional approaches. We then discuss the data
analytical challenges of implementing parametric analysis in architectural practice. These include the size of
design spaces, the speed of simulation, the accuracy of predictions, the sampling ratio and the design space
complexity problem. Lastly, we state the research question which seeks to investigate machine learning as a
design space reduction strategy for resolving the data analytical challenges of parametric analysis in
architectural practice.

Limitations of

Conventional Optimization
Analysis

Importance of
Parametric Analysis

Uncertainty Analysis

Sensitivity Analysis Speed

Challenges of

Parametric Analysis Design Space Size Accuracy

Design Space

Complexity Sampling Ratio

Problem Statement

Figure 2:1 Diagram Summary of Chapter Two.

2.1 Limitations of Conventional Analysis

This study seeks to investigate whether machine learning algorithms can be effective at resolving
design space reduction challenges related to parametric analysis. To understand these challenges and why it
is important to resolve them it is useful to understand the benefits of performing parametric analysis in the
first place. These benefits are in turn best understood by discussing some of the limitations of conventional
building performance analysis.

What do we refer to as conventional building performance analysis? Traditionally, architects evaluated the
environmental context and performance of their designs using analytical diagrams (Figure 2:2). While these
diagrams were useful visualization and communication aides, the decision making they supported was not
scientific. As computational methods developed environmental analysis moved more and more to using
computational tools that performed a myriad of analyses in more rigorous fashion. These analyses include
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energy analysis, daylight analysis, solar radiation analysis, acoustic analysis, view access analysis among
others.
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Figure 2:2 (Perkin&Will, 2019) Traditional Environmental Analysis diagram.

The typical process of performing these analyses involves a number of steps (Figure 2:3). First, a simplified
analytical model is developed from the detailed design model. Second, analytical data is input to the model.
This analytical data includes input parameter values as well as background data such as location and weather
information and applicable design standards. Third, simulation is performed using an appropriate simulation
platform. Fourth, simulation results are reported in numerical and visual formats. Fifth, results are
interpreted, and recommendations proposed. This process is what we refer to as conventional building
performance analysis.

Create Geometric

Input Analytical Model

Parameters Model

Run
Single-Run
Analysis

Visualize

and Report
Results

Figure 2:3 Conventional building performance analysis process.

We note that the conventional analysis process does not have to be linear: it can be iterative. After a first
iteration the designer may decide to test an alternative to the design by modifying the analytical model or
input data. A second iteration is executed and if this produces a better result it gives the designer a sense of
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direction. We note further that conventional analysis is single-run based. Although a number of iterations
may be executed each iteration is performed and evaluated in isolation. In addition, we note that the
conventional approach is typically a single discipline analysis. For example each analysis deals with just one
of energy, daylighting, thermal comfort, view quality, etc. Although a number of different disciplines may be
analyzed through the course of design, each discipline tends to be analyzed in isolation and the correlation
between disciplines is assessed intuitively.

Conventional analysis relies on single-run analysis to provide a general indication of building performance
and then uses professional judgement, precedent and intuition to make inferences and draw conclusions.
This approach is subjective and qualitative. Parametric analysis, on the other hand, is a quantitative and
analytical approach. Research, for example Nguyen et al., (2014), indicates that quantitative approaches lead
to superior results compared to conventional analysis. At Perkins&Will we have anecdotally observed that
parametric analysis improves building performance design targets by 15 — 20% compared to designer
intuition.

To provide examples of questions that are not easily answered by conventional analysis we introduce two
projects designed at Perkins&Will. Balcony Tower is a commercial-residential tower project located in Surrey,
British Columbia (Figure 2:4). Hotel Residence is a mixed-use commercial-residential project consisting of a
mid-rise residential tower and hotel. It is located in Vancouver, British Columbia (Figure 2:5).
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Figure 2:4 (Perkins&Will, 2019) Balcony Tower project.
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Figure 2:5 (Perkins&Will, 2019) Hotel Residence project.

2.1.1 Project Example: Balcony Tower

Balcony Tower (Figure 2:4) is a 118m tall residential building, part of a proposed four-tower cluster.
The design rationale of the project supports the urban design guidelines of the City of Surrey in seven ways:
establishing an identifiable downtown skyline; integrating walkability and transit orientation; creating a high
quality, attractive architectural built form; establishing an image of a green city center; providing a high

quality, vibrant public realm; using west coast contemporary lines and natural materials, and fostering unique
identity in a historical building neighborhood.

In engaging a building performance analysis process the design team sought to answer some specific
questions. First, what is the effect of exposed balconies on building energy performance? Second, how can
we optimize energy performance if we invest in a high efficiency Heat Recover Ventilation (HRV) system.
Third, how can we maximize daylighting and view access while meeting energy performance requirements?

As part of the building permitting process the City of Surrey requires buildings to meet provincial energy
requirements referred to as the Step Code (2019). The energy performance requirements for
residential occupancies prescribe a range of thermal energy demand intensity (TEDI) values (Figure 2:6).
The design team and the client felt that only two of these TEDI values were feasible for the project: 30 kwh/
m?/year (Step 3) or 45 kwh/m?/year (Step 2).

Hotels and Motels |Other Group C Occupancies Hotels and Motels |Other Group C Occupancies
Step Equipment and Systems - Maximum Total Energy Use Building Envelope - Maximum Thermal Energy Demand
Intensity kwh/m2/year Intensity kwh/m2/year
1 Conform to Part 8 ofthe NECB
2 170 130 30 45
3 140 120 20 30
4 120 100 15 15

Figure 2:6 (City of Surrey, 2019) Part 3 Step Code Targets.
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The project design team proposed extensive use of exposed balconies which create a thermal bridging
problem in heating dominated climates like British Columbia. They therefore sought to understand if they
could meet the Step Code requirements with partially thermally broken balconies or if they needed fully
thermally broken balconies. In other words, what is the minimum effective building envelope R-value that
will meet the Step Code requirements?

British Columbia compliance modeling standards typically require the services of a building envelope
consultant because there are qualification requirements for approved energy modelers that most architects
do not possess. In the case of the Balcony Tower project the building envelope consultant proposed the use
of an 80% HRV system which is more efficient than other Perkins&Will projects. The design team therefore
sought to understand the minimum envelope R-values that can meet the Step Code given an 80% HRV
system. In other words, could they attempt to meet the Step 3 standard rather than the Step 2 standard
given the investment in high efficiency HRV system?

In addition to these energy related questions the design team also wanted to maximize their window to wall
ratio (WWR) on strategically located facades in order to maximize natural lighting and view access. Vancouver
and surrounding cities like Surrey are scenic locations with potential views to green highlands, mountains
and the ocean. View access is therefore an important aspect of designing residential projects, improving the
value of residential units. Access to daylighting can reduce energy costs and improve the quality of living
spaces but conflicts with energy performance. The design team therefore sought to know what is the highest
WWR they could achieve while still meeting the energy requirements of the Step Code.

These are multi-disciplinary optimization questions that conventional analysis cannot easily or accurately
answer. In the case of thermally broken balconies and efficient HRV systems what is needed is an
optimization of the effective R-value of the building envelope. A single-run analysis, or even a few single-run
analyses, can at best give the designer an approximate understanding of where this optimum might lie. On
the other hand, parametric analysis will run a large number of simulations (hundreds or thousands). The
results can be visualized using a PCP or parallel coordinates plot (Figure 2:7). This can be used to perform
more accurate optimization.

Using a PCP for the balcony thermal bridging question, the output parameter representing the building TEDI
is set to the target energy requirement (30 or 45 kwh/m?2/year). This will filter input parameter combinations
that can meet this target. From these input parameter values we can select the minimum effective R-value.
Similarly, for the high efficiency HRV system, we can set the TEDI output parameter to meet the Step 3 target
(30 kwh/m?/year). The HRV input parameter is then set to 80% efficiency. This will filter input parameter
combinations (if any) that meet these conditions. We can then select the minimum effective R-value.
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Figure 2:7 (Perkins&Will, 2019) Balcony Tower, thermal bridging optimization PCP.
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Figure 2:8 (Perkins&Will, 2019) Balcony Tower, HRV system optimization PCP.

In the case of maximizing WWR while achieving energy targets, this is a multi-objective (and multi-discipline)
optimization problem. It requires the balancing of conflicting metrics: TEDI for energy and llluminance for
daylight. Performing a single-run energy analysis and a separate single-run daylight analysis does not
accurately find this balance. Not only is it not clear how any given input parameter affects any one of the
output parameters (TEDI or Illuminance), it is also not clear how improving one output parameter affects the
other output parameter. In other words, how does meeting a more aggressive energy target with poor
daylighting compare to meeting a less aggressive energy target with better daylighting and vice-versa?

Using a PCP for multi-discipline parametric analysis of the WWR question, we can set the energy output
parameter to the target value. This will filter all WWR input parameter combinations that meet the energy
requirement. We can then select the highest Illuminance value corresponding to the energy target.
Alternatively, the problem can be optimized by introducing a value function that combines normalized output
parameter values into a single number. We can then optimize by seeking the input combinations that return
the highest value function.

TEDI Illuminance
e N e

Figure 2:9 (Perkins&Will, 2019) Balcony Tower, optimization of energy and daylight PCP.

2.1.2 Project Example: Hotel Residence

Hotel Residence (Figure 2:5) is a mixed-use development including a 29-story residential tower, a
15-story hotel building and a 4-story podium. Taking advantage of the site’s prime location and potential for
concentrated growth and high-density forms, the development seeks to cultivate the concept of sustainable
urbanism. This is achieved by creating a diverse development to generate and promote a transit-oriented
neighborhood for the future. The development will offer ample public spaces at grade, amenities, artist
studios, a hotel, and a residential tower with diverse housing options. It will also provide wide sidewalks,
streetscapes, and continuous weather protection to enhance walkability in the future transit-oriented and
highly urbanized neighborhood.

The Hotel Residence retained a building envelope consultant to facilitate energy compliance requirements.
After preliminary analysis the consultant proposed that the energy performance of the project be computed
using an area weighted average of the hotel and residential occupancies. They also proposed an air
infiltration target of 0.1 liters/sec/m?. These proposals raised two questions for the design team. First, given
that there are two distinct building occupancies which input parameters have the most impact on energy
performance? This would allow the designers to focus effort where it was most likely to have a significant
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impact. Second, what is the impact on energy performance if the 0.1 liters/sec/m? air infiltration (a very
aggressive target by industry standards) is not achieved in reality? The design team felt that even if they
detailed the building with the intent of meeting this target, variability during construction posed a risk that
it would not be achieved.

The first question is a sensitivity analysis problem. It requires multiple instances of the input parameters with
corresponding output energy values. From this we can use statistical methods such as the correlation
coefficient to compute the correlations between the input parameters and the output parameter. The input
parameters with the largest correlation coefficient values are the most sensitive or impactful. Such an
analysis cannot be performed through conventional single-run analysis.
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Figure 2:10 (Perkins&Will, 2019) Hotel Residence, tornado graph showing sensitivity analysis.

The second question is an uncertainty problem. The designers wished to understand what happens to the
energy output parameter under conditions where the air infiltration value is uncertain. While it would be
possible to perform a second single-run simulation using a different air infiltration value to see the effect,
this would give an incomplete picture. For example, increasing an input parameter by a given percentage
may result in a reduction of the output parameter value; however, if the relationship is non-linear, then a
further increase in the input parameter could result in an increase in the output parameter. Conventional
analysis cannot detect this kind of complex relationship.

Using parametric analysis, we can solve the first question using statistical methods such as the correlation
coefficient method and plotting the results on a tornado graph (Figure 2:10). The second question can also
be solved using statistical methods or by inspecting a PCP. We can, for example, perform an independent
sample student’s t-test on output values at 0.1 liters/sec/m? and at 0.2 liters/sec/m?. If no significant
difference is detected, we can confidently infer that performance at the 0.2 value will be as robust as
performance at the 0.1 value.

2.2 Importance of Parametric Analysis

In the previous section we discussed some limitations of conventional analysis and indicated how
parametric analysis improves on these limitations. In this section we focus on the importance of parametric
analysis. The key features of parametric methods discussed are optimization, including multi-objective
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optimization, uncertainty analysis and sensitivity analysis. Optimization seeks to find the design alternative
that maximizes or minimizes the output parameter values. Multi-objective optimization seeks to maximize
or minimize the value of multiple output parameter values simultaneously. Uncertainty analysis seeks to
understand the impact of variations of the input parameter values of a design space on the output
parameters. Sensitivity analysis seeks to understand the impact of variations of each individual input
parameter on the output parameter.

2.2.1 Multi-Discipline Optimization

Machairas et al. (2014) define optimization as the procedure of finding the minimum or maximum
value of an output parameter by choosing input parameter values subject to constraints. Optimization can
be single-objective or multi-objective when there is more than one output parameter to optimize. If a multi-
objective optimization involves output parameters from different disciplines, such as energy and daylighting,
then it is a multi-discipline optimization.

Nguyen et al. (2014) classified building optimization into seven classes including one-dimensional vs multi-
dimensional optimizations, continuous vs discrete optimizations, and constrained vs unconstrained
optimizations. They identified eight general classes of commonly used optimization algorithms including
direct search, gradient-based and stochastic-based. Typical algorithms include hill climbing methods,
simulated annealing, genetic algorithms and swarm optimization.

They reported the efficiency of optimization in improving building performance for a range of climate types.
In cold temperate climates they found reductions of 23 — 49% compared to conventional analysis in space
heating energy consumption could be achieved. In the United States they reported that, on average, a
reduction of 20— 30% of building energy consumption is an achievable target. In warmer, cooling dominated
climates like Florida the reduction of total energy consumption was 7.1%.

They described several challenges related to building performance optimization. These included challenges
with handling discontinuous parameters or discrete parameters; challenges with multi-objective
optimization, such as how to deal with the weights of the different output parameters in the objective
function, and challenges related to the number of input parameters which they recommended should be
constrained to about ten. Other issues included the optimization of computationally expensive models which
can be resolved through high performance computing or meta-modelling (what we are referring to as design
space reduction), the presence of uncertainty in the analysis and the challenge of integrating building
performance analysis tools with building optimization tools.

Shi & Yang (2013) observed that research into multi-objective optimization for building performance was
mainly driven by engineers. They proposed that this process should be undertaken by architects as well — but
this requires tools and workflows compatible with architectural practice. They proposed a multi-discipline
optimization workflow using Rhinoceros™ (Robert McNeel, 2019) and Grasshopper™ (Grasshopper, 2019)
for analytical modeling, Radiance for daylight analysis and EnergyPlus for energy analysis. Lartigue et al.
(2014) developed a methodology for optimizing the envelope of a building with respect to heating, cooling
and daylighting. They recognized that many optimization studies were concerned with energy consumption
without considering thermal comfort and daylighting. They used a Pareto optimized approach for retrofitting
a dormitory room and found that their method quickly and accurately provided optimal solutions. Flager et
al. (2009) performed a multi-disciplinary optimization of a classroom for structural integrity, energy
consumption, daylighting as well as first cost and lifecycle cost. They used a genetic algorithm for structural
optimization, design of experiments and a gradient based optimizer for energy optimization, and Darwin
(2004) for the multi-discipline optimization.
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2.2.2 Uncertainty Analysis

De Wit & Augenbroe (2002) observed that building performance design decisions, whether they
are based on simulation, design guidelines or expert judgement, tend to be deterministic. Coakley et al.
(2014) argued that there are significant differences between building performance analysis predictions and
actual measured building performance. Part of this difference can be attributed to uncertainty and this
should be reflected in design decision making. This requires the application of effective uncertainty analysis
methods.

Tian et al. (2018) identified four sources of uncertainty in building performance analysis: weather data,
building envelope, mechanical systems and occupant behavior. Weather, particularly at this time of global
climate change, is highly uncertain. Since weather data is a key input of building simulation algorithms it
follows that simulation outputs will have weather related variations. Moreover, weather data is typically
based on past meteorological data which does not necessarily correlate strongly with future weather
conditions. With respect to building envelope performance influencing parameters can be thermal
parameters or surface parameters. Thermal parameters include conductivity, density and specific heat
capacity of materials. The main surface parameters are solar absorption or reflectance as well as thermal
emissivity. Other parameters influencing building envelope performance are thermal bridging, convective
heat transfer coefficient and thickness of building materials.

Building performance analysis assumes that mechanical systems operate in ideal conditions whereas the
performance of mechanical systems is affected by factors such as oversizing, maintenance and wear and tear.
Wang et al. (2012) examined the uncertainty of energy consumption arising from building operation
approaches such as lighting control and HVAC operation schedules. Yan et al. (2017) examined the impact of
outdoor air control on energy consumption and indoor air quality.

Occupant behavior can account for up to 30% variation in building performance (Eguaras-Martinez, Vidaurre-
Arbizu, & Martin-Gomez, 2014). This variance arises because building performance analysis uses
deterministic operational schedules to simulate demand fluctuations. However, occupant behavior is
complex and certainly non-deterministic. This means that new approaches for modeling occupant behavior
as a critical building performance input are required. These new methods can be classified as implicit, where
occupant behavior is predicted based on interaction with building controls, or as explicit, where occupant
behavior is predicted based on the occupant’s state such as whether they feel too cold or too hot.

Rezaee (2016) argues that uncertainty analysis is essential for design space exploration and design decision
making. She distinguishes between aleatory uncertainty and epistemic uncertainty. Aleatory uncertainty
refers to an inherent randomness in the behavior of a system. Epistemic uncertainty refers to a lack of
knowledge about the behavior of a system. Aleatory uncertainty is irreducible while epistemic uncertainty
can be eliminated by thorough examination.

Understanding the uncertainties in building performance analysis can help determine what to account for in
early design. Following De Wit, Rezaee categorizes uncertainty in building performance analysis tools as
numerical, modeling, scenario and specification. Numerical uncertainties arise from computational and
numerical imperfection; modeling uncertainties are associated with an analytical model’s inherent
imperfection as an abstraction of reality; scenario uncertainties are associated with adjacency conditions
such as occupancy patterns and external weather conditions. Specification uncertainty (or design parameter
uncertainty), has two types: decided parameter uncertainty encodes a lack of knowledge about known
parameters whose values may be uncertain while undecided parameter uncertainty encodes a lack of
knowledge of the values of unknown parameters. In other words, decided parameter uncertainty relates to
uncertainty in the parameter value space while undecided parameter uncertainty relates to uncertainty in
the parameter space itself.
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Uncertainty in the values of input parameters means that there will be a range of possible values for output
parameters. Understanding this range is important for design because it allows for design decision making
that is robust. Hoes et al. (2011) define robustness as the ability of a building to handle changes (or
disturbances) in the building environment and maintain the required performance. Jurecka (2007) identifies
three types of variables in parametric analysis that influence robustness: control variables, noise variables
and fixed variables. Control variables can change values but are under the control of the designer (such as
window U-values on a building facade); noise parameters represent the source of variation (such as quality
of workmanship when installing the facade glazing) while fixed variables are relevant to the analysis but do
not change value (such as the area of the building facade on a renovation project). The goal of robust design
is to determine values of the control variables such that the resulting design is insensitive to variations arising
from the noise variables.

2.2.3 Sensitivity Analysis

Nguyen et al. (2014) have defined sensitivity analysis as the effect of a given input on the output of
a parametric analysis. If a change of an input parameter X produces a change in an output parameter Y, and
if these changes can be measured, then we can determine the sensitivity of Y with respect to X. Architects,
faced with a decision on how to optimize the performance of a design, cannot easily recognize which
parameters have the most influence. This means they often spend effort and resources on design strategies
that do not much improve the desired outcomes. Sensitivity Analysis can help architects prioritize their design
efforts towards the most impactful design inputs.

Methods of performing sensitivity analysis can be classified as local or global. Heiselberg et al. (2009) define
local sensitivity analysis as a one-factor-at-a-time method where evaluation of output variability depends on
the variation of one input parameter at a time while all other inputs are held constant. The input to output
relationship is assumed to be linear and any interaction between input parameters is not considered. Global
sensitivity analysis evaluates output variability due to one input parameter by varying all input parameters
together.

Local sensitivity analysis can be performed by establishing a base case value for each parameter and then
evaluating its impact on the output when it has the maximum and minimum values of its range (Tian W. ,
2013). Yang et al. (2016) discuss four global sensitivity analysis methods: regression based, Morris design,
variance-based and meta-modelling. Regression based methods standardize the coefficients of a regression
equation thereby making them directly comparable. Morris method computes the absolute differences
between simulated values S and changed values S + AS for each input variable. The mean u of these
differences is an indicator of how important a variable is in determining the output and the standard
deviation o indicates the amount of non-linearity and interaction with other variables. Fourier Amplitude
Sensitivity Test (FAST) is a common variance-based method. It uses Fourier series to help compute main
effects and total effects of an input variable on the output. Main effects do not include interactions with
other variables while total effects combine main effects and interactions. The meta-modeling approach
involves creating a meta-model and then using the computationally cheap calculated outputs from the meta-
model to perform sensitivity analysis.

Delgarm et al. (2018) used one-factor-at-a-time and variance based sensitivity analysis to assist in building
performance analysis on the early stage design of a multi-story building located in Iran. They established that
window size was the most dominant variable for the annual cooling, heating and total building energy need
assessment. Heiselberg et al. (2009) demonstrated sensitivity analysis on a seven-story office building. They
used the Morris method and found that lighting control and the amount of ventilation during winter were
the most important input parameters. Corrado & Mechri (2009) used the Morris method to perform a
sensitivity analysis on a two-story single-family home located in Turin. They found that only 10 out of 105
input parameters significantly impacted the performance and the others could be neglected.
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Figure 2:11 (Perkins&Will, 2019) Sensitivity Analysis for the Mid-Rise Towers project.

2.3 Challenges of Implementing Parametric Analysis

Implementing parametric analysis in architectural practice faces different types of challenges.
These include poor attitudes by architects towards quantitative methods as part of the design process;
potential conflicts with the role of other consultants and sub-consultants; compliance standards that do not
support computational approaches, and data analytical challenges related to design space reduction. In this
study we focus exclusively on challenges related to design space reduction. We argue that machine learning
algorithms can help to resolve these types of challenges.

The parametric analysis process improves on single-run conventional analysis by generating large amounts
of data that can be analyzed more rigorously. Figure 2:12 shows how the parametric analysis process differs
from the conventional analysis process shown in Figure 2:3. However, if the design space size is too large
then it cannot be simulated in a reasonable amount of time. This means the design space must be
systematically reduced (Alternatively, an investment can be made in hardware-based methods to improve
simulation speeds). The process of making this reduction is what we refer to as design space reduction.

The design space reduction process involves three steps (Figure 2:13). First, the design space is sampled.
Second, a data model is created based on the sample. In this study the data models we create are machine
learning models. Third, predictions are made on the design space using the data model. Since prediction is
much faster than simulation this makes the parametric analysis process more feasible. It should be noted
that in our usage design space reduction is not the same as sampling. Sampling is, in fact, a step in the design
space reduction process. In this study we will use sampling based on design of experiments methods,
however we will develop data models based on machine learning.

Input Ar?arlt\ﬁtgal Geometric
Parameters bﬂ(;del Model
Define Design
Space

Run
Parametric
Analysis
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Process Results and
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Figure 2:12 Parametric Analysis process.

41



Machine Learning for Parametric Analysis in Architectural Practice

The design space reduction process raises questions. Understanding that the accuracy of predictions depends
on the sample size from which the data model is created, what is the appropriate sample size that gives
acceptable prediction accuracy? This means we have to define what we mean by acceptable accuracy in the
first place. How quickly can we simulate sample sizes associated with acceptable accuracy levels? This means
we have to establish a threshold on the amount of time we can spend simulating the sample. Does the size
of the sample in relation to the size of the design space make a difference? Furthermore, for a robust process,
we need to understand how variations in design space complexity affect the prediction accuracy. Lastly, we
need to understand what techniques are effective in improving the accuracy of our machine learning models.
We do this by studying the effect of impact factors (sample size, sensitivity analysis, feature selection,
hyperparameter tuning) on the accuracy of machine learning algorithms.

Sample the Design Create Data Model

based on Sample

Predict using Data
Model

Space

Figure 2:13 Design Space Reduction process.

The questions raised above and summarized in Table 2:1 are what we refer to as data analytical challenges
associated with parametric analysis in architectural practice. In this section we will discuss these questions
leading up to the problem statement in Section 2.4. In addition, it is instructive to demonstrate (Figure 2:14)
how machine learning modifies the parametric analysis process depicted in Figure 2:12.

CHALLENGE

DESCRIPTION

PROPOSED SOLUTION

QUESTION

Design Space Size

Large design spaces take too
long to simulate

Reduce the size of the design
space.

How does this affect accuracy of
predictions?

rapidly compared to
simulation speed

simulated in less than 33hrs
(1000 instances)

Accuracy Literature and practice Use a sample size that How does this affect simulation
indicate that acceptable guarantees acceptable speed?
accuracy is between 90 - 95% | accuracy.

Speed Design process proceeds Use sample size that can be How does this affect accuracy of

predictions?

Sampling Ratio

Large design spaces need
large sample sizes

Use a sampling ratio between
1:10 and 1:100

What if this gives a sample size >
1000?

Design Space Complexity

Real projects have complex
geometry and adjacencies

Create a machine learning
model that encompasses
complexity

Can machine learning algorithms
be robust under complex design
space conditions?

Table 2:1 Summary of data analytical challenges associated with parametric analysis.
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Figure 2:14 The Parametric Analysis process incorporating Machine Learning.

2.3.1 Design Space Size

Project Size of Design Space

Residential Tower 2,733,750
Mid-Rise Towers 51,840
Students’ Residence 354,294

Table 2:2 Reference projects, initial design space sizes.

Real world design spaces tend to be large in order to adequately represent the complexity of design
problems. The actual size depends on the goals of the parametric analysis (this can in turn depend on project
type, project stage, project size, etc.) and how much resolution the designers require. This can be
demonstrated by considering the initial design spaces of three reference projects investigated in this study
(Table 2:2).

The specification for each of the design spaces is made by a building performance expert (such as an energy
modeler) working with the project designer. For the Residential Tower (Figure 2:15) the designers sought
to understand the performance effect of glazing ratios on different orientations, the shading effect of
balconies on different orientations as well as the effects of thermal bridging calculated using the Chi
Value parameter. They specified input parameter ranges shown in Table 2:3.
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Figure 2:15 (Perkins&Will, 2019) Residential Tower project.

Parameter Parameter Value Space | Number
WWR North 30, 40, 50, 60, 70 5
WWR West 30, 40, 50, 60, 70 5
WWR South 30, 40, 50, 60, 70 5
WWR East 30, 40, 50, 60, 70 5
Balcony Depth North 0,5,10 3
Balcony Depth West 0,5,10 3
Balcony Depth South 0,5,10 3
Balcony Depth East 0,5,10 3
Wall U Value 0.284,0.189, 0.141 3
Chi Value 1.19, 0.48 3
Window U Value 0.85,1.4 2
SHGC 0.3,0.5,0.7 3
Total 2,733,750

Table 2:3 Residential Tower project input parameter ranges.

The Mid-Rise Towers project (Figure 2:16) sought to understand the effect of geometric variation on
different facades of the building and the overall impact on project performance. The project had three
towers and two podiums with different program requirements on different levels and at different
orientations. There were also potential self-shading effects from shadows cast on each tower by the other
towers at different times. The conventional approach to building performance analysis, as carried out by an
engineering consultant, recommended a single optimized value for each of the input parameters. The design
team, however, felt that this was not a sufficiently nuanced approach. They sought to better understand
the optimum inputs at the different levels and orientations of the design. They specified input parameter
ranges shown in Table 2:4.
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Figure 2:16 (Perkins&Will, 2019) Mid-Rise Towers project.

Parameter Parameter Value Space | Number
WWR North 25,35 2
WWR West 45,55,65 3
WWR South 25,35 2
WWR East 45,55,65 3
Roof R Value 20,30,40,50 4
Wall R Value 5,7,10,15 4
Window U Value 0.25,0.3,0.35 3
SHGC 0.3,0.35,0.4 3
Number of Slices 10
Total 51,840

Table 2:4 Mid-Rise Towers project input parameter ranges.

The Students’ Residence (Figure 2:17) analysis involved analyzing three different design alternatives, or
massing types, to understand which one had the best performance for further design development.
Parametric analysis was performed on all three design alternatives using identical input parameters
(Table 2:5). This allowed for statistical testing to understand if there were significant differences in the
three output datasets. One-way analysis of variance (ANOVA) identified that there were indeed
significant performance differences between the three design alternatives, and further testing (Tukey’s
HSD) identified a clearly superior alternative.
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Figure 2:17 (Perkins&Will, 2019) Students’ Residence project.
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Parameter Parameter Value Space | Number
Massing Type A B, C 3
WWR North 30, 40, 50 3
WWR West 30, 40, 50 3
WWR South 30, 40, 50 3
WWR East 30, 40, 50 3
Shading Depth North 0,1,2 3
Shading Depth West 0,1,2 3
Shading Depth South 0,1,2 3
Roof Effective U value 0.08, 0.1, 0.15 3
Wall Effective U Value 0.1, 0.15,0.2 3
Window U Value 0.85,1.1 2
SHGC 0.3,0.5,0.7 3
Total 354,394

Table 2:5 Students’ Residence project input parameter ranges.

Large design spaces imply long simulation times or slow overall simulation speeds. For practical purposes
large design spaces must be reduced. This reduction typically involves sampling a subset of the design space,
developing a data analytical model based on the sample, and then using the model to make predictions on
the full design space. Prediction is much faster than simulation.

However drastic design space reductions, while resulting in dramatic improvements in overall simulation
speed also result in decreased prediction accuracy. We must therefore answer the question of what the
appropriate prediction accuracy is for parametric analysis. As a follow on to this question we need to
understand the sample sizes that assure us of this level of accuracy.

Design spaces of the magnitude of our reference projects would take several days or weeks to simulate
depending on the equipment being used. When measured against the speed at which design processes
evolve this can be a bottleneck hampering the implementation of parametric analysis. Design space reduction
provides the means to sample the design space in order to reduce the number of raw simulations.

We note that in Chapters 6 — 9 we will introduce design spaces for each reference project that are
substantially reduced from the initial design spaces shown in this section. This is because stratified design
space reduction (Section 2.3.4) was used to reduce the design space size and achieve sampling ratios suitable
for machine learning. For practical purposes we recommend a sample size of 1000. This represents a sample
that can be simulated in about 33 hours (Assume simulation is performed using high specification hardware
as indicated in Section 2.3.2 and using the dynamic simulation tools indicated in Chapter 5).

We choose 1000 simulations (33 hours, assuming 2 minutes per simulation) as a benchmark considering the
worst-case scenario where designers need to respond to design questions overnight. This happens frequently
in practice as shown in Figure 2:18. We have listed the formal design presentations that were required of the
design teams within two months of project kick-off for three of our reference projects. We see that there are
a number of occasions where the design team had a single day between presentations. If parametric analysis
is to be robust to the needs of architectural practice, then it should be responsive to aggressive project
schedules.
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Rapid evolution of design within 2 months of project kick-off
PROJECT PRESENTATION TYPE| DATE | DURATION DAYS
Kick Off 20-Sep {
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Figure 2:18 (Perkins&Will, 2019) Rapid rate of design changes on three reference projects.
2.3.2 Speed

The overall simulation speed of a parametric analysis exercise depends on the simulating
equipment and simulation settings such as the resolution of the analysis grid during daylight simulation. As
mentioned in Section 2.3.1 very slow overall simulation speeds will prevent parametric analysis from keeping
pace with design decision making. Strategies for dealing with slow overall simulation speeds include cloud
computing, parallel computing and GPU computing. These are hardware-based strategies. While hardware-
based strategies have their merits, they have also been criticized.

Garg et al. (2011) described how to perform parallel processing for annual energy simulation. Zhang (2010)
developed a parametric analysis tool for parallel processing of EnergyPlus simulations. Mazzarella et al.
(2014) described the advantages of using cloud computing for building performance simulation and
optimization. However, Richman et al. (2014) identified potential issues with these approaches. They include
the costs of cloud services on frameworks like Amazon and Microsoft Azure, the challenge of setting up these
simulations, the need to monitor the process carefully and the fact that for some design problems, even with
cloud computing, the design spaces are so large that computation time can still run into months.

Alternatively, design space reduction strategies using statistical or algorithmic methods can be used to
sample the design space and thereby improve the overall simulation speed. In this context the importance
of simulation speed can be seen by looking at Table 2:6. We present time estimates for simulating the design
spaces of the three reference projects on generally accessible high specification hardware (For example this
study uses Micro-Star International GS65 Stealth Thin 8RF; Intel® Core™ i7-8750H CPU @ 2.20GHz (12 CPUs);
32GB RAM; NVIDIA GeForce GTX 1070 with Max-Q Design, 8082MB VRAM). This hardware executes at
approximately 2 minutes per simulation (30 seconds for energy simulation and 90 seconds for daylight
simulation). This time will depend on analysis settings like the resolution of daylight analysis grids and the
number of light ray bounces for raytracing. We see that the time taken would range from 2 months to 10
years. Parallel processing can reduce these times substantially, but this requires an investment in hardware.
Additionally, using the Students’ Residence as an example, we can demonstrate the rate at which a typical
design decision making process evolves (Table 2:7). Without a serious investment in hardware or design
space reduction, the parametric analysis simulation speed will be too slow to inform the design process.
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Project Size of Design Space Duration (mins) Duration (days)
Residential Tower 2,733,750 5,467,500 3,797
Mid-Rise Towers 51,840 103,680 72
Students’ Residence 354,294 708,588 492

Table 2:6 Estimated time to perform parametric analysis on reference project design spaces.

2.3.3 Accuracy

The accuracy question of parametric analysis is three different questions: simulation accuracy,
prediction accuracy and sample accuracy. The first question is how reliable the actual results of the simulation
are. In this case the sources of inaccuracy are user error or the simulation engine itself. Simulation engine
developers perform thorough benchmarking and testing of their tools for example: DesignBuilder Space
Heating Equipment Performance Tests (2017); DesignBuilder Space-Cooling Equipment Performance
Comparative Tests (2017); DesignBuilder Building Thermal Envelope and Fabric Load Tests (2017), and
DesignBuilder Space-Cooling Equipment Performance Analytical Verification Tests (2017). In addition, tools
that have been in use for a while will have been user tested by a community of experts who would report
and publicize any glaring inaccuracies. We therefore take the view that industry standard tools are likely to
be reasonably accurate for our purposes.

The second question related to accuracy has to do with prediction accuracy. Once we have created a data
model and used it to make predictions, we must understand how different the predicted values are from
what we actually get by simulation. This difference, or prediction error, is a measure of the accuracy of the
data model for given sample sizes. The metric we will use to calculate accuracy is the Relative Absolute Error
(RAE) computed as follows:

where X is the predicted value and X is the mean value of the output parameter, and n is the number of
instances (sample size).

The third question has to do with sample accuracy. As we will see there are occasions where design space
reduction is itself reduced to a sampling exercise. No predictive data models are developed, and estimates
are made based on nothing more than the sample. Such sampling obviously increases simulation speed, but
it also decreases the accuracy of sample statistics.

To demonstrate the effect of sample size on accuracy we use data from the Residential Tower reference
project. We perform an experiment that involves:

1. Run 1,500 daylighting simulations to generate an experimental dataset. We will use the daylighting
simulation metric Illuminance for this experiment.

2. Sortthe daylighting results in descending order. Calculate the average of the top 100 results to obtain
an average optimal result (Average Optimum).

3. Create 8 random samples from the daylighting result set of sample size 100, 300, 500, 700, 900, 1100,
1300, 1500.

4. Sort each sample in descending order. For each sample calculate the average of the top 100 results
to obtain an average optimal result (Average Sample Optimum).
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PARAMETRIC
DURATION MASSING DEVELOPMENT DESIGN FACTORS
ANALYSIS
INITIAL MASSING
'\ e e Massing and Provide guidance:
Orientation e Form factor
e Height e Orientation
e Setbacks
e |dentity and presence
e User experience
e Neighborhood
e Homeliness Provide guidance:
e Relationship to context | e Form factor
e Financial Sustainability | e Glazing percentage
21 days . .
e Passive Design
Principles
Lo
INITIAL ENVELOPE
e Program requirements Provide guidance:
e Performance e Glazing percentage
14 days ) )
e Aesthetics ® Glazing
performance
DETAILED ENVELOPE
i ) e Focused exploration Provide guidance:
o Shading strategy e Sun shading
e Overhangs e Glazing
e Articulation e Material Selection
13 days .
e Materials
e Scale

Table 2:7 Early stage design process for the Students' Residence project.
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5. Calculate the percentage accuracy of each sample using:

Average Sample Optimum

x 100

6.

Average Optimum

7. Plot the results (Figure 2:19).

Sample Size (1500 1300 1100 900 700 500 300 100
% Accuracy 100.00 99.29 98.97 98.37 97.13 97.00 94.18 84.84

Sample Accuracy

100.00

95.00

90.00

85.00

Percent Accuracy

80.00

75.00
1500 1300 1100 900 700 500 300 100

Sample Size

Figure 2:19 Average Sample Optimum accuracy.

There is a decrease in accuracy as the sample size decreases. From a sample size of 1500 to 100 the average
sample optimum accuracy drops 15.16% from 100% to 84.84%. This decline in accuracy as sample size
decreases is true for both prediction accuracy and sample accuracy. This raises the question of what the
minimum acceptable accuracy is for parametric analysis in architecture. We examine this question below.

Liu et al. (2018) used deep artificial neural networks to predict long term luminance maps from High Dynamic
Range (HDR) images of existing environments. They reported a prediction accuracy of 93% using 200 input
images. Zhou & Liu (2015) used machine learning to predict the daylight and thermal metrics for window
glazing transmittance, weather condition and blind reflectance values. For daylighting metrics, they reported
accuracies ranging from 83.65% to 96.35% using artificial neural networks and 62.15% to 73.88% using
support vector machines.

Ostergard et al. (2018) investigated six metamodeling techniques for building performance analysis including
machine learning methods (RF, SVM and ANN). Using the coefficient of determination (R?) as their accuracy
metric they reported accuracies ranging from 60% with sample size of 32 to 99% with sample size above
2048. Amasyali & Gohary (2018) reviewed data-driven building energy consumption prediction models. They
reported several different accuracy metrics in their study. Looking in particular at the Mean Absolute
Percentage Error (MAPE) as a reference, they reported accuracies ranging from about 82% to 99% for both
SVMs and ANNS.

In view of the literature above this study proposes an accuracy scale ranging from 90% (10% RAE) on the low
end of the scale to 95% (5% RAE) on the high end. The research question of this study asks can machine
learning algorithms be effective at resolving the data analytical challenges of parametric analysis. The idea of
effectiveness combines speed and accuracy considerations. We define a machine learning algorithm as
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effective for performing parametric analysis in architectural practice if it returns acceptable prediction
accuracy (5 — 10% RAE) on a reduced design space (sample size of 1000 instances or less) that guarantees
acceptable speed (33 hours or less of simulation).

2.3.4 Sampling Ratio

If a design space reduction strategy based on sampling is used, then the size of the sample will
affect the prediction accuracy of the reduction. For a given design space size the larger the sample size the
more accurate the design space reduction. Moreover, it is also the case that for a given sample size the
smaller the design space size the more accurate the design space reduction. It is therefore not simply the
design space size or the sample size that affect the accuracy of the design space reduction strategy. Rather
the sampling ratio of the sample size to the design space size is also an important consideration.

To see the importance of the sampling ratio we consider two datasets based on the Residential Tower
reference project. One of the datasets has a sample size of 7,5128,750 instances while the other has a design
space size of 10,369 instances. In addition, two samples are taken from each dataset with sample sizes of 100
instances and 1,000 instances respectively. All four samples are used to train machine learning algorithms
with Site Energy and llluminance as the training classes. Figure 2:20 and Figure 2:21 as well as Table 2:8 and
Table 2:9 show the results for different machine learning algorithms and different objectives.

Both the design space size and the sample size contribute to the RAE. Looking at the best results we observe
that a 1:10 sampling can achieve a result with less than 10% error (MLP, Energy, 10k design space size, 1k
sample size) while a 1:100 sampling is just outside this threshold using the default calibration of the machine
learning algorithms (MLP, Energy, 10k design space size, 100 sample size). This suggests that with some model
tuning the 1:100 ratio may achieve less than 10% error. Sampling ratios of 1:1000 and greater are likely to
give greater than 20% error. We therefore recommend sampling ratios between 1:10 and 1:100 for this study.
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Figure 2:20 Impact of Sampling Ratio on Energy.
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DESIGN SPACE SIZE SAMPLE SIZE | ALGORITHM RAE CORREL. COEFF.
MLP 62.91 0.81
100 SMOReg 63.19 0.72
RF 66.16 0.8
7,518,750
MLP 33.12 0.94
1000 SMOReg 55.96 0.79
RF 34 0.94
MLP 13.84 0.97
100 SMOReg 18.78 0.98
RF 30.14 0.96
10,369
MLP 5.26 0.99
1000 SMOReg 16.6 0.98
RF 12.34 0.99
Table 2:8 Impact of Sampling Ratio on Energy.
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Figure 2:21 Impact of Sampling Ratio for llluminance.

DESIGN SPACE SIZE :‘;‘Z':EIIPLE ALGORITHM | RAE CORREL. COEFF.
MLP 62.91 0.81
100 SMOReg 63.19 0.72
RF 66.16 0.8
7,518,750
MLP 33.12 0.94
1000 SMOReg 55.96 0.79
RF 34 0.94
MLP 13.84 0.97
100 SMOReg 18.78 0.98
RF 30.14 0.96
10,369
MLP 5.26 0.99
1000 SMOReg 16.6 0.98
RF 12.34 0.99

Table 2:9 Impact of Sampling Ratio for llluminance.

The use of sampling ratio as a guiding metric raises a question. What happens if a design space needs to be
larger than the recommended sampling ratio can allow? We cannot simply increase the sample size because
at some point it will become impractical to simulate all the instances. For example, if a design space has
10,000,000 instances and the recommended sampling ratio is 1:100 then this would ask for a sample size of
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100,000 instances. This would take more than four months to simulate using generally accessible high
specification hardware.

To deal with this we explored a stratified approach to design space reduction. If the initial design space is
very large low fidelity heuristics should be used to reduce the design space size to within range of the
sampling ratio before high fidelity methods like machine learning are introduced. To see this process in action
we describe the design space reduction for Boys’ School (Figure 2:22) a Perkins&Will project where stratified
design space reduction was used.

Figure 2:22 (Perkins&Will, 2019) A design sketch of the Boys' School project.

The Boys’ School was a design proposal for a high school campus of 775 students in grades 8 through 12. The
design team sought to apply the DSC process to optimize the envelope of one of the buildings on the
proposed campus — the Arts and Sciences Building. The designers proposed a prefabricated panel fagcade
concept and identified ten different possible panels for the design (Figure 2:23). The building had 3 levels and
about 200 possible panel locations giving 10*®° possible facade panel combinations. This number is not
computable.

Due to the extreme size of the design space a stratified design space reduction process was needed. First,
designer judgement was used to reduce the design space to about 288 million instances. Second, a zone-by-
zone analysis process was used to reduce the design space to 13,824 instances. Third, a DOE was used to
further reduce the design space to 288 instances which were then comfortably simulated.

As an example of designer judgement, it was recognized that any room (like a lab) that needed benches fixed
to its walls could not have full length glazed panels if the exterior walls were to be useful. Therefore, only
partial length glazed panels were selected at those facade locations. Using these kinds of judgements
reduced the design space to 288,000,000 instances as shown in Figure 2:24.

The project sought to determine whether it was possible to achieve Passive House (Passive House Institute,
2019) standards (specifically 15 kWh/m?/year for heating and cooling loads). As such, energy analysis was
more important to this stage of the project than daylight analysis. The energy modeler recommended a zone-
by-zone energy only analysis as a filtering mechanism for the overall design space. A 14-zone slice of the
project was created (Figure 2:25) and 32 energy simulations per zone were executed. Since energy
simulations last for about 30 seconds the overall duration was a little under 4 hours. The zone-by-zone
analysis was used to identify a reduced number of panel types on each facade for multi-discipline analysis
(Figure 2:26). This reduced the design space to 13,824 instances.

Lastly, a DOE was used to further reduce the design space to a manageable 288 simulations. Comparatively,
this is the stage at which machine learning algorithms can be introduced into the process. An experiment
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was designed in JMP software using the design space identified through zone-by-zone analysis (Figure 2:27).
The design randomly sampled 32 instances from the design space, and these were simulated for both energy
and daylighting and a value function calculated. The value function results were fed back into JMP to activate
a regression process. From the results of the regression the Prediction Profiler feature was used to identify
estimated optimum values for all input parameters (Figure 2:28). Using these estimates a final design space
of 288 instances was established and simulated (Figure 2:29).
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Figure 2:23 (Perkins&Will, 2019) Panel combinations for the fagade of the Boys’ School project.
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Figure 2:24 Boys’ School design space reduction by designer judgement.
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Figure 2:26 Boys’ School design space reduction through zone-by-zone analysis.

7 DOE- IMP - o x
Ele Edit Tables Rows Cols DOE Analyze Graph Tools View Window Help
4/~ Custom Design
LowerLimit____ UpperLimit____Importance
I
4 Factors
(Add Factor ][ Remove | Add N Factors |1
__Name Role Changes _ Velues
[ Categorical Easy
wrG2 Categorical £asy
hPGE
hPG8
hPGY
hPG10
hPG14 ategoric:
1 Define Factor Constraints
4 Model
[Main Effects] Interactions v| [ RSM| Cross
G1a Necessary
Necessary
Necessary
Necessary
ing-s sary
Shading-S*Shading-S If Possible
Shading-EW Necessary
Shading-EW*Shading-EW If Possible
b Alias Terms.
4 Design
Run PG1 PG2 PG6 PGS PG PG10 PG14 R-Value U-Value SHGC Shading-S Shading-BW.
1¢c c ¢ E C C F 07 o4 1 1
2 ¢ b ¢ E E C G 7 07 05 1 05
3 c D C E E C F 5 07 05 05 05
4 ¢ c ¢ c c E F 07 03 [} 05
s E D C C E C F 5 07 05 1 0
6§ £ D D C C E G 7 0 05 05 1
7 ¢ ¢ ¢ E C C G 07 05 [} 0
s E C D C C E F 5 07 05 1 0
9 E D C C E E G 7 065 04 05 0
 E D C E C C F 7 06 03 0 1
i c D C E E E G 7 06 03 0 1
12 ¢ c c E C C F 7 06 03 05 0
B C C Cc C C C 6 7 06 05 1 1
“ E C C Cc C E F 6 06 05 0 05
5 E C C C E E F 7 0 05 1 05
® E C C C C C G 7 07 04 0 [
7 ¢ b c E C C F 5 07 05 05 05
8 E D C C C C G 7 07 03 05 0
® E D C C E E G 7 06 03 0 05
20 ¢ b € ¢ ¢ E F 6 065 04 0 1
21 E C D C E C @ 7 07 03 05 0
O~

Figure 2:27 Boys' School design of experiments.
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Inputs PG1|PG2|PG3|PG6|PG7|PG8|PGY(PG10|PG11|PG14|PG16 |R-Value|U-Value SHGC Shading-N |Shading-S | Shading -EW
Options CE| CD| B|(CD| E|CE|CE| CE G| GF B 6,7|0.65,0.7|0.3,0.4,0.5 0/0,0.51-H| 0,051-V
Number 2| 2 1 2 1] 2| 2 2 1 2 1 2 2 3 1 3 3
Full Factorial| C| C,D| B|CD| E|CE|CE| CE G F B 7 0.65(0.3,0.4,0.5 0 1 0,051-V
Number 1 2 1 2 1 2 2 2 1 1 1 1 1 3 1 1 3

Figure 2:29 Boys’ School final design space definition of 288 instances.

2.3.5 Design Space Complexity

When performing conventional energy analysis on real world projects many analysis tools perform
full building energy analysis. This means they simulate energy exchanges between all the zones defined in
the analytical model. This can be a time-consuming exercise if there are a large number of zones. When
performing parametric analysis, it is therefore desirable to simplify the scope of simulation. One way to do
this is to use the idea of slices. Many buildings are repetitive from level to level. This means that rather than
simulate the full building with all its zones we can instead simulate a typical level, or slice, and then obtain
the full building performance by multiplying the typical level performance by the number of levels.

For example, on the Residential Tower project, many of the tower levels were typical. Therefore, in order to
perform the parametric analysis a typical level was taken as a slice and analyzed (Figure 2:30). Developing
the machine learning training model for such a slice is straightforward. The model consists of the input
parameters of the slice’s analytical model with the output parameter as the training label.

@ Joyce Street Levels 3 -A3

Figure 2:30 Residential Tower, slice of typical level.

Many projects, however, cannot make direct use of the slice simplification. For example, the Hotel Residence
project has two towers with different occupancies. This means, at minimum, that parametric analysis for the
Hotel Residence needs two separate simulations corresponding to one slice from each tower. In reality, due
to different occupancies within the hotel itself (residential and podium) three slices were chosen (Figure
2:31).
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Figure 2:31 Hotel Residence, slices of typical levels.

How does the need for several simulation slices impact the parametric analysis and machine learning
process? If we create a different machine learning model for each slice then we need n x sample size
simulations to predict the full design space, where n is the number of slices. This is not desirable for
simulation speed reasons, particularly if n is large. Unless parallel processing is used it will take n times as
long to perform simulation.

Can we train one slice from the project and then use the machine learning model from this slice to make
predictions on all other slices? This would give acceptable simulation speeds but how accurate would the
resulting predictions be? Alternatively, can we use a few instances from each slice to create a hybrid training
set of the recommended sample size and then use this to create a machine learning model? Once again, how
accurate would the predictions from this model be? In other words, how robust is the machine learning
model to these variations in the training dataset sample?

This is the design space complexity problem and is one of the research questions presented in Section 2.4.
Design space complexity refers to variations in design conditions that prevent the development of simple
data models for parametric analysis. Based on the reference projects we have introduced in this chapter we
can identify four sources of design space complexity (Figure 2:32). The Residential Tower represents the
simple model situation where there are no variations to take into account. For the design space complexity
guestion, we will consider the Residential Tower as a baseline against which performance from complex
design spaces will be compared.

1. Complex adjacency as seen on Balcony Tower. Complex adjacency conditions mean that the model
has at least one surface on one slice, relevant for parametric analysis, that is adjacent to an internal
or external condition that is significantly different from other slices.

2. Complex geometry as seen on Mid-Rise Towers. Complex geometry conditions mean that the model
has at least one slice, relevant for parametric analysis, whose external or internal geometry is
significantly different from other slices.

3. Complex occupancy as seen on Hotel Residence. Complex occupancy conditions mean that the model
has at least one slice, relevant for parametric analysis, which has a significant occupancy different
from other slices.

4. Design options as seen on Students’ Residence. Design option complexity means that the design has
distinct models with possible differences in geometry, program, occupancy and materials but which
can nonetheless share one data analytical model.
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In this study we will examine the design complexity question based on complex geometric and adjacency
conditions (Mid-Rise Towers) as well as design option complexity (Students’ Residence). We will take the
Residential Tower simple model as a base line and compare base line accuracy to accuracies under complex
design conditions. We will use one-way ANOVA and Tukey’s HSD post processing to detect any significant
differences at 90%-95% confidence levels.

Complex Adjacency Complex Geometry Complex Occupancy Design Option Complexity
(Balcony Tower) (Mid-Rise Towers) (Hotel Residence) (Students’ Residence)
S g

\\'\
e

Complex adjacencies at the roof, Complex geometry at the tower, podium  Complex occupancy — hotel Design option complexity. Different
residential podium and commercial and connecting levels. and residential geometry and orientation
podium levels.

Figure 2:32 Sources of Design Space Complexity.

2.4 Research Questions

We have now demonstrated some of the limitations of conventional building performance analysis
approaches and discussed some of the ways parametric analysis can improve on these limitations. We have
discussed the importance of parametric analysis but acknowledged that practical implementation faces data
analytical challenges. These challenges arise from the fact that the potential size of project design spaces can
be prohibitive to simulate, and design space complexity can be difficult to model analytically. The primary
hypothesis of this research is that machine learning algorithms can be effective in resolving these challenges.
Accordingly, the primary research question of the study can be formulated as follows:

Can machine learning algorithms perform effectively at design space reduction of multi-discipline design
spaces associated with parametric analysis in architectural practice?

To facilitate the experimental process, we develop three sub-questions to support the main research
question:

1. Which machine learning algorithms perform most effectively at multi-discipline parametric
analysis?

2. Foreach algorithm, what is the impact of sample size, sensitivity analysis, feature selection and
hyperparameter tuning on performance?

3. Can machine learning algorithms perform effectively when used under complex design space
conditions?

By the term ‘effective’ we are defining constraints of real-world practice that we wish to impose on the
machine learning process. In this study the constraints are based on speed, accuracy and sample size
considerations. The specific values of the constraints are a speed of 33 hours, assuming 2 minutes per
simulation on generally accessible hardware; 90 — 95% accuracy (or 5 — 10% RAE), and a sample size of 1000
simulations. We should also ensure the design space size is within the recommended sampling ratio of 1:100.
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The 33-hour constraint is based on a worst-case scenario where the designers need to respond to design
changes overnight. The 2 minute per simulation constraint is based on measurement of the speed at which
the hardware indicated in Section 2.3.2 can perform a multi-discipline simulation (energy and daylighting).
90— 95% accuracy is based on research literature (section 2.3.3). The sample size of 1000 is calculated based
on 33 hours at 2 minutes per simulation.

Specific values of the constraints can vary from study to study. For example, if the experiment is using more
powerful hardware, we can increase the sample size constraint or reduce the speed constraint; alternatively,
if we relax the accuracy constraint, we can reduce the speed or sample size constraints. However, the
methodology proposed in this study should be capable of assessing the effectiveness of machine learning
algorithms regardless of the specific values assigned to the constraints.

In addition to examining the primary research question the experiments will also attempt to address the
challenges of design space complexity. The Residential Tower will be used as a baseline case of simple model
complexity. The Mid-Rise Towers will be used to investigate if machine learning algorithms can be effective
under complex geometric and adjacency conditions. The Students’ Residence will investigate if machine
learning algorithms can be effective under design option complexity.

The study seeks to build on existing research, both from architecture (such as Haymaker, et al., 2018) as well
as building engineering (such as Magoules & Zhao, 2016), by asking research questions in the specific context
of architectural practice. The study is limited in scope to three machine learning algorithms identified through
literature as commonly used in building performance analysis namely ANN (MLP implementation), SVM
(SMOReg implementation) and DT (RF implementation).

We expect that the outcome of this study will provide practicing architects with an understanding of both
the value and the data analytical challenges involved with multi-discipline parametric analysis. We also
expect that the study will provide insights into strategies for mitigating these challenges using machine
learning algorithms.

59



Machine Learning for Parametric Analysis in Architectural Practice

Chapter 3  Literature Review

This chapter reviews literature related to parametric analysis in architecture. We begin by
discussing the causes of high cardinality design spaces and the need for design space reduction. We make
the case for machine learning as a design space reduction strategy. We then review research related to
parametric analysis in architecture. We argue that it has not yet thoroughly investigated machine learning
for multi-discipline design space reduction.

High Cardinality

Design Spaces Uncertainty

Machine Learning for
Design Space Versatility
Reduction

h 4

Machine Learning

Review Spatial Visualization

Figure 3:1 Diagram Summary of Chapter Three.

3.1 Introduction

This literature review explains the causes of high cardinality design spaces, makes the case for
machine learning as a design space reduction method, and argues that research into parametric analysis in
architecture has not sufficiently investigated machine learning for design space reduction. We identify the
causes of high cardinality design spaces as ‘combinatorial explosion’ and the ‘curse of dimensionality’. We
make the argument that machine learning is suitable for design space reduction in architecture because it
can model uncertainty, is more versatile and supports spatial visualization of simulated data. We reveal
shortcomings in the literature on parametric analysis in architecture and argue that this study contributes by
investigating machine learning in architectural practice under real world constraints.

The parametric analysis discussed in this study is a multi-discipline (and therefore multi-objective) process.
In particular, the process involves both energy analysis and daylight analysis performed simultaneously.
Architectural design is holistic, requiring the synchronous balancing of different, and sometimes conflicting,
design considerations such as cost, function, performance and aesthetics. Architectural decision making is
more effective when these constraints are assessed together rather than when each is assessed in isolation.

Since parametric analysis involves simulation, multi-discipline parametric analysis requires that distinct
simulations be integrated and executed simultaneously. The DSC framework facilitates this multi-discipline
integration. However, the integration gives rise to design spaces of high cardinality.

In computational disciplines the high cardinality of design spaces arises due to the phenomena of
‘combinatorial explosion’ as well as the ‘curse of dimensionality’. In analytical terms the size of a design space
is given by the product I[1X; where 0 <i < n, n is the number of parameters of the design space and the X; are
the number of values of each parameter indexed by i. This product is large if the X; are large, in which case
we have a combinatorial explosion; or else, if n is large, the combinatorial explosion is precipitated by the
curse of dimensionality.
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1 10 10
2 10x10 100
3 10x10x10 1000
4 10x10x10x10 10000
5 10x10x10x10x10 100000
6  10x10x10x10x10x10 1000000
7  10x10x10x10x10x10X10 10000000
8  10x10x10x10x10x10X10x10 100000000
9  10x10x10x10x10x10X10x10x10 1000000000
10 10x10x10x10x10x10X10x10x10x10 10000000000

Figure 3:2 Combinatorial Explosion. Each parameter has a value range of 10.

Glover & Greenberg (1989) describe combinatorial explosion as being encountered when alternatives are
sequentially compounded leading to a vast mushrooming of possibilities. They describe the challenge using
the Travelling Salesman Problem. The salesman must depart from his home city, visit every city on his route
exactly once and then return home. It is assumed that the cost of moving from one city to another is the
same for all cities enroute. The challenge is to make his journey at the lowest cost possible. If there are n
cities on the route, then there are n! possible routes which is effectively an exponential problem and
therefore computationally infeasible. This means that the Travelling Salesman cannot be solved by
exhaustive brute force search. The problem space is too large.

Keogh & Mueen (2017) describe the curse of dimensionality as the problem caused by the exponential
increase in volume associated with adding extra dimensions to Euclidean space. For example, if a line is
divided into 99 equal parts then 100 numbers are required to specify each point on the line. If this line is used
to create a two-dimensional grid, then 100> numbers are needed to specify each point on the grid. If the line
is used to create a three-dimensional cube, then 100° numbers are needed to specify each point in the cube.
In general, 100" numbers are needed to specify the points of an n-dimensional hypercube and this represents
exponential growth.

Multi-discipline design spaces will require many more input parameters to define than single discipline design
spaces. For example, input parameters for energy analysis include WWRs, R-values of envelope materials,
SHGC of glazing materials and dimensions of shading devices. Input parameters for daylight analysis include
WWRs, visual transmittance values for glazing, reflectance and absorption properties of material surfaces, as
well as radiosity and raytracing settings.

Clearly the integration of these two disciplines into a single multi-discipline analysis will generate a design
space with a large number of input parameters. In addition, the side by side consideration of multiple
disciplines is more than likely to increase the ranges of input parameters. For example, while daylight analysis
on its own may explore high value ranges of WWR to maximize natural lighting, considerations of energy
performance will require that lower values of WWR to be explored as well. The result is an expansion of the
value ranges of the WWR input parameter.

The combined effect of a large number of input parameters and large input parameter value ranges gives
rise to a high cardinality design space. The large number of input parameters corresponds to the curse of
dimensionality while the large value ranges of input parameters exacerbates the combinatorial explosion.
High cardinality design spaces are in general not computable and design space reduction is required.
However, design space reduction cannot be performed at too great an expense in terms of prediction
accuracy. Moreover, the design space reduction must consider the speed of simulations based on available
hardware. This will set an upper threshold for the number of simulations that are feasible, which in turn
affects the accuracy of design space reduction models.
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3.2 Machine Learning for Design Space Reduction

It has been argued that, for practical reasons, parametric analysis requires design space reduction.
But why choose machine learning as a design space reduction strategy? We have mentioned that solving the
problem of high cardinality design spaces can be approached through hardware-based methods or software-
based methods (Figure 3:3). Software-based methods can be classified into three broad approaches:
algorithmic, statistical and machine learning methods. Algorithmic methods include genetic algorithms and
other evolutionary algorithm methods. Statistical methods include regression and design of experiments
methods. Machine learning methods include Decision Trees, SVMs and ANNs.

Hlgh Cardinality

Design Spaces

A 4

Hardware-based Software-based
Approach Approach

Design Space Reduction N

Algorithmic Statistical Machine Learning

Methods Methods

Figure 3:3 Approaches to solving high cardinality design spaces.

Algorithmic methods solve high-cardinality design spaces through optimized search strategies. Delgarm et al.
(2016) used multi-objective particle swarm optimization algorithms to find a set of optimal solutions for a
building energy performance problem. Ascione et al. (2015) evaluated cost-optimality of energy efficiency
measures by means of a multi-objective optimization using genetic algorithms. Echenagucia et al. (2015) used
genetic algorithms to perform a multi-objective search aimed at minimizing the energy need for heating,
cooling and lighting.

Statistical methods, on the other hand, solve high-cardinality design spaces by developing data models based
on small samples that can then be used to make predictions on the larger design space. Hygh et al. (2012)
used a multi-variate linear regression model to assess the energy performance of a medium sized building in
four climate zones. Dhariwal & Banerjee (2017) proposed a DOE to reduce simulation time on a three-story
office building. Sadeghifam et al. (2015) used a DOE to optimize the selection of building envelope materials
for improved thermal performance.

Machine learning methods also use the predictive data modeling approach. Wei et al. (2018) reviewed data-
driven approaches for prediction and classification of building energy consumption. Amasyali & Gohari (2018)
reviewed data-driven building energy prediction methods including ANNs, SVMs and Decision Trees.
Ostergard et al. (2018) compared several design space reduction techniques applied to building performance
simulations.

Although all three approaches (algorithmic, statistical and machine learning) provide promising outcomes,
three reasons are given for preferring machine learning to the other methods. First, machine learning
algorithms can model uncertainty while algorithmic methods typically do not. Machine learning algorithms
report metrics associated with uncertainty such as accuracy, confusion matrices, kappa statistics, co-efficient
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of determination, among others. Algorithmic methods, such as genetic algorithms, will return optimized
values without giving any indication of the confidence levels in the results.

Second, machine learning algorithms are more versatile than other statistical methods. Statistical methods
focus mostly on simple forms of regression, whereas machine learning methods provide complex regression
and classification analysis tools with computationally efficient implementations.

Third, machine learning supports computer vision methods for graphically visualizing simulation data. In
many cases this is preferable to reporting numerical data because architecture is a visual profession. In cases
such as daylighting analysis it is imperative to have visual reporting of simulation results so the architect can
understand exactly where in the design geometry design issues like glare or inadequate lighting are occurring.
Itis not enough to simply report a numerical daylighting metric as this does not adequately inform the spatial
context of the problem.

Liu et al. (2018) developed a workflow for generating annual luminance maps of indoor space from training
data using ANNs. In particular they sought to demonstrate the use of deep neural networks, a form of ANN
used for deep learning, to predict long term luminance maps from a small training set. The trained ANN
predicted annual luminance maps from High Dynamic Range (HDR) renderings of existing environments
without time consuming simulation.
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Figure 3:4 Liu et al. (2018) Luminance maps predicted by ANN algorithms.

3.3 Machine Learning Review

In this section we review research where machine learning has been applied to design space
reduction for building performance analysis. We review research related to machine learning for energy
analysis, daylighting and multi-objective optimization. We progressively build the argument that current
architectural research has not sufficiently investigated the application of machine learning for multi-
discipline (and therefore multi-objective) building performance analysis (Table 3:1).
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N Multi- Multi- Machine Pareto or Value
Author Year | Energy | Daylighting Objective | Discipline Learning Function
Magoules & Zhao 2016 °
Robinson et al. 2017 ° °
Kazanasmaz et al. 2009 °
Lorenz & Jabi 2017 °
Diakaki et al. 2008 ° °
Murray et al. 2014 ° °
Nielsen et al. 2011 ° ° ° °
Ahmad et al. 2017 ° ° ° ° °
Lartigue et al. 2014 ° ° ° °
Fang 2017 ° ° ° °
Zhou & Lin 2015 ° ° ° °
Okhoya 2019 ° ° ° ° ° °

Table 3:1 Comparative summary of literature review sources.

Magoules & Zhao (2016) identified different models used for building energy analysis. Physical models use
thermal dynamics and physical principles to calculate performance for the whole building or its components.
Gray models are used when only partial information on the design is available. Statistical models mainly use
regression approaches to correlate the building performance metrics to input variables. They identify SVMs
and ANNs as the most widely used artificial intelligence models for building performance analysis.

They describe different methods of data collection including surveys and questionnaires, measurements and
simulations. Simulation is less expensive than surveys or measurements and can analyze complicated designs
more rigorously. They identify DOE-2™ (James J. Hirsch & Associates., 2019), TRNSYS™ (TRNSYS, 2019) and
EnergyPlus as the most common building energy simulation tools. They describe the use of SVMs for
predicting energy consumption as well as the use of ANNs to perform faulty consumption detection and
diagnosis.

Robinson et al. (2017) aimed to model commercial building energy consumption at the building level using
machine learning models. They trained machine learning models using the 2012 Commercial Building Energy
Consumption Survey (CBECS) data which had 6,720 instances. Due to the difficulty of data gathering their
machine learning models used a limited set of building level features namely square footage, activity, number
of floors, and heating and cooling degree days.

They used a range of models for their experiments including linear regression models, support vector
machines and boosted decision tree models. They validated their model using the New York City Local Law
84 energy consumption dataset which had 13, 223 instances. They found that gradient boosted regression
models performed best with a coefficient of determination (R?) of 0.82. They applied their findings to 73,388
commercial buildings in Atlanta, Georgia.

These authors show the viability of machine learning for energy analysis predictions. On the other hand
Kazanasmaz et al. (2009) observed that in order to design good daylight in buildings designers need to
determine the design illuminance levels at strategic points. They recognized three techniques for estimating
daylightilluminance levels — physical models, computer simulations and analytical formulas. Physical models,
however, are found to have discrepancies from reality arising from a mismatch between model properties
like surface reflectance and real-world surfaces. This has made computer simulations more desirable. The
authors proposed a computer simulation-based approach using ANNs as a tool to predict daylight illuminance
in office buildings.

The subject building for the research was an academic administrative building located in Izmir, Turkey. Data
was obtained from field measurements using light sensors located on a grid within the building. Analysis
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inputs were field measurements, building parameters and weather parameters. The input variables were
Date, Hour, Outdoor Temperature, Solar Radiation, Humidity, UV index, UV dose, Distance to window,
Number of windows, Orientation, Floor Level, Room Aspect Ratio and Sensor Point, while the output variable
was llluminance. They reported 97.80% accuracy levels.

Lorenz & Jabi (2017) proposed artificial neural networks for predicting daylighting performance using daylight
autonomy as the climate-based metric. They noted the sparseness of research into machine learning for
daylighting predictions. They also noted the need to clearly identify impactful input parameters and to
empirically search for neural network architecture that best captures dynamic daylighting analysis
interrelationships.

They used a generic typology of the ground floor of an office building and performed daylight autonomy
simulation using Diva for Rhinoceros™ (Solemna, 2019) for analysis and Grasshopper for parametric
modeling. The design variables of the experiment were the x, y coordinates of sensor locations, average
distance of sensor points to the center of windows and overall dimensions of windows and walls as well as
their respective orientations.

They reported that ANNs were an accurate method for solving the complex and non-linear dynamics of
daylight simulation. For single room analysis they found a 12 neuron, single hidden layer architecture
performed best. A noticeably lower sensor error rate was reported for rooms with two orientation (corner
rooms) but sensor error gradually increased towards the rear of rooms with one dimension. This suggests
that the more available light (more data) the more accurate the prediction. They, however, observed that
due to the expense of gathering simulated data for training the utility of this method depends on the ratio of
the size of the training dataset compared to the full design space.

While all the above authors indicate that machine learning is a viable approach for both energy analysis and
daylighting, in all cases they consider single objective analysis. Architectural decision making on the other
hand is inherently multi-objective often seeking to balance between conflicting design criteria. Diakaki et al.
(2008) recognized multi-objective analysis as an established decision-making support tool for energy efficient
design. They identified several measures for the improvement of energy efficiency including improvement of
building envelope, reducing heating and cooling loads and using renewable sources of energy. With such a
variety of measures the designer must compensate for environmental, energy, financial and social factors in
developing the best possible solutions.

They performed a multi-objective optimization on a simple building studying appropriate choices for window
type, wall insulation material, and the thickness of the wall insulation layer. The aim was to reduce the
construction cost and increase the energy savings. They applied several solution methods to the problem and
concluded that multi-objective optimization for cost reduction and energy efficiency was both feasible and
desirable. However, they noted the simplicity of their reference project and the potential complexity of more
extended design problems.

Murray et al. (2014) presented the retrofitting of buildings for improved energy performance as an
optimization problem balancing construction cost, operating cost and occupant thermal comfort. They
proposed a simulation-based method which coupled thermal modeling with a genetic algorithm optimizer.
They demonstrated the method on a university building located in Cork, England.

The building was initially retrofitted without any energy assessment meaning the retrofits were based on
expert judgement. In order to perform the back-sighting energy assessment the researchers modelled
thermal energy consumption, building material costs, fuel costs and carbon emission factors. Optimization
was performed using a genetic algorithm with payback period, carbon emissions and energy cost as objective
functions. The simulated retrofit reduced thermal energy consumption by 72% post-retrofit compared to
53% from the actual retrofit. In addition, the simulated retrofit identified solutions that would reduce the
annual energy cost by 83%, carbon emissions by 96% and achieve the payback period of under 5 years.
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Although both Diakaki and Murray demonstrated the value of multi-objective analysis their studies are
primarily concerned with energy performance. From an architectural point of view this cannot be considered
truly multi-disciplinary. True multi-disciplinary analysis can be achieved, for example, by simultaneously
analyzing daylighting and energy. But now the means of such an analysis involving separate analytical models
and analytical engines presents a uniquely challenging problem.

Nielsen et al. (2011) recognized that to gain a full picture of a dynamic fagade’s performance the total energy
consumption and indoor environment need to be considered simultaneously. They quantified the
performance of three types of facades considering energy demand, indoor air quality, amount of daylight
available and visual comfort. They argued that the potential energy reduction and increase in occupant
comfort can only be achieved through an integrated multi-disciplinary analysis process. For example,
improving interior daylighting can reduce energy consumption from artificial lighting but it can also increase
heat gain. They used a 3 x 3 x 6 m office space located in Denmark to study the effect of three different solar
shading designs on facade performance. Evaluation of the effect of design parameters on energy
performance and indoor environment were based on thermal energy and daylight factor considerations.
They concluded that an integrated multi-disciplinary simulation can reveal a high degree of interdependence
between design parameters and make it possible to quantify performance along several axes to obtain a
holistic solution.

Ahmad et al. (2017) used ANNs and RFs to predict the hourly energy consumption and daylight illuminance
of a classroom in Cardiff, UK. They identified numerical approaches to building performance analysis as those
using simulation tools like EnergyPlus and Radiance. They identified predictive approaches as those using
methods like machine learning algorithms. They argued that predictive methods were quicker than numerical
methods.

They compared ANNs and RFs for energy consumption and daylight illuminance. The input variables included
solar altitude angle, solar azimuth angle, outdoor dry-bulb air temperature and wind speed. The output
variables were energy consumption and daylight illuminance at a sensor point. Evaluation metrics were the
RMSE, R%, CV and Mean Absolute Deviation (MAD). The methodology involved sensitivity analysis to
determine which input variables most impacted the output, and the tuning of ‘maximum tree depth’ and
‘maximum number of leaves’ hyperparameters. Results indicated that the ANN performed better for energy
consumption while the RF performed better for daylighting.

One shortcoming with Nielsen and Ahmad is that they do not pursue systematic methods of evaluating the
competitive criteria of the multi-discipline analysis. They rely largely on intuitive methods to evaluate and
explain the analysis outcomes. This informality loses precision in decision making. It is preferable to have
systematic methods for evaluating the joint impacts of multiple criteria in multi-disciplinary analysis. Lartigue
et al. (2014) proposed a method for optimizing the envelope of a building based on energy load and
daylighting considerations. They applied the method to the retrofitting of a dormitory building in Pittsburgh,
USA. The main inputs were window type parameters as well as window to wall ratio (WWR). The output
parameters to be optimized were heating load, cooling load and daylight illuminance. They acknowledged
the antagonistic effects of the input parameters. The larger the WWR the better the daylighting but also the
larger the heating load due to increased heat loss in winter, and the higher the cooling load due to increased
heat gain in winter. They needed an optimization approach to balance these competing criteria.

They used GenOpt (University of California, Berkley, 2019), an optimization program that couples with
external simulation tools to compute optimization value functions. They created a design space based on
variations of the input parameters and simulated it to obtain a solution set. They used a Pareto front to
optimize the solution set (Figure 3:5). A Pareto front is a set of non-dominated solutions to a multi-objective
optimization problem. In Figure 3:5 the black items form a Pareto front because no quantity has a higher
value along both axes. For the gray items, which are in what is called the feasible region, all items have at
least one item that has higher value on at least one axis. This means they are all dominated.
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At the building scale, Fang (2017) also proposed an optimization process for the evaluation of both energy
and daylight performance. She also used a genetic algorithm with a Pareto front as an optimization
technique. She used an integrated daylight and energy simulation process to generate the design alternatives
of her design space. This involved Rhinoceros™ (Robert McNeel, 2019), Grasshopper™ (Grasshopper, 2019),
Ladybug™ (Roudsari, 2019) and Honeybee™ (Roudsari, 2019) software coupled to the Radiance simulation
engine for daylight analysis and to the Energyplus simulation engine for energy analysis.

QUANTITY OF ITEM 2

QUANTITY OF ITEM 1

Figure 3:5 (Wikipedia, 2019) Pareto Front

She used a simple 3600 square foot office building as her case study. She optimized the case study in three
different climate conditions: 2A (Orlando), 4A (Raleigh) and 6A (Minneapolis). Using the genetic algorithm,
she optimized the building for energy and daylighting. Using the Pareto front she identified a balanced
optimum for both energy and daylight (Figure 3:6).

While Lartgiue and Fang demonstrate the value of multi-disciplinary optimization, their methods do not
involve machine learning. Zhou & Liu (2015) compared ANNs and SVMs for daylighting and thermal
performance of building envelopes. Their inputs were weather data, window SHGC and window blind
reflectance values. The daylight metric was useful daylight illuminance (UDI) while the energy metric was
aggregated hourly energy consumption. Their algorithms involved generating building design data, using this
along with weather data to perform simulations, generating daylighting and thermal performance data,
feature selection and extraction, training the machine learning algorithms to make predictions, and
performing comparative analysis. They also used principal component analysis (PCA) to perform sensitivity
analysis and examine its impact on the performance of the algorithms. While Zhou & Liu used machine
learning for both daylighting and energy analysis, they did not employ a systematic evaluation method for
the joint evaluation of these potentially conflicting analyses.

In the experiments of this study we will combine strategies from the literature review. Like Zhou & Liu we
will use machine learning algorithms for both energy and daylighting analyses. Since they did not perform
systematic comparative analysis, like Lartigue and Fang we will adopt a systematic approach. However, unlike
these latter we will not opt for a genetic algorithm with Pareto fronts. Instead we will construct a value
function for the cross-comparison of the conflicting analysis criteria. This approach is more amenable to the
application of machine learning algorithms.

The literature review demonstrates that research has been done into parametric analysis in architecture.
However, machine learning based multi-discipline parametric analysis has not been thoroughly investigated.
In this study we contribute by investigating machine learning for multi-discipline parametric analysis in the
context of architectural practice. Real world projects have real world constraints and we seek to understand
how effective machine learning algorithms are under such conditions. Real projects must use real data to
develop predictive models with minimum simplification or idealization. Real projects must also respect
project schedules and industry standards. It therefore seems reasonable to ask how effective are machine
learning algorithms in these real environments?
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Chapter 4 Machine Learning Background

In this chapter we discuss the theoretical background to the machine learning algorithms used in
this study. We first introduce two different types of machine learning algorithm — supervised and
unsupervised learning. We focus on supervised learning for the study. We then discuss the theory of the
machine learning algorithms we intend to use for our experiments— choosing to focus on SVMs, ANNs and
DTs. Since building performance analysis is a regression problem, we identify regressive implementations of
these algorithms that we will run — SMOReg, MLP and RF. Lastly, we discuss the impact factors that we will
apply to attempt to improve algorithm performance beyond the default.

Types of Machine

Multi-Layer

Sensitivity Analysis Perceptron

Learning Supervised Learning

Y

Impact Factors SMOReg
Learning

Sample Size

Feature Selection

Random Forest

(Default)

Hyperparameter
Tuning

4.1 Types of Machine Learning

Figure 4:1 Diagram Summary of Chapter Four

Murphy (2012) identifies two main types of machine learning: supervised or sometimes called
predictive learning and unsupervised or sometimes called descriptive learning. He also acknowledges
reinforcement learning which is useful for learning when given reward or penalty signals.

4.1.1 Supervised Learning

No. X Y 4 Class
Training 1 T T T T
Training 2 T T F T
Training 3 T T F F
Training 4 T F F F
Training 5 F F F F
Test 6 T F T ?

Table 4:1 Supervised learning example.

In supervised learning we use data that has the ‘answers’ provided. These answers are referred to
as labels and the data is called a training set. A machine is trained using such training data and is then checked
to see how well it has ‘learnt’ by providing it with a test set. The test set has the same structure as the training
set except that it does not contain answers. The machine provides the answers. When the machine scores
highly on a test set, that is, it provides correct answers to a high degree of accuracy, then training has been
successful, and the machine will be useful in making future predictions.

As a simple example in Table 4:1, imagine providing a machine with data represented by input parameters X,
Y, Z and an answer represented by the output parameter ‘Class’. We can then ask the machine to classify a
test example that is not part of the training set suchas X=T, Y =F, Z =T. If it correctly answers that ‘Class =
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T’, then it has been well trained and can be applied, with confidence, to other predictions. It should be noted
that the answers given for training are not always ‘correct’ answers. Looking at row 2 and 3 in Table 4:1 they
cannot both be correct. However, machine learning is probabilistic. Given a large enough training set the
algorithm will classify test instances using the classification with the highest probability of being correct.

Supervised learning has several applications including medical diagnosis, image recognition and speech
recognition. In the example above we can imagine that X stands for ‘high temperature’, Y for ‘sore throat’
and Z for ‘exhaustion’. Then, ‘Class’ might be a classifier that asks whether an individual with symptoms X, Y
and Z has the flu. Extrapolating, if there are hundreds of symptoms and hundreds of possible diseases,
effective machine learning can help a doctor make the correct diagnosis.

In this study we will use the supervised machine learning approach. The training sets will be data generated
by simulation engines such as EnergyPlus (energy data) and Radiance (daylighting data). It should be noted
that while ‘noise’ Is typically an inherent aspect of machine learning data there is minimal noise in data
generated by simulating engines.

4.1.2 Unsupervised Learning

In the case of unsupervised learning, the machine is provided with data that has no answers. It is
essentially just given data to make sense out of. The goal is to discover interesting structure in the data. One
of the key strategies to finding structure under unsupervised learning is clustering. Algorithms typically
attempt to decompose raw data into related clusters. For example, suppose the given data is:

DBADABCDADAABBCACBABDACABD
An unsupervised learning algorithm, based on lexicographical sorting, might cluster this as:
AAAAAAAAA BBBBBBB CCCC DDDDDD

Examples of unsupervised learning usage include discovering clusters, discovering latent features and
discovering structure. Discovering clusters is used in e-commerce to cluster users into groups based on their
purchasing behavior. Discovering latent features is useful for dimensional reduction where high dimensional
data is reduced to lower dimensional data. Discovering structure allows the algorithm to infer plausible
values for missing data. This is called imputation and can be used to complete ‘holes’ in images, for example.

4.2  Supervised Machine Learning Algorithms

Building performance machine learning problems involve learning to make predictions on unseen
input data using labelled training data. They are therefore supervised learning problems. In addition, the
output parameters are typically continuous which means the machine learning algorithms required are
regression-based. In this section we review three supervised learning algorithms commonly used for building
performance analysis. The algorithms are Support Vector Machines, Artificial Neural Networks and Decision
Trees. We introduce regression-based implementations of these algorithms for our experiments. For SVMs
we use the SMOreg algorithm, for ANNs we use the MLP algorithm and for Decision Trees we use the Random
Forest algorithm.

4.2.1 Support Vector Machines

SVMs are an approach to machine learning using decision boundaries. Given a classification
problem, an SVM seeks to develop the widest distance between the classes. Given a vector w normal to the
decision boundary lines and an unknown vector u to the test instance we can measure whether w.u 2 ¢,
where c is a constant. This is the same as w.u + b > 0, where b is a constant. If w.x + b > 1 then x can be
classified as positive, while if w.x’ - b < -1 then x’ is negative, where x, x’ are test vectors.
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< ‘ decision boundary

Figure 4:2 Demonstration of the SVM concept.

Introducing a convenience variable y such that y = 1 for the positive sample and y =-1 for the negative samples
we have that, for both boundaries, y;(w.xi+ b) > 1 and y;(w.xi+ b) - 1 2 0, where i is an index over the training
instances. At the decision boundary lines y; (w.xi+ b) - 1 = 0.

The width of the decision boundary can be given by the difference of two vectors x. - x. where x. is a value
on the positive boundary line and x.is a value on the negative boundary line. If we have a unit normal like
w/|w| then the width of the decision boundary is w/|w]|.(x. - x.). But now x..w /|w| =1 + b and x.w/ |w]|
= 1- b. Therefore, the width is 2//w/.

We wish to maximize 2//w/ or minimize [w/, which for convenience we can write as minimizing % [w/?,
given the constraint that y; (w.xi+ b) - 1 > 0. To solve this constrained optimization problem, we use the
method of Lagrange multipliers to write the objective as:

L=% |w|?-Sa;[y(w.xi+b) - 1]

Z—:V: w - Ja;yixi = 0 for extremum

oL

Fral Ja;yi = 0 for extremum

And this gives L = Sai-1/2 S.5a; ajyiyixi..X; where the a; are slack variables. Thus, at the extremum, the value
of the width depends only on dot products of pairs of training samples. This expression is referred to as a
quadratic programming problem and sequential minimal optimization can be used to solve it.

If the data cannot be linearly separated, then it may be separable in a higher dimensional feature space
(Figure 4:3). Kernels are a method for mapping data into higher dimensional feature spaces. A kernel is a
function K such that K(x,z) = (¢(x). ©(y)) where ¢ is a mapping from X to an inner product feature space F.
Examples of kernels are ‘linear’, ‘polynomial’ or ‘radial basis function’.

x X1X2
- 1 X +
- -
1 H 1
4 H

1 I X = T X,

+ 4 — 1 ;

I 4
non-separablein separable in three
two dimensions dimensional space

Figure 4:3 Demonstration of the kernel concept.
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Since SVMs are typically classification algorithms we use a regression-based implementation of SVM called
SMOReg (Shevade et al., 1999). SMOReg is a type of SVM called Support Vector Regression machine (SVR).
Smola & Schoélkopf (2004) describe the basic premise of an SVR. Given training data {(xs, yi),..., (X, yi)}
where x are the input parameters and y are the output parameters, the goal is to find a function f(x) that
has at most £ deviation from the actual target values. In other words, the boundaries associated with this
function are as small as possible while containing as many of the actual target values as possible (Figure
4:4).

»
»

Figure 4:4 Demonstration of the Support Vector Regression concept.

4.2.2 Decision Trees

A decision tree is a representation of a function from a set of discrete attributes to a class. For
example, the decision tree and table of attributes for the Boolean statement x1 a x2 looks like Figure 4:5.
How do we learn a decision tree? We cannot do an exhaustive search of all possible paths down the tree as
this is exponential in the depth of the tree. We can possibly use a greedy algorithm such as ID3 or C4.5
(Mitchell, 1997). In ID3 we take a training set of labeled attributes as inputs. At the root we either stop
growing the tree or we split the tree at one of the attributes. A sub-tree is then recursively grown for each
attribute until the leaves of the tree.

What is the criterion for choosing an attribute to split on? To understand this, we need to understand the
idea of bias. Consider the training set in Table 4:2. What is the true concept here? Is it Attribute 1 AND
Attribute 2 or is it Attribute 2 OR Attribute 3? In fact, we cannot tell which means our learning algorithm is
likely to get stuck trying to learn this concept. This simple example illustrates why it is difficult at first glance
to see how we can use learning to classify unseen instances.

X1
V \ X X Class
F F F
False X2 F T F
F \T T F F
/ T T T
False True

Figure 4:5 A decision tree for the Boolean statement x1 A x2.

The solution is to accept that learning machines need to have an inductive bias in order to learn. This means
they must prefer certain types of data or patterns even if such a preference is sometimes ambiguous. Thus,
in Table 4:2, we could have an algorithm with an inductive bias for concepts with the fewest attributes. This
means it will prefer a concept like Attribute 2 = True to other possibilities.
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When applied to decision trees this bias means that they prefer short trees. A heuristic for determining the
attribute that would lead to the shortest tree uses the idea of ‘entropy’ from information theory. The entropy
can be interpreted as the amount of disorder in the data. The higher the entropy the less orderly the data
and the deeper the trees it will produce. Thus, we should select low entropy attributes to split on.

However, if an attribute has several values, for example if it has a distinct value for each instance of the
training set, then such an attribute tells us everything about the labelled class and has low entropy. Such an
attribute would not generalize to unseen instances — it is overfitted to the training set. Therefore, a tree with
such attributes needs to be pruned. This means that, at any node of the tree, we avoid splitting on attributes
that have too many values.

Attribute 1 Attribute 2 Attribute 3 Classification
False False False No
True False False No
True True False Yes
True True True Yes

Table 4:2 Decision tree attributes.

To understand the performance of Decision Tree algorithms we can use the concept of generalized error. The
generalized error of a Decision Tree algorithm consists of three parts: bias, variance and an irreducible error
due to noise. Bias tells us how much, on average, the trained model differs from ground truth. Variance tells
us how inconsistent the trained model is when compared to different test sets it has not encountered before.
The bias problem is an underfitting problem where the trained model is not flexible enough to approximate
ground truth data. The variance problem is an overfitting problem where the trained model fits noise in
addition to ground truth data. The performance goal of a Decision Tree algorithm seeks to achieve a bias-
variance trade off.

Low bias High bias

Low
variance

High
variance

Figure 4:6 (Machine Learning, 2019) Bias-variance trade-off.

Decision Tree algorithms can be categorized as Classification and Regression Trees (CART), Ensemble
algorithms, Boosting algorithms and Bagging algorithms. CARTs can be either classification or regression
machines. They classify instances according to the following recursive algorithm:

1. If the root of the tree is a class, then stop.

2. If not, then the root is an attribute and the classification is the classification of the sub-tree reached
by selecting appropriate values based on attribute values of the root.
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However, CARTs face the challenge of bias-variance tradeoff. One approach to reducing the variance of a
Decision Tree without increasing the bias is to use Ensemble Learning. Instead of learning using a single
algorithm on a single training set, learning is achieved through multiple algorithms. For example, several
supervised learners can be trained on a dataset and then prediction is performed by having each algorithm
make a prediction and then voting to determine the final outcome. Ensemble learners do not increase bias
because the average performance of the Ensemble is the average of each individual learner and these do not
change their accuracy. However, Ensembles decrease variance because the individual variance of each
learner can be voted down.

Final ensemble prediction
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Figure 4.7 (Datacamp, 2019) Ensemble learning.

One type of Ensemble learning is Bagging (or bootstrap aggregating). Bagging uses one algorithm with
different subsets of a training set. Bootstrap sampling refers to sampling with replacement from the training
set. Each Bootstrap sample develops a model which is then used to make predictions on new instances.
Classification is performed by aggregating predictions by majority voting.
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Figure 4:8 (Datacamp, 2019) Bagging.

In this study we use a Bagging method called Random Forest. Brein (2001) defined Random Forests as a
combination of tree predictors such that each tree depends on the values of a random vector sampled
independently and with the same distribution for all trees in the forest. In other words, each tree in the
Random Forest is trained on a different bootstrap sample having the same size as the training set. At each
node, each tree uses a specified number of features from the feature set.
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Figure 4:9 (Datacamp, 2019) Random Forest.

Heden (2016) used Random Forests and Support Vector Regression to predict the hourly residential energy
consumption in residential buildings. In particular he used number of features and number of trees as
hyperparameters. Ahmad et al. (2017) used Random Forests and Artificial Neural Networks to predict energy
consumption and daylight illuminance in a classroom in Cardiff. They used maximum depth and maximum
features as hyperparameters. In this study we will use the number of features, number of trees and maximum
depth as hyperparameters.

Like SVMs, Decision Trees are classification algorithms that have to be adapted to perform regression. This
can be done by replacing the idea of Information Gain (Entropy) with that of Standard Deviation Reduction.
If a Decision Tree has an output parameter that is real-valued, then when we split on an attribute, we can
compute the standard deviation of the output parameter values for each value of the attribute. For each
attribute, the standard deviation reduction is the difference between the weighted sum of the standard
deviations of each attribute value and the standard deviation of the attribute before the split. The attribute
with the largest standard deviation is chosen for the split.

Splitting is performed recursively until some termination criterion is reached. A termination criterion might
be when too few instances remain in the branch or when the coefficient of deviation for a branch becomes
smaller than a given threshold. We assign the average of each branch to the related leaf node of the attribute.

4.2.3 Artificial Neural Networks

A neural network is a computational structure formed from a network of individual processing
units, called neurons, that send messages to each other (Pfeffer, 2009). They are modelled after the human
brain although this is not necessary for their mathematical formulation. The simplest model of a neural
network is the perceptron. It takes a set of inputs from the training data and associates a weight with each
input. It computes the weighted sum of all inputs and passes this to an activation function. If this sum is
greater than a defined threshold the function returns 1 (it activates) otherwise it returns 0. The perceptron
classifies by learning weights that correctly classify each input instance with the least error.
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Figure 4:10 (Towards Data Science, 2019) Perceptron.

The structure of a perceptron means that it can only represent linear decision boundaries and linearly
separable concepts. This means that there are concepts that perceptrons cannot learn. For example, the
boolean concept x XOR y cannot be represented by a perceptron. The solution is to use additional layers of
neurons which can learn the non-linear concepts by capturing interactions between the input values. Bryson
& Ho (1969) developed a multi-layer feed-forward neural network that could learn non-linearly separable
concepts like x XOR y. However, this type of network raises the question of how the output error is to be
distributed between the nodes in the hidden layers so that the weights entering these nodes can be adjusted
for learning. An algorithm called the backpropagation algorithm provides an answer to this question.

In this study we use a Multi-Layer Perceptron, a form of multi-layer feed-forward neural network. Multi-Layer
Perceptrons have an input layer, hidden layers and an output layer. The nodes in each layer are connected
to the nodes in the next layer. Each connection has an associated weight. Each node calculates the weighted
sum of its incoming connections and returns a result depending on whether the sum is greater or less than a
threshold value.
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Figure 4:11 (Towards Data Science, 2019) Multi-layer feed-forward neural network

Two important questions can be asked about Multi-Layer Perceptrons. How many hidden layers should they
have and how many nodes should each layer have? If they have no hidden layers, then it is a simple
perceptron. If they have one hidden layer then Lippman (1987) shows that they can form any, possible
unbounded, convex region in the space of the spanned inputs. If they have more than two layers, they can
form arbitrarily complex decision regions. With regard to the number of nodes in each layer Witten (2011)
recommends using the mean value of the number of nodes in the input and output layers.
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The weights of the neural network are learnt from the training data. The idea is to begin with a random
weight assignment and then to iteratively reduce the error between the actual output and the expected
outputs. The method for achieving this is referred to as gradient descent. The error is then propagated
backwards through the network and the weights updated according to the amount they contribute to the
error. This is known as backpropagation.

The amount by which weights are updated is controlled by hyperparameters two of which are the learning
rate and the momentum. The learning rate controls the amount by which a given weight is updated for a
given error. The momentum allows weight updates to continue even when there is less error being calculated.
In this study the hyperparameters we will explore are the number of layers, the number of nodes per layer,
the learning rate and the momentum.

4.3 Impact Factors

Investigating the performance of machine learning algorithms for parametric analysis does not
simply mean measuring the prediction accuracies. It is also important to understand the factors that
influence these accuracies. This helps us fine tune the algorithms for optimal performance. The impacts we
study in this research are the sample size, sensitivity analysis, feature selection and hyperparameter tuning
(Figure 4:12). Sample Size provides the default performance by running the algorithms using default
hyperparameter settings and the benchmark sample size (defined as 1000 instances in this study). Sensitivity
Analysis answers the questions to which input parameters are the output parameters most sensitive? Does
using sensitive parameters for machine learning improve algorithm performance? Feature Selection answers
the question which combination of input parameters, regardless of sensitivity, gives the best performance?
Hyperparameter Tuning answers the question what values of the algorithms’ hyperparameter settings give
the best performance?
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Figure 4:12 Diagram of impact factor study.

Sample Size refers to the number of instances in a training set. It is important for design space reduction
because if the sample size required for acceptable accuracy (5 — 10% RAE) is too large then gathering a
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training set for the machine learning algorithms will be too computationally expensive. In this study the range
of sample sizes investigated is determined by the practical range that can be simulated in a 33-hour period
on high specification but generally accessible hardware (see Section 2.3). Based on this assumption we
investigate sample sizes ranging from 100 to 1000 instances. We seek to understand the minimum sample
size within this range that will give acceptable accuracies.

Sensitivity Analysis is a measure of how the variation of input parameters affects the output parameters. This
is important because it can tell the designer which input parameters will have the most effect on the output
of interest and thereby help focus attention. It can also help to simplify the model by removing parameters
that have very little influence on the output parameters. This can have the effect of making computation
faster. Sensitivity Analysis can be calculated using a variety of methods including one-factor-at-a-time
methods, scatterplots, regression analysis and correlation analysis. In this study we use the Assess Variable
Importance feature of JMP for sensitivity analysis (Figure 4:13). The Assess Variable Importance feature lists
the variables in order of their influence on the output parameter. It also indicates the Main Effect, or the
impact the input parameter has on its own, and the Total Effect, or the impact it has in combination with
other variables. In performing sensitivity analysis, we seek to understand if it has any effect on the
performance of machine learning algorithms. Does the removal of insignificant input parameters improve
the performance of the algorithms?

Summary Report
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Figure 4:13 Sensitivity analysis report from JMP.

Like sensitivity analysis feature selection, or attribute selection, reduces the number of input parameters
used for developing a machine learning model. This improves model performance by removing irrelevant or
redundant features. Unlike sensitivity analysis which simplifies the model by checking for input parameters
that do not impact the output parameter, feature selection simplifies the model by checking for subsets of
the parameter space that may perform better than the parameter space itself.

Features targeted for removal can be noisy features, correlated features or duplicated features. We use
Weka’s Attribute Selection functionality for feature selection. Weka Attribute Selection can be performed by
correlation calculation, information gain-based calculation or learner-based feature selection. We wish to
understand what subset of input parameters will give the most accurate model for each of our machine
learning algorithms. Can we improve algorithm performance by judiciously choosing a subset of the
parameter space to train and test?

To better understand the distinction between feature selection and sensitivity analysis consider a training
set with input parameters {A, B, C} and output parameter X. Assume that sensitivity analysis reveals that X is
more sensitive to A than to B, and more sensitive to B than to C. Training sets for the impact of sensitivity
analysis will be

{(A), (A, B), (A, B, C)}

on the other hand, training sets for feature selection will be
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{(A), (B), (C), (A, B), (A, C), (B, C), (A, B, C)}.

Clearly the sensitivity analysis training sets are a subset of the feature selection training sets. However, in
practical terms, the number of subsets of a given training set can be large (2", in fact, where n is the number
of parameters). This means feature selection only searches a sample of the total subsets. And this means
that it is still relevant to perform an impact study based on sensitivity analysis.

Hyperparameter tuning is the problem of selecting the best combination of hyperparameters for best
algorithm performance. When working with machine learning models, model parameters are values
associated with the model that are established as a result of the training. For example, in linear regression
the slope and intercept values are model parameters. Hyperparameters, on the other hand, must be
established before training and include weights, biases and options. In neural networks the choice of
activation function is a hyperparameter; in decision trees the depth of the tree is an example of a
hyperparameter; in support vector machines the choice of kernel is a model hyperparameter. We will use
the Weka Experiment Environment to run hyperparameter tuning experiments. We wish to understand by
how much we can improve algorithm performance through hyperparameter tuning.

4.3.1 Sample Size

Sample Size affects both sample accuracy and prediction accuracy. In a constrained problem we
have a limit to how big we can make the sample as this affects the overall speed of simulation. On the other
hand, we have a limit to how small we can make the sample because this affects accuracy. The sample size
impact factor investigates the performance of algorithms at the default benchmark size (1000 instances). As
such it is the default against which other impact factors are compared. In addition, it investigates the
minimum sample size that gives effective performance.

4.3.2 Sensitivity Analysis

Sensitivity Analysis attempts to improve algorithm performance beyond the default by identifying
what input parameters have the least impact on the output parameters and investigating whether excluding
these parameters improves performance. It can also investigate whether input parameters that have the
most impact on the output parameter are too closely correlated and are causing overfitting. As such,
sensitivity analysis has two stages. First, we rank the input parameters according to their sensitivity. A simple
way to do this is to calculate the correlation coefficient between each input parameter and the output
parameter. The input parameter with the highest coefficient is the most sensitive. Second, we run machine
learning algorithms on the training dataset sequentially excluding the least sensitive parameters. We check
to see if at any point of the process algorithm performance improves beyond the default with all input
parameters included.

4.3.3 Feature Selection

Feature selection, or attribute selection, is the process of selecting a subset of a parameter space
for use in building data models. Feature selection is different from feature extraction because it does not
create any new features or parameters. It simply includes or excludes parameters in an effort to find the
selection that gives the best model performance.

Guyon et al. (2008) identify potential benefits of feature selection including facilitating data visualization and
understanding, reducing measurement and storage requirements, reducing training and prediction times,
and improving performance by counteracting the curse of dimensionality. Browntree (2014) identifies three
techniques for performing feature selection using Weka: correlation based feature selection, information
gain based feature selection and learner based feature selection.

Correlation based feature selection uses the correlation between input parameters and the output
parameter to determine which parameters to include and which parameters to exclude. This is similar to
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some approaches to sensitivity analysis. Correlation can be calculated using measures like the Pearson
Correlation Coefficient. Input parameters, or features, with moderate to high correlation, positive or
negative, are included while parameters with low correlation are excluded.

Information gain-based feature selection calculates the information gain, or entropy, for each input
parameter in relation to the output parameter. For a given input parameter if all its values give the same
value for the output parameter then it adds no information and has a low entropy. If, on the other hand,
each of its values has a different value for the output parameter then it has a lot of information gain. We see
that the output parameter is sensitive to changes in the input parameter. Parameters that add higher
information gain to the output are selected while attributes that add little information gain are excluded.

Learner based feature selection uses wrapper methods that consider feature selection as a search problem.
Different combinations of the input parameters are used for training with a generic algorithm and the
performance compared. The combination of input parameters that performs best is selected as the feature
set. The search can be performed by various search algorithms including greedy algorithms, best first
algorithms and hill climbing algorithms.

4.3.4 Hyperparameter Tuning

According to Kuhn & Johnson (2013) many machine learning models have important parameters
that cannot be estimated from data. These parameters are referred to as tuning parameters, or
hyperparameters, because there are no analytical formulae for calculating their value. Bergstra & Bengio
(2012) define hyperparameter optimization as the problem of identifying good values for hyperparameters
to minimize the generalization error of the machine learning algorithm. They distinguish between grid search
and random search as two approaches to hyperparameter optimization.

Grid search builds a model for each possible combination of hyperparameter values under consideration. It
evaluates each combination and selects the best performing one. If there are several hyperparameters then
grid search suffers from the curse of dimensionality and becomes inefficient. Random search provides a
statistical distribution of values for each hyperparameter from which a random sample is selected for
evaluation. One reason to motivate the use of random search is that not all hyperparameters are equally
important. Thus, quickly identifying the less significant parameters and focusing the optimization on
significant parameters gives better search performance than exhaustively evaluating every possible
combination.

In this study we identify from literature a set of hyperparameters to investigate for each algorithm. We
establish from literature a range of values for each hyperparameter. We run experiments where each value
of each hyperparameter is tested. We check to see if at any point during the experiments algorithm
performance improves beyond the default.
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Chapter 5 Methodology

The research methods applied in this study are simulation methods and experimental methods.
These are applied to three reference projects. The reference projects are real world projects designed by
Perkins&Will Architects that provide the data used for machine learning. We build on a methodological
framework called Design Space Construction (DSC) to implement parametric analysis. Simulation
methodology describes the tools and processes for generating the building performance analysis data.
Experimental methodology describes the machine learning experiments and the impact studies performed.
The general experimental method provides details on how repetitive aspects of the experimental
methodology will be performed. This will prevent having to describe these aspects for each of the reference
projects.

Residential Tower

Methodologies Case Studies Mid-Rise Towers

Design Space Students' Residence

Construction

Framework

Simulation Daylight Analysis

Methodology

Experimental

Methodology Energy

Analysis

neral
Genera Tools Processes

Experimental Method

Figure 5:1 Diagram Summary of Chapter Five

5.1 Reference Projects

The three reference projects, all located in British Columbia, Canada, are Residential Tower, a mixed
use commercial-residential tower development (Figure 5:2); Mid-Rise Towers, three mixed use commercial-
residential towers standing on two podiums (Figure 5:3), and Students’ Residence, a students’ campus
residential building (Figure 5:4). For Residential Tower a typical mid-level floor was analyzed for energy and
daylighting performance. The design questions the team sought to answer were what the most appropriate
window to wall ratios on each facade of the building are, and what is the most appropriate depth of balconies
for optimum building performance.
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For Mid-Rise Towers eight slices of the towers were analyzed for daylighting and energy performance. The
challenge was to provide design guidance for each of the different facades at different locations of the design.
Facades had different orientations and shading effects while different levels of the building had different
adjacency conditions. For Students’ Residence, a typical upper floor was selected for analysis. The design
team was exploring three design alternatives with different geometries and orientations and wished to
compare them in terms of building performance. All three alternatives were simulated, and statistical testing
was used to determine which of the alternatives performed best.
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Figure 5:2 (Perkins&Will, 2019) Residential Tower, Vancouver.

Figure 5:3 (Perkins&Will, 2019) Mid-Rise Towers, Vancouver.
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Figure 5:4 (Perkins&Will, 2019) Students’ Residence, Vancouver.

5.2 Design Space Construction

Research and practical experience show that parametric analysis needs systematic implementation.
All the reference projects examined in this research utilized DSC as their implementation approach. DSC is a
formal methodological framework that addresses the challenges of implementing design space exploration
in practice (Haymaker, et al., 2018). DSC involves a set of roles and a four-step process for performing design
explorations (Figure 5:5). The roles are stakeholders, decision makers, designers and gatekeepers. The steps
are objective definition, alternative generation, impact analysis and value assessment. A stakeholder is a
person or organization that a design decision may affect. A decision maker identifies stakeholders and
appoints designers and then participates in assessing value for decision making. A designer defines design
alternatives and analyzes those alternatives considering requirements and constraints. Gatekeepers are
individuals or groups with the power to constrain the range of viable alternatives (Chachere & Haymaker ,
2011).

Objective Definition Alternative Generation Impact Analysis Value Assessment

Set
Set Goals Preferences

Stakeholder

»| Assess Value

Decision Maker
-
y

Generate o Analyze
Alternatives g Impacts

Designer
e

Set
Constraints

Gatekeeper

Figure 5:5 Design Space Construction (DSC) framework.
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5.2.1 The DSC Process

Objective Definition (Table 5:1) formulates the problem by assembling the relevant team and establishing
the design exploration objectives. Goals, defined by stakeholders, define specific desirable outcomes.
Objectives are specific targets, associated with goals, to aim for or failures to prevent. Most design problems
in the real world will have multiple goals, or objectives, and the optimization of one objective may well
compromise other objectives. This gives rise to the need for multi-objective optimization. Constraints,
defined by gatekeepers, represent the bounds of input and output variables and must be satisfied for an
alternative to be considered viable. Ultimately, metrics allow for the verification of whether objectives were

met, or constraints were obeyed.

Category Metric Description Units Constraint
Experience Daylight Factor Percentage floor area with a specified percentage of lux % 2% < Daylight Factor < 5%
compared to outdoor lux value
Quality Views Percentage of floor area with a direct view to desirable % >50% landscape features
outdoor features. visible
Direct Line of Sight Percentage of floor area with a direct line of sight to the % >75% floor area with direct
outdoors line of sight
Ecological COz Emissions Amount of CO; associated with construction and operation | tons/sqm <6
of the building
Total Site Energy Total annual heating and cooling loads kwh/m?/year | <30 kwh/m?/year
Economic First Cost Estimate of construction cost S/sqft < $300/sqft
Life Cycle Cost Estimate of energy cost to operate the building S/year < $30,000/year

Table 5:1 DSC Objective Definition example.

Alternative Generation (Figure 5:6) creates the different design concepts that are to be explored. Each
alternative corresponds to an input parameter value for the input parameters in the parameter space.
Parameters can be categorical or numerical and they define a range referred to as the parameter value space.
The design space is generated by combinatorically selecting parameter values from each parameter value
space. Due to the potentially large size of design spaces, design teams must select parameter value spaces
judiciously in order to constrain the size of the design space while ensuring the design problem is adequately
described.
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Alternative 1 @
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Figure 5:6 DSC Alternative Generation.

Impact Analysis (Figure 5:7) refers to quantifying the influence of the combined inputs of a design alternative
on each of the relevant outputs. The outputs are typically classified as experiential, ecological and
economical. Examples of experiential outputs include quality views and direct line of sight metrics; examples
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of ecological outputs include heating loads, cooling loads and daylight factors; examples of economical
outputs are first cost and life cycle costs. Impact analysis of each of these outputs involves the use of
specialized analytical tools. The DSC framework seeks to integrate these tools into a unified analysis toolkit.
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Figure 5:7 DSC Impact Analysis.

Value Assessment (Figure 5:8) evaluates the impact of each design alternative and identifies preferred
alternatives to establish a design solution set. The design solution set is a range of alternatives that best
respond to the design problem given the objectives, constraints and impacts that have been developed for
the problem. Indeed, the goal of design space exploration is to find design solution sets. Value can be
assessed as a single objective output such as finding the best solutions for the heating loads of a design; or it
can be assessed as a multiple objective output such as finding the best solution for the heating load given

that we require the best solution for daylighting as well. In this latter case a value function is used to calculate
the values of a multi-objective output variable.
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Figure 5:8 DSC Value Assessment.

In the reference project chapters of this research (Chapters 6, 7, 8) the project description will be given in
terms of the DSC methodology. This will help give a structured description of the goals, the process and the

outcomes of the analysis. In addition, the incorporation of machine learning modifies the steps of the
simulation process.
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5.2.2 The Value Function

It has been mentioned that one unique feature of architectural parametric analysis is that it is
inherently multi-disciplinary. This raises the apples and oranges question of how to compare metrics from
different disciplines measured in distinct units. For example, EUl is measured in kwh/m?/year while daylight
illuminance is measured in lux. Is having 30 kwh/m?/year in a classroom better than having 200 lux? More to
the point, is having 30 kwh/m?/year and 200 lux in a classroom better than 40 kwh/m?/year and 300 lux?

In single objective problems the superiority of one alternative over another is easily established by comparing
their outputs. For multi-objective problems, including multi-discipline problems, more sophisticated
methods are required. These methods include Pareto fronts, weighted sum methods and epsilon-constraint
methods. Pareto fronts make use of the concept of dominance. In particular a multi-objective alternative x
dominates a multi-objective alternative y if x is no worse that y in all objectives, and x is strictly better than y
in at least one objective. For a given multi-objective design space the set of all non-dominated alternatives is
called a Pareto-optimal set. We can graph all alternatives in the Pareto-optimal set to form a Pareto-optimal
front (Figure 3:5).

In this study we make use of the weighted sum method to calculate the value function. The weighted sum
method normalizes the objectives of a multi-objective problem and adds them up into a single objective. The
objectives are multiplied by a weight which reflects their relative importance for the goals of the analysis. If
the objectives are conflicting, then it may be necessary to invert one or more objectives in developing the
summed single objective. The advantage of the weighted sum method is that it is conceptually simple, and it
has a format suitable for machine learning. However, it is not a straightforward matter to establish the
weights needed, particularly in a multi-discipline case. In addition, if the Pareto front of the problem is non-
convex then the weighted sum method cannot find certain Pareto-optimal solutions.

In order to transform the energy and daylight outputs so that we can compare them on the same scale we
will make use of the normalization formula

X = X — Xmin /Xmax = Xmin

where x is the output value of any given alternative, xmin is the minimum output value of the objective and
Xmax 1S the maximum output value of the objective. The results are given on a scale from 0 to 1. Because
energy and daylighting are conflicting objectives, which means we seek to minimize the energy objective
while maximizing the daylight objective, we invert one of the objectives, say energy, by subtracting its
normalized value from 1. This way we can simply seek to maximize the summed objective.

For the purposes of this study we will assume all objectives of a multi-objective analysis have equal weight.
Although in the real world this is often not the case, for the purpose of evaluating machine learning
algorithms it is a reasonable assumption. In summary, the value function of the multi-discipline analysis will
be calculated according to

VF=E+D

where VF is the summed objective for any given design alternative, E is the normalized, weighted and
inverted energy objective, and D is the normalized and weighted daylighting objective.
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5.3 Simulation Methodology
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Figure 5:9 Simulation tools.

5.3.1 Tools

One of the distinctive features of the parametric analysis process investigated in this study is that
it is a multi-discipline process. This has the benefit of providing holistic insights to the architectural designer.
We perform daylight and energy analyses and seek a systematic approach to balance the conflicting
influences of these criteria on the design. In order to perform this multi-discipline comparative analysis, we
need to solve the problem of simultaneously simulating energy and daylighting based on identical input
parameters.

Ladybug and Honeybee are plug-ins for Grasshopper that assist designers in building performance analysis.
Ladybug uses EnergyPlus weather files (.epw) to provide a variety of interactive graphics such as sun path,
wind rose, shadow studies and view analysis. Honeybee provides an interface between Grasshopper and
EnergyPlus, Radiance, DaySim™ (Reinhart, 2019) and OpenStudio™ (US Department of Energy, 2019) for
building energy and daylight simulation.

EnergyPlus is a whole building energy simulation program used for modeling energy consumption and water
use in buildings. Some of its features include solving thermal zone conditions and HVAC system responses,
heat balance-based solutions of radiant and convective effects, user-definable time step calculations,
combined heat and mass transfer models, advanced fenestration modeling capability, illuminance and glare
calculations and standard as well as user-definable comprehensive reporting. Radiance is a suite of programs
for the analysis and visualization of lighting design. It takes scene geometry, materials, luminaires, time, date
and sky conditions as inputs and outputs spectral radiance, irradiance and glare indices. It is used by
architects and engineers to predict illumination, visual quality and appearance of design spaces.

It is worth mentioning that in practical terms several other plug-ins and helper tools are needed through the
process. Two that are worth mentioning are DaySim and OpenStudio. DaySim is a Radiance based daylight
analysis software that models the annual amount of daylight for building design. While Radiance performs
radiosity and raytracing simulation, DaySim allows for time series metrics like Daylight Autonomy (DA) and
Useful Daylight Illuminance (UDI). OpenStudio is a collection of tools that support building performance
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analysis using EnergyPlus and Radiance. In this study it provides supplementary functionality that facilitates
the creation of EnergyPlus input files (.idf). This functionality includes space types, internal loads and
schedules; constructions and materials; HVAC systems, and service hot water inputs.
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Figure 5:10 (Perkins&Will, 2019) DSC Script in Rhinoceros + Grasshopper.

5.3.2 Energy Analysis

Energy analysis (Figure 5:11) is performed using EnergyPlus as the simulation engine, Rhinoceros +
Grasshopper as the parametric geometry modelers and Honeybee as the interface between the geometric
modelers and the simulation engine. The metrics of energy analysis are Heating Load, Cooling Load and
Energy Use Intensity (EUI). Heating Load is the amount of heat energy that needs to be added to a space to
maintain comfort zone temperature. Cooling Load is the amount of heat energy that needs to be removed
from a space to maintain comfort zone temperature. EUl is the measurement of a building’s annual energy
consumption in relation to its gross area.

The analysis is performed using a custom Grasshopper script developed at Perkins&Will referred to as the
DSC Script (Figure 5:10). The general steps for performing energy analysis are:

1. Create design zone geometry and design context geometry in Rhinoceros.

2. Create parametric window and sun shading geometry in Grasshopper.

3. Pass model geometry and energy analysis parameters into the Honeybee component in Grasshopper.
Key energy analysis parameters entered into the Honeybee interface include:

1. True north bearings: this provides the orientation of the design model.

2. Weather file: this is an EnergyPlus weather file in .epw file format.

3. Analysis period: this can be daily, monthly, annual, etc.

4. Zone data: this refines the definition of zone geometry.
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5. Context data: this refines the definition of surrounding objects.
6. Simulation outputs: this selects specific output metrics to be reported from EnergyPlus.

The Honeybee component in Grasshopper calls EnergyPlus and passes the inputs into the EnergyPlus .idf file
format. EnergyPlus runs the simulations and writes out the result files to a specified folder location.

. Energy Analysis
Windows Y Y
Vindov Inputs
N — S

Rhino+Grasshopper LadyBug
+
HoneyBee
Zones Geometry DSC Script €
| — SV 4
Rhino+Grasshopper
Shading Devices Simulation Mechanical Inputs
Rhino+Grasshopper EnergyPlus Open
= Studio

Figure 5:11 Energy analysis process.

5.3.3 Daylight Analysis

Daylight analysis (Figure 5:12) is performed using Radiance as the simulation engine, Rhinoceros +
Grasshopper as the parametric geometry modelers and Honeybee as the interface between the geometric
modelers and the simulation engine. The metrics of daylight analysis include Daylight Factor, Illuminance and
Useful Daylight Illuminance. Daylight Factor is the ratio between exterior sky illuminance on an overcast day
and illuminance inside a building. llluminance is a point-in-time metric that measures the light level at a
specific date and time. Useful Daylight Illuminance is the fraction of occupied hours per year where the
[lluminance at a point lies between minimum and maximum threshold values.

Radiance Material
Wi "
Windows Definitions

Rhino+Grasshopper LadyBug
i

S ——
Zones Geometry DSC Script

Rhino+Grasshopper

HoneyBee

A,

Shading Devices Simulation Daylighting Settings
S —

DaySim LadyBug

+

Rhino+Grasshopper

Radiance HoneyBee

Figure 5:12 Daylight analysis process.

Daylight analysis is also performed using the custom DSC Script (Figure 5:10). The general steps for
performing daylight analysis are:
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4.

Create design geometry and context geometry in Rhinoceros.
Create parametric window and sun shading geometry in Grasshopper.
Associate Radiance materials with Rhino geometry surfaces.

Create an analysis recipe for Radiance.

Key Radiance analysis recipe parameters include:

1.

2.

3.

4.

5.

Sky: this defines sky metrics and can be annual, climate-based, etc.

Rhino views: this identifies the Rhinoceros views that will be rendered by Radiance.
Camera type: this defines the type of camera such as fisheye or perspective.
Section plane: this defines a clipping plane for the analysis.

Radiance parameters: this controls render settings such as ambient bounces of light.

The Honeybee component in Grasshopper calls Radiance and passes the design geometry and analysis recipe.
Radiance runs the simulation and writes out image and output files to a specified folder location. Image files
are a graphic representation of the analysis results (Figure 5:13).

In the DSC framework, daylight analysis and energy analysis are amalgamated into one Grasshopper
definition in order to run simultaneously based on the same parametric analysis inputs. Identical inputs mean
that each individual design alternative in the design space has a result for both energy and daylighting. This
allows a multi-discipline comparison of the outputs and the identification of a balanced optimum solution.
Such solutions are more holistic in their design guidance than conventional analysis solutions which optimize
each discipline individually.

Figure 5:13 (Perkins&Will, 2019) Daylight analysis graphic output.
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5.4 Experimental Methodology

The goal of the experimental methodology is to describe the process by which machine learning
algorithms are evaluated for effectiveness in performing parametric analysis in architectural practice. The
methodology consists of tools, impact studies and evaluation methods. The tools are the specific software
needed to undertake the analytical tasks. The purpose of the impact studies is to evaluate the performance
of algorithms using default sample sizes and settings, and then to investigate whether any impact factors can
improve the performance beyond the default. In this study the defaults are investigated using the sample
size impact factor and the other impact factors are sensitivity analysis, feature selection and hyperparameter
tuning. The evaluation methods describe how analysis will be performed on experimental results to draw
conclusions. This will include comparative graphs and tables, and statistical tests.

Run Machine
Learning Experiment

Create Machine
Learning Experiment

Create Training

Dataset Extract Results

Perform Simulation

EnergyPlus MS MS

Weka Weka

+ Radiance Excel Excel

Figure 5:14 Experimental process.

5.4.1 Tools

The tools for the machine learning experiments of this study are Weka™ (University of Waikato,
2019), JMP™ (SAS, 2019), SPSS™ (IBM, 2019) and MS Excel™ (Microsoft, 2019). Weka is an open source
toolbox of machine learning algorithms developed at the University of Waikato. It includes tools for data
preparation, classification, regression, clustering, association rules mining and visualization. JMP is a version
of the statistical package SAS™ (SAS Institute, 2019), while SPSS is IBM’s statistical package. MS Excel is
Microsoft’s flagship spreadsheet product. Weka is the machine learning engine where the machine learning
models will be developed and tested. JMP will be used to perform experimental designs which create space-
filling random samples of design spaces to serve as training sets for machine learning. It will also be used for
performing sensitivity analysis which establishes the input parameters with most influence on the output
parameters. SPSS will be used for statistical methods such as parametric tests (Pearson correlation, t-tests,
ANOVA) and MS Excel will be used for data exploration and data wrangling. It will also be used for graphing
and data visualization.

The Weka Experimenter (Figure 5:15) is the machine learning interface for most of our experiments. It allows
the user to upload several training sets and then select several algorithms to run on the training sets. It also
allows the user to select suitable experiment and algorithm settings. Sample Size, sensitivity analysis and
hyperparameter tuning experiments will use the Weka Experiment. Feature Selection will use the Weka
Explorer environment with the WrapperSubsetEval algorithm. Experimental settings will be 10-fold cross-
validation with 10 repetitions. The repetitions use a random seed to ensure the 10-fold cross-validation uses
different folds for each repetition. This means that each training set is iterated 100 times. Accordingly, we
will also report the standard deviation for each training set on the output graphs. Figure 5:16 shows an
example of experimental results from the Weka Experimenter.

91



Machine Learning for Parametric Analysis in Architectural Practice

@ Weka Experiment Environment — [m] X
ml Run | Analyse
Experiment Configuration Mode [ Simple )
( open.. J sae. J tew J
Results Destination
(sreEnie |w] Fiename: | erowse... | w
Experiment Type .. eration Contro
[cwss-nlloaﬂon E] Number of repetitions: 10
Number of folds: 10 ® Data sets first
@® Classification (U Regression (O Algorithms first
)
S oW S 3
Add new... Edit selected. Delete selected Add new... Edit selected. Delete selected
[_J Use relative paths
Up Down Load options. Save options. Up Down
L Notes |
Figure 5:15 The Weka Experimenter interface.
Tester: weka.experiment.PairedCorrectedTTester -G 4,5,6 -D 1 -R 2 -S 0.05 -
Analysing: Relative absolute error
Datasets: 10
Resultsets: 3
Confidence: 0.05 (two tailed)
Sorted by: -
Date: 11/16/19 2:59 PM
Dataset (1) functions.Mult | (2) functions.S (3) trees.Rando
RT 100_SS E (100) 11.34(3.18) | 17.24(4.99) v 27.99(5.47) v
RT 200_SS E (100) 7.62(2.20) | 15.92(2.93) v 20.55(3.58) v
RT 300_SS E (100) 6.92(1.74) | 17.39(3.02) v 18.41(2.70) v
RT 400_SS E (100) 6.79(1.67) | 17.71(2.79) v 18.08(2.03) v
RT 500 _SS E (100) 6.11(1.79) | 17.47(2.30) v 16.24(1.81) v
RT 600_SS E (100) 5.57(1.37) | 17.51(2.16) v 15.20(1.66) v
RT _700_SS E (100) 5.62(1.58) | 17.13(1.66) v 14.24(1.31) v
RT 800_SS E (100) 5.39(1.46) | 17.27(1.85) v 13.62(1.19) v
RT 900_SsS E (100) 5.14(1.11) | 16.66(1.57) v 12.87(1.07) v
RT 1000 _Ss E (100) 5.42(1.26) | 16.38(1.56) v 12.50(1.15) v
(v/ /%) | (10/0/0) (10/0/0)

Key:

(1) functions.MultilayerPerceptron '-L 0.3 -M 0.2 -N 500 -V 0 -S 0 -E 20 -H a'
(2) functions.SMOreg '-C 1.0 -N 0 -I \"functions.supportVector.RegSMOImproved -

(3) trees.RandomForest

5.4.2

Impact Studies

'-P 100 -I 100 -num-slots 1 -K 0 -M 1.0

Figure 5:16 The Weka Experimenter experiment results

Impact studies have been discussed in Section 4.3.
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5.4.3 Evaluation Methods

In the Results section of each experiment we discuss results specific to each impact study. For the
sample size we plot a comparative graph of RAE at different sample sizes for each algorithm (Figure 5:17).
We also plot the standard deviations of each experiment recalling that they are run 100 times (10 iterations
each with 10-fold cross-validation). For the sensitivity analysis experiments we plot a comparative graph of
RAE at different parameter counts (Figure 5:18). For feature selection we extract the results of the wrapper
algorithm into a table (Figure 5:19) and then graph the table. For hyperparameter tuning we again extract
results into a table (Figure 5:20) and graph the table.

Impact of Sample Size on Site Energy RAE
Residential Tower

Relative Absolute Error
G

B e ss—
0o
100 200 300 400 500 600 700 800 900 1000
Number of Instances
MLP e SMOReg e RF
Figure 5:17 Evaluation of sample size results.
Impact of Sensitivity Analysis on Energy RAE
Residential Tower
70
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e}
o 50
5
S 40
2
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®
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-4
0
1 2 3 4 5 6 7 8 9 10 11 12
Number of Parameters
MLP SMOReg L Std Devs  --------
Figure 5:18 Evaluation of sensitivity analysis results.
ALGORITHM OBJECTIVE BEST FEATURES RAE
Ener WWR_N, WWR_W, WWR_S, WWR_E, Wall_U_Value, Shading_N, Shading_W, 4.56
8y Shading_S, Shading_E, Window_U_Value, SHGC )
. WWR_N, WWR_W, WWR_S, WWR_E, Wall_U_Value, Shading_N, Shading_W,
mLp lluminance | o\ _ding s, Shading_E, Window_U_Value, SHGC 8.93
Value WWR_N, WWR_W, WWR_S, WWR_E, Wall_U_Value, Chi_Value, Shading_N, 9.81
Function Shading_W, Shading_S, Shading_E, Window_U_Value, SHGC )
Ener WWR_N, WWR_W, WWR_S, WWR_E, Wall_U_Value, Shading_W, Shading_S, 16.3
i Window_U_Value, SHGC :
SMOReg Illuminance WWR_N, WWR_W, WWR_S, WWR_E, Shading_N, Shading_S 27.7
Value WWR_N, WWR_W, WWR_S, WWR_E, Wall_U_Value, Shading_N, Shading_W, 27.2
Function Shading_S, Shading_E, Window_U_Value, SHGC )
WWR_N, WWR_S, WWR_E, Wall_U_Value, Shading_N, Shading_W, Shading_S,
Energy Window_U_Value, SHGC 9.98
RF Illuminance WWR_N, WWR_W, WWR_S, WWR_E, Chi_Value, Shading_N, Shading_W, Shading S | 11.36
Value WWR_N, WWR_W, WWR_S, WWR_E, Wall_U_Value, Chi_Value, Shading_N, 18.11
Function Shading_W, Shading_S, Window_U_Value, SHGC )

Figure 5:19 Evaluation of feature selection results.
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Best Hyper-
complexity kernel epsilonParameter.
Value | parameter
SMOReg -
0.001 | 0.01 01 10 rbfKernel | normalized- | 0.01 0.1 1
Pelkerng!
Energy 32.97 | 1648 | 16.38 16.37 | 11.97 11.6% 16.31 15.15 | 104.08 11.69 kernel
llluminance 46.09 | 28.05 | 27.73 27.71 | 229 11.24 27.71 34.21 | 106 11.24 kernel
Value Function | 42.93 | 27.6 | 27.23 27.24 | 22.85 1431 27.25 293 100.08 1431 kernel

Figure 5:20 Evaluation of hyperparameter tuning results.

In the Discussion section of each experiment we identify the best performance for each algorithm from each
impact study. This allows us to compare the best performance from the impact studies for each algorithm in
one comparative graph (Figure 5:20). This graph shows if algorithms are effective for each objective. It also
shows if any of the impact factors improves algorithm performance beyond the default (sample size).
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Figure 5:21 Evaluation of impact factors for one algorithm on one experiment.

In Chapter 9 we aggregate the findings from the three experiments to answer the research questions. We
gather all tables and graphs from each Discussion section of each experiment and use these to identify which
algorithms were effective. We report this in a tabular matrix. We also use the tables to calculate the average
performance of each impact factor for each algorithm across all experiments (Figure 5:22). This answers the
guestion whether impact factors improve algorithm performance beyond the default.
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Figure 5:22 Evaluation of impact factors for one algorithm across experiments.

We then create a consolidated dataset with the sample size results from each experiment for all algorithms
and for all objectives (Table 5:2). We use a one-way ANOVA test on the Algorithm column of this data set to
determine if there are significant differences between algorithm performance. We then use a Tukey HSD
post-processing test to identify the best performing algorithm. We use a one-way ANOVA test on the
Experiment ID column of this dataset to determine if there are significant differences in performance
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between the experiments. This will indicate if there is a significant difference in performance due to design
space complexity.

Experiment ID Algorithm | Objective | RAE

Table 5:2 Structure of consolidated dataset.

5.5 General Experimental Method

This section describes the steps of the experimental method to be used for all reference projects.
This involves describing the training datasets, defining the design spaces with their parameter value ranges
and calculating the value functions for multi-discipline analysis. The general experimental method also
describes how to assess the impacts of sample size, sensitivity analysis, feature selection and hyperparameter
tuning on machine learning algorithm performance. Doing this in one place will avoid repetition.

The reference projects will seek to answer the challenges related to implementing parametric analysis in
practice. The Residential Tower seeks to answer the speed and accuracy question. What is the minimum
sample size that will allow for acceptable accuracy (defined for this study as less than 5—10% RAE)? The Mid-
Rise Towers, in addition to speed and accuracy questions, investigates the accuracy of machine learning
algorithms under complex design space conditions. We perform eight different parametric analyses for the
different geometric conditions of the project and investigate the impact of this design space complexity on
the performance of the machine learning algorithms. For the Students’ Residence, in addition to speed and
accuracy, we investigate the impact of geometric variation on the performance of machine learning
algorithms. Three design alternatives will be simulated and used to train machine learning algorithms.

In this section we use a simple example called Sprout Space to guide the discussion. Sprout Space (Figure
5:23) is a Perkins&Will research initiative focused around developing high performance modular and portable
classrooms. The prototype is a 1,000 square foot pre-engineered and pre-built design aimed, in part, at
solving the problems of poor daylighting, views, and energy efficiency experienced in portable classrooms.

In conducting a parametric analysis of Sprout Space, six variables were selected with parameter value spaces
ranging in size from 4 - 12 (Table 5:3), giving 64,800 design alternatives. This cannot be computed in
reasonable time on generally accessible high specification hardware. At 2 minutes per simulation (daylight
and energy) this would take 90 days to execute.

In accordance with the scope of this study we consider only energy and daylighting as multi-discipline
objectives. Energy is measured using Total Energy Use Intensity (TEUI) and daylighting is measured using
Daylight Factor as the performance metric.

Parameter Parameter Value Space Number
Orientation 0, 30, 60, 90, 120, 150, 180, 210, 240, 270,300, 330 12
Window Width 10, 15, 20, 25, 30 5
Overhang Depth 0,1,2,3,4,5 6
Roof Angle 1,2,3,4,5,6,7,8,9 9
Offset 4,8,12,16, 20 5
Construction Assemblies GFRC, SIP, CLT, PCP 4

Total 64,800
GFRC = Glass Fiber Reinforced Concrete; SIP = Structural Insulated Panels; CLT = Cross Laminated Timber; PCP = Precast
Concrete Panels

Table 5:3 Design space for the Sprout Space project.
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Figure 5:23 (Perkin&Will, 2019) Sprout Space example in Vancouver, British Columbia.

5.5.1 Data Description

We describe the machine learning datasets by a table of input and output parameters with an
indication of parameter data types, units and a brief description. The data description for Sprout Space is
shown in Table 5:4.

Input Data Type Units Description

Orientation Numerical - Discrete (°) Direction of the building in relation to true north.
Window Width Numerical - Discrete feet The width of the window opening

Overhang Depth | Numerical - Discrete feet The depth of the projecting roof

Roof Angle Numerical - Discrete (°) The angle of the roof in relation to the ground

Offset Numerical - Discrete feet The dimension the building geometries are staggered by
Construction . . .

Assemblies Categorical - The materials of the exterior walls

Output Data Type Units Description

Total Energy Use kWh/m?2/year Total energy consumed in one year divided by the gross

Intensity

Numerical - Continuous

floor area

Daylight Factor

Numerical - Continuous

%{lux/m?2)

The ratio of the light level inside to the light level outside
the building

Direct Line of . . %{m?2) . .
Sight Numerical - Continuous Percentage of the floor area with exterior view
g
. . . . %(m?2) Percentage of the floor area that allows the view of
Quality Views Numerical - Continuous . .
specified elements of the exterior
Carbon Dioxide metric tons

Emission

Numerical - Continuous

Estimated construction cost

Table 5:4 Sprout Space data description.

5.5.2 Design Space Definition

The process of defining the design space with its parameter value ranges involves:
1. The designer describes design intent and requirements to the energy modeler.
2. The energy modeler develops an analytical model including a data specification.

3. The designer and energy modeler define ranges for the parameters in the data specification.
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The Sprout Space design space was shown in Table 5:3. The design space has 64,800 combinations which is
too large to simulate. Design space reduction is required. A DOE is used to create a reduced sample of 1000
instances for simulation. The steps for creating the reduced sample involve:

1.

5.

5.5.3

Use input parameter value ranges to create a 1000 instance DOE in JMP software. The DOE creates
a reduced space-filling sample of the design space. A space-filling sample is required to ensure
random selection along all axes of the multi-dimensional design space.

Simulate the reduced design space to create a Simulation Results file in csv format.

Use the Simulation Results file to create several Training Set csv files, with different sample sizes, for
each objective of the experiment.

Build predictive models by training machine learning algorithms on the Training Set files.

Use the predictive models to predict rather than simulate the full design space of 64,800 alternatives.

Calculate the Value Function

Since the parametric analysis is multi-objective (and multi-disciplinary) we use the weighted sum

method for comparative analysis across objectives. The process of calculating the value function using the
weighted sum method involves:

1.

2.

5.5.4

Normalize the output values using the normalization equation x = (X — Xmin) / (Xmax — Xmin).

If the objectives are conflicting, like daylight and energy, then invert one of them by subtracting the
normalized value from 1. In the case of daylight and energy we invert energy so that we are seeking
to maximize the value function.

Establishing appropriate weights for the normalized objectives. In this study we assume equal
weights for all objectives.

We calculate the value function by summing the normalized, inverted and weighted objectives into
a single objective.

Algorithm Default Values

Machine learning algorithms have several settings. Before we can perform impact studies it is useful

to understand the default values of these settings. In these experiments we will modify some
hyperparameter settings to investigate if this can improve performance beyond the default. The three
algorithms used for the experiments are Weka implementations of ANNs, SVMs and DTs. The default values
of the algorithms in our experiments are based on the Weka defaults shown in Figure 5:24, Figure 5:25 and
Figure 5:26. The meaning of the various hyperparameters is available in the Weka java documentation
(University of Waikato, 2019).
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& weka.gui.GenericObjectEditor X

Class for constructing a forest of random trees.

Figure 5:24 Weka Random Forest defaults.
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& weka.gui.GenericObjectEditor X

A classifier that uses backpropagation to learn a multi-layer
perceptron to classify instances.

(attrbutes+classes)2

Figure 5:25 Weka Multi-Layer Perceptron defaults.
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& weka.gui.GenericObjectEditor X

weka.classifiers.functions.SMOreg

vaout
SMOreg implements the support vector machine for regression. More
Capabilities
batchSize 100
c 1.0
debug |False —J
doNotCheckCapabilities | False vJ

filterType | Normalize training data ﬂ

kernel [ Choose

~ 3

PolyKernel -E 1.0 -C 250007

numDecimalPlaces 2

regOptimizer [ Choose JRegSMOImprwed -T0.001-¥-P 1.0E-12-L 0.001 -W 1

| Open... | | Save... I 1 oK I | Cancel J

Figure 5:26 Weka SMOreg defaults.

5.5.5 Impact of Sample Size

The specific steps for assessing the impact of sample size on algorithm performance are calculating
the value function, preparing training dataset files for the different machine learning experiments, running
the machine learning algorithms on the training datasets and graphing the results for interpretation.

Calculating the Value Function

1. Using the Simulation Results file calculate the maximum and minimum value of Energy (TEUI) and
[lluminance.

2. Normalize Energy and llluminance and then invert Energy.

3. Assume equal weight distribution for Energy and llluminance and calculate the Value Function VF =
(0.5 x TEUI) + (0.5 x [lluminance).

Prepare training datasets

From the Simulations Results file prepare three Training Master files in csv format with 1000 samples each
(Table 5:5).
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Training Master File

Description

SS_1000_Energy.csv

Use TEUI as training class for sample size impact.

SS_1000_llluminance.csv

Use llluminance as training class for sample size impact.

SS_1000_Value_Function.csv

Use Value Function as training class for sample size impact.

Table 5:5 Sprout Space training master files.

Using a custom MS Excel macro prepare 10 Training Set files in csv format from each of the three Training
Master files. The 10 Training Set files will randomly sample the Training Master file with sample sizes ranging
from 100 to 1000. Ultimately the training sets will comprise several files as shown in Table 5:6.

Sprout Space Energy Analysis

Sprout Space llluminance Analysis

Sprout Space Value Function Analysis

SS_1000_Site_Energy.csv

SS_1000_llluminance.csv

SS_1000_Value_Function.csv

SS_900_Site_Energy.csv

SS_900_Illuminance.csv

SS_900_Value_Function.csv

SS_800_Site_Energy.csv

SS_800_Illuminance.csv

SS_800_Value_Function.csv

SS_700_Site_Energy.csv

SS_700_Illuminance.csv

SS_700_Value_Function.csv

SS_600_Site_Energy.csv

SS_600_Illuminance.csv

SS_600_Value_Function.csv

SS_500_Site_Energy.csv

SS_500_Illuminance.csv

SS_500_Value_Function.csv

SS_400_Site_Energy.csv

SS_400_Illuminance.csv

SS_400_Value_Function.csv

SS_300_Site_Energy.csv

SS_300_Illuminance.csv

SS_300_Value_Function.csv

SS_200_Site_Energy.csv

SS_200_Illuminance.csv

SS_200_Value_Function.csv

SS_100_Site_Energy.csv

SS_100_Illuminance.csv

SS_100_Value_Function.csv

Use the Weka Experimenter to run three experiments, one for each

Table 5:6 Sprout Space training set files.

Run machine learning algorithm experiments

Function.

1.

2.

3.

4.

5.

metric: TEUI, llluminance, and Value

Open the Weka Experimenter and select Simple Experiment Configuration Mode.

Create a new experiment and set the Results Destination folder location.

The Experiment Type is Regression with 10-fold cross validation and 10 iterations.

For each experiment add the paths to the Training Set files for the respective metric.

Add the three algorithms of the study: Multi-Layer Perceptron, SMOReg and Random Forest.

Run the experiments and then, using the RAE metric, report the results and graph them in MS Excel for
comparative analysis.

5.5.6

Impact of Sensitivity Analysis

Sensitivity Analysis (SA) investigates the input parameters that have the greatest effect on the output in
guestion. From a design point of view SA can help guide designers focus their decision making on parameters
that are most likely to influence design outcomes. From a data modeling point of view SA simplifies data
models making them faster to compute, easier to manipulate and interpret and potentially more accurate.
We therefore investigate whether using SA to reduce the number of input variables results in design spaces
that create better performing machine learning models.
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The approach to SA in this study will make use of the Assess Variable Importance feature in JMP. A DOE is
generated with the input parameters as the X variables of the DOE model and the output parameter as the
Y variable. The Y variable is initially blank. After simulation the values of the output parameter are imported
into the Y variable in JMP. The data model is then generated, and the Assess Variable Importance graph
generated. It indicates the level of influence each of the X variables has on the Y variable. We can exclude
variables that have a low level of influence on the Y variable.

Perform Sensitivity Analysis

1. Create a 1000 instance DOE in JMP and export to MS Excel to use as input for dynamic simulation.
Obtain the simulation results for each performance metric and import into JMP.

2. Generate a data model for each performance metric and produce the Assess Variable Importance
graph. Use the graph to order the input parameters in order of importance.

3. Edit the Training Master files from Table 5:5 to obtain three new Training Master files for the SA
impact study (Table 5:7).

4. Using each of the three master files run sequential machine learning experiments removing the least
important input parameters, in the order from 2 above, and recording the resulting accuracy of the
machine learning algorithms.

Training Master Files Description

SS_1000_SA_Energy.csv Use TEUI as training class for sensitivity analysis impact.
SS_1000_SA_llluminance.csv Use llluminance as training class for sensitivity analysis impact.
SS_1000_SA_Value_Function.csv Use Value Function as training class for sensitivity analysis impact.

Table 5:7 Sprout Space sensitivity analysis master files.

5.5.7 Impact of Feature Selection

In this study we will use a wrapper method from the Weka Attribute Selection interface. Wrapper
methods involve two aspects: evaluation and search. Evaluation will be done using the WrapperSubsetEval
algorithm. Search will be done using the BestFirst algorithm with the backward method. Search methods
include forward search, backward search, bi-directional search and exhaustive search. Forward searches start
with no attributes and then add attributes; backward searches start with all attributes and then remove
attributes. Bi-directional searches start with a random number of attributes and add or remove attributes
depending on what produces improved performance. Exhaustive search systematically searches all
combinations of attributes but is obviously computationally expensive.

Perform Feature Selection

1. Use the Select Attributes panel in Weka with the WrapperSubsetEval algorithm and the BestFirst
algorithm with backward search to identify the best input parameters for each of the three Training
Master files (Table 5:8).

2. Sequentially select each of MLP, SMOReg and RF as parameters of the WrapperSubetEval algorithm.

3. Using each of the three master files run a machine learning experiment using only the best input
parameters for each algorithm and each output and record the resulting accuracies.
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Training Master Files Description

SS_1000_FS_Energy.csv Use TEUI as training class for feature selection impact.
SS_1000_FS_Illuminance.csv Use llluminance as training class for feature selection impact.
SS_1000_FS_Value_Function.csv | Use Value Function as training class for feature selection impact.

Table 5:8 Sprout Space feature selection master files.

5.5.8 Impact of Hyperparameter Tuning

In order to understand the impact of hyperparameters on algorithm performance we first need to
identify the key hyperparameters for each algorithm. Machine learning algorithms can have dozens of
hyperparameters many of which may have minimal impact on a given problem. We therefore use supporting
literature to identify the key hyperparameters relevant to our domain of study.

Having identified the key hyperparameters we will perform tuning tests for each algorithm and objective to
identify the impact on accuracy. At this point we are not expecting to optimize the algorithm performance
but rather to identify which hyperparameters have the biggest impact. The impact of the hyperparameters
is assessed by performing experiments in the Weka Experiment Environment. For each algorithm (SVM, ANN,
RF), and for each metric (Site Energy, llluminance, Value Function) we sequentially identify the optimal value
for each hyperparameter.

Perform Hyperparameter Tuning
1. Use the Weka Experiment Environment to insert the three Training Master files as input datasets.
2. Create a set of experiments for each of the machine learning algorithms (MLP, SMOReg, RF).

3. Create an experiment for each value of each hyperparameter with ranges established from literature
sources as well as trial and error.

4. Run the experiments and retrieve the results from the Analyzer. The results report the RAE for each
algorithm with the error corresponding to the best performing value of each hyperparameter.

5. Theresult of 4 above can be compared to the accuracy of the algorithm when run with default values
to assess the impact of tuning hyperparameters.

Training Master Files Description

SS_1000_HP_TEUl.csv Use TEUI as training class for hyperparameter impact.
SS_1000_HP_llluminance.csv Use llluminance as training class for hyperparameter impact.
SS_1000_HP_Value_Function.csv Use Value Function as training class for hyperparameter impact.

Table 5:9 Sprout Space hyperparameter tuning master files.

Ranges of Hyperparameter Values

Table 5:10 shows the hyperparameters and ranges we will use for the MLP algorithm. hiddenLayers refers to
the architecture of the neural network. (2,3), for example, represents two hidden layers with 2 neutrons and
3 neutrons in the layers respectively. learnRate and momentum refer to the learning rate and the momentum
as discussed in Section 4.2.3.
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Hyperparameter Description

hiddenLayers (10,10), (20,20), (30,30), (40,40), (50,50)
learnRate 0.001, 0.01,0.1,0.2,0.3

momentum 0.2,0.4,0.6,0.8

Table 5:10 Hyperparameter ranges for the MLP algorithm.

Table 5:11 shows the hyperparameters and ranges we will use for the SMOReg algorithm.

Hyperparameter Description

complexity 0.001, 0.01, 0.1, 1,10

kernel Polykernel, NormalizedPolyKernel, RBFkernel
epsilonParameter 0.001, 0.01,0.1,1

Table 5:11 Hyperparameter ranges for the SMOReg algorithm.

Table 5:12 shows the hyperparameters and ranges we will use for the Random Forest algorithm.
numlterations refers to the number of classifiers in the Random Forest; numFeatures refers to the number
of parameters to randomly investigate; maxDepth refers to the maximum depth of the trees in the Random
Forest.

Hyperparameter Description
numlterations 100, 300, 500, 700
numFeatures 2,4,6,8
maxDepth 50, 100, 150, 200

Table 5:12 Hyperparameter ranges for the Random Forest algorithm.
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Chapter 6 Residential Tower Experiment

This chapter performs machine learning experiments on data from the Residential Tower reference
project. We begin by providing a project description based on the DSC methodology. We then make use of
the general experimental method discussed in Chapter Five. We discuss the impact of sample size, sensitivity
analysis, feature selection and hyperparameter tuning on algorithm performance. We develop and analyze
the experimental results using comparative graphs. We find that machine learning algorithms are effective
for all objectives. MLP is the best performing algorithm and hyperparameter tuning is the most influential
impact factor.

Impact of Sample
Size

Speed & Accuracy
Considerations

v
Residential Tower
Machine Learning
Models

A 4

Comparative
Analysis

Figure 6:1 Diagram Summary of Chapter Six.

Impact of Sensitivity
Analysis

Impact of Feature
Selection

Impact of
Hyperparameter
Tuning

6.1 Introduction

The Residential Tower (Figure 6:2) is a commercial residential development situated in the
neighborhood of East Vancouver, consisting of a highly insulated tower clad in clear glass with shadow box
assemblies. The tower base features a series of retail spaces and a street-oriented lobby. The designers
proposed a community library on the second and third floors, while at the top of the tower they proposed
amenity spaces housed in a double height space featuring a communal lounge, a mezzanine library with views
to the city, mountains and water, and an outdoor pool area.

The design was inspired both by the character of the neighborhood as well as by the heritage of Northwest
modernist tradition of lightweight structural systems, nautical concepts of outriggers and tension elements,
and contemporary concepts of prefabrication and plug-and-play assemblies. The design team proposed
lightweight balconies to create outdoor living rooms. They intended the balconies to provide full solar
shading during peak demand load hours. The balconies also featured planters for privacy and additional
screening elements designed as plug-and-play elements of the facade. The team proposed constructing the
balconies from lightweight steel outriggers suspended by a network of steel cables, minimizing the thermal
bridging and creating a diaphanous scrim for the tower. To create design interest, they proposed a dramatic
horizontal shift in geometry at mid-tower height, as seen in Figure 6:2.
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Before we can state the questions explored by the parametric analysis process, it is useful to provide some
of the regulatory background to the Residential Tower. According to the City of Vancouver Green Building
for Rezoning standards (2017), which all rezoning applications need to meet, projects have a choice between
pursuing Near Zero Emissions Building (NZEB) or Low Emissions Green Building (LEGB). The NZEB pathway
requires teams to design projects to Passive House (PH) or an alternative similar standard. The key metrics
of this pathway are space heating demand at 15 kWh/m?/year, 0.6 ACH @ 50 Pascals pressurization, and
maximum 60 kWh/m?2/year renewable primary energy demand.

The LEGB pathway requires LEED Gold Certification (US Green Building Council, 2019) or an alternative
holistic green building rating system. For residential high-rise towers, Total Energy Use Intensity (TEUI) cannot
exceed 120 kWh/m?/year, Total Energy Demand Intensity (TEDI) 32 kWh/m?/year and a Green House Gas
Inventory (GHGI) of 6. However, it also has a list of additional requirements, including requirements for
whole-building airtightness testing, requirements for enhanced commissioning and about a dozen more
provisions. Therefore, the design team wished to understand which of these pathways was most feasible for
their design objectives. Were the stringent NZEB Passive House energy requirements attainable or was it
better to focus on the less stringent, but more numerous requirements of the LEGB pathway? In addition,
the design team sought to optimize energy, daylight and comparative cost considerations.

Figure 6:2 (Perkins&Will, 2019) RT design impression. Inset: proposed tower shift.

6.2 DSC Process

Once the design team had settled on the overall program and massing of the building, they engaged
the DSC process. The designers were looking for guidance on how to modify the form and envelope of the
massing to optimize energy and daylight performance. They were also looking for guidance on the impact of
the building form shift on building performance, as well as the appropriate dimensions and configurations of
the balconies and facade elements.

In using the DSC framework to structure the description of the process we will proceed as follows:
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1. Objective Definition: what are the questions the design team wished to answer?
2. Alternative Generation: what is the design space they developed to answer the questions?
3. Impact Analysis: how were the results obtained?

4. Value Assessment: how were the questions answered?

Objective Definition Alternative Generation Impact Analysis Value Assessment

Q—b Design Input Dracailzi:g |1 ’

START END

Designer

r
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Y
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Analytical | Analyze DoE A
Model Factorial
Y
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Develop Value Function
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Factorial Visualization

Comp. Designer

Data Analyst

Figure 6:3 DSC process for the Residential Tower project.

6.2.1 Objective Definition

The design team asked three questions. First, which regulatory pathway should they follow? In
other words, could the building perform at 15 kwh/m?/year heating demand as required by the PH standard
or was this out of the question? Second, what is the optimal balcony depth on each facade orientation? They
wanted balcony depths that would allow them to meet their energy targets while allowing maximum
daylighting? In addition, balconies carried the cost of thermal bridging effectively reducing the R-value of the
envelope. Third, the design team and the client wished to use WWR of 50% on all facades whereas the
building envelop consultant counseled a maximum WWR of 42% on all facades. The design team looked to
the DSC process to advise on whether their desired target was achievable.

6.2.2 Alternative Generation

The energy modeler and the design team typically specify the design space in the DSC process. This
involves identifying the input parameters needed for analysis based on design intent, project description and
model geometry. The ranges of these input parameters are then selected based on industry standards and
the objectives of parametric analysis (Figure 6:4). The key input parameters for the Residential Tower were
identified as WWR on all orientations, effective Wall R-Value, Chi-Value, Balcony Depth on all orientations
and SHGC of glazing. Industry practice, client request and consultant recommendation together with the
need to optimize energy and daylight helped determine the range of WWR. Effective Wall R-Value was used
due to thermal bridging caused by exposed balconies. This effective Wall R-Value was computed with the
help of the Chi-Value parameter. In addition to the effect on energy performance, Balcony Depth was also
influenced by daylighting considerations as well as costs.

107



Machine Learning for Parametric Analysis in Architectural Practice

Window to Wall ratio (%) |Effective U value (W/m2K) |Win U/SHGC |Balcony/Shades depth (ft)

0.40 0.85/0.3 0
0.30 0.85/0.5

30 0.25 0.85/0.7 5
0.33 1.4/0.3
0.23 1.4/0.5 10
0.19 1.4/0.7
0.41 0.85/0.3 0
0.32 0.85/0.5

40 0.27 0.85/0.7 5
0.34 1.4/0.3
0.24 1.4/0.5 10
0.19 1.4/0.7
0.44 0.85/0.3 0
0.35 0.85/0.5

50 0.30 0.85/0.7 5
0.35 1.4/0.3
0.25 1.4/0.5 10
0.20 1.4/0.7
0.48 0.85/0.3 0
0.39 0.85/0.5

60 0.34 0.85/0.7 5
0.36 1.4/0.3
0.27 1.4/0.5 10
0.22 1.4/0.7
0.55 0.85/0.3 0
0.45 0.85/0.5

70 0.40 0.85/0.7 5
0.39 1.4/0.3
0.29 1.4/0.5 10
0.25 1.4/0.7

Figure 6:4 (Perkins&Will, 2019) Residential Tower ranges of input variables.

Initially the team undertook DSC on the Residential Tower project at two levels of the tower, below and
above the proposed mid-height shift. The team modeled a representative level for the levels 14 to 28 above
the shift, and another representative level between levels 3 to 13 below the shift. Although the program
configuration was slightly different above and below the shift, simulation results found no significant
difference in performance. In addition, because this is a tower project, the team assumed that the effect of
different adjacency conditions at the exposed roof and ground level slab would be minimal. Therefore,
generalization from the typical level was an adequate approximation.

6.2.3 Impact Analysis

The energy modeler developed the zone geometry (Figure 6:5) and zone inputs for the analytical
model. Given the proposed variables and input ranges the initial design space included about 2 million
alternatives. Reducing the design space to more manageable size (sampling ratio less than 1:100) required a
stratified design space reduction. The design team first used design judgement to reduce the design space to
14,400 instances and then used a DOE-based heuristic method to reduce the design space to 1296
simulations.

For the DOE heuristic, first they designed an experiment of the typical level, or slice, with 64 runs. They
simulated the 64 runs and used the results from the JMP software Prediction Profiler (Figure 6:6) to estimate
optimized values for all the input parameters. Then, they developed a full factorial design space of 1296
simulations centered on the estimated optimum values. This design space was simulated for both energy and
daylighting (in about 2 days) and the results processed and posted to the Design Explorer™ (Thornton
Tomasetti, 2019) PCP visualization interface (Figure 6:7).
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Figure 6:5 (Perkins&Will, 2019) Residential Tower zoning on typical level.
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Figure 6:6 Residential Tower Prediction Profiler from JMP.
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Figure 6:7 Residential Tower partial PCP.

6.2.4 Value Assessment

The findings from the Residential Tower indicated that both PH heating demand and cooling
demand could only be achieved while using an efficient Heat Recovery System (HRV). Both 40% WWR and
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50% WWR met the cooling requirement, and both failed to meet the heating requirement without heat
recovery. Larger (50%) WWR was obviously superior in terms of daylighting, and the DSC recommendation
was that 50% WWR should be further investigated through more detailed modeling. The design team had
proposed 5’ deep balconies on North and East facades, and 10’ deep balconies on the South and West
facades. The DSC process found that there was no significant difference in building performance by reducing
the depth of balconies along the south and west facades to 5’. Sensitivity Analysis (Figure 6:8) indicated that
the most sensitive input parameters were WWR on the North facade, Window U-Values and Balcony Depth
on the South facade.

4 Effect Summary

Source LogWorth PValue
WWR_N(30,70) 7.532 17 | 0.00000
Window_U_Value{0.85,14) 7.442 JEA 0.00000
Shading_S(0,10) 4307 ENRERT ¢ i (! i |0.00005
SHGC(0.3,0.7) 3.530 [ 0.00030
SHGC*SHGC 2,537 [ | 0.00290
WWR_S(30,70) 2.103 | | ¢ & ¢ i i i i |0.00790
WWR_E(30,70) 2054l ¢ i i i i i |0.00883
WWR_W(30,70) 203 @EEN i i i i i i i |0.00907
Shading_W(0,10) 1.595 0. S T A A W K %
Shading_S*Shading_S 1.368 1) LA R | (004597
Shading_N(0,10) 1.362 ] Pl bbb | 0.0434
Shading_W*Shading_W 1.025 A A A A O X P
Shading_E(0,10) 0.915 ol b b 012174
Shading_E*Shading_E 0.825 [ P bbb b 1014951
WWR_S"WWR_S 0.631 [ : bbb bbb [0.23369
WWR_E*WWR_E 0.510[F Polob b b | 0300915
Chi_Value(0.48,1.19) 03951 | Pl 4 b 41 | o408
Shading_N*Shading_N 0.27901 | It R B | (0750677
Wall_U_Value*Wall_U_Value 0.273[1 A A A A A
Wall_U_Value(0.141,0.284) 0242 | Polob b b il 057824
WWR_WWWR_W 0173 ! Popoi bbb b 067086
WWR_N*WWR_N 00030 1 ¢ [ & & & & 1 1 |098164

Figure 6:8 Residential Tower sensitivity analysis.

6.2.5 Discussion

Parametric analysis on the Residential Tower answered questions that could not accurately be
answered using conventional analysis. It was shown that the PH standard could only be pursued with a high
efficiency HRV system. It was also shown that WWR of 50% was feasible, and Balcony Depth was optimized
on all facades. The DOE heuristic method developed a design space of 1296 simulations which can runin 43.2
hours. This is an acceptable level of speed for architectural practice.

However, the DOE heuristic method does not report its level of accuracy; it is therefore not an effective
method according to our definition of effectiveness. We do not know the error between the actual optimum
and the DOE sample optimum. The DOE heuristic method has been evaluated by Perkins&Will Research who
find that the DOE heuristic sample mean is significantly superior to the mean from a random sample.
However, it would still be important to understand the actual error associated with a data analytical process.

Another shortcoming of the DOE heuristic method is that it did not provide a full design space. Instead it
identifies a sample with a high-performance bias. This means that design space exploration is limited. For
example, if we wish to identify poor performing alternatives (so we know what to avoid) then the DOE
heuristic method fails. Moreover, since sensitivity analysis is performed on a reduced sample of data there is
a likelihood that it is less accurate than if it is performed on the full design space.
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6.3 Method

6.3.1 Data Description

The general experimental method used for this reference project was described in Chapter Five.
The data used for the Residential Tower machine learning experiments is described in Table 6:1. Note that

Effective Wall U-Values are computed by taking into account thermal bridging using the Chi-Value.

Input Data Type Units Description

WWR_N Numerical - Discrete % Window to wall ratio on the North fagade

WWR_W Numerical - Discrete % Window to wall ratio on the West fagade

WWR_S Numerical - Discrete % Window to wall ratio on the South fagade

WWR_E Numerical - Discrete % Window to wall ratio on the East fagade

Wall U Value Numerical - Discrete W/m2K Wall thermal transmittance value

Chi Value Numerical - Discrete W/K Point Heat Transmittance Coefficient

Shading N Numerical - Discrete feet Balcony depth on the North fagade

Shading W Numerical - Discrete feet Balcony depth on the West fagade

Shading S Numerical - Discrete feet Balcony depth on the South fagade

Shading E Numerical - Discrete feet Balcony depth on the East fagade

Window U Value Numerical - Discrete W/m2K Window thermal transmittance value

SHGC Numerical - Discrete - Solar Heat Gain Coefficient

Effective UN Numerical - Continuous W/m2K Effective wall thermal transmittance value - North fagade
Effective UW Numerical - Continuous W/m2K Effective wall thermal transmittance value - West fagade
Effective U S Numerical - Continuous W/m2K Effective wall thermal transmittance value - South fagade
Effective U E Numerical - Continuous W/m2K Effective wall thermal transmittance value - East fagade
OUTPUT Data Type Units Description

Cooling Numerical - Continuous kWh/m? Cooling load

Heating Numerical - Continuous kWh/m? Heating load

Site Energy Numerical - Continuous kWh/m2 | Total Site Energy

Illuminance % Numerical - Continuous | % Percentage of usable floor area with 300 - 3000 lux illuminance

Table 6:1 Residential Tower data description.

6.3.2 Design Space Definition

The design space definition of the Residential Tower is shown in Table 6:2. The design space had
14,400 combinations which was too large to rapidly simulate. Design space reduction was therefore required.

Parameter Description Range Size
WWR (all orientations) Window to wall ratio 30,40,50,60,70 20
Wall U Value Wall U Value 0.141,0.189,0.284 3

Chi Value Point heat transmittance coefficient 0.48, 1.19 2
Shading (all orientations) Balcony shading 0,5,10 20
Window U Value Window U Value 0.85,1.4 2
SHGC Solar Heat Gain Coefficient 0.3,0.5,0.7 3

14,400

Table 6:2 Residential Tower design space description.
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6.4 Results

6.4.1 Sample Size

Sample Size experiments were conducted with default values for all algorithms as discussed in
Section 5.6.2. As discussed in Section 2.3.3 we define RAE between 5-10% to be effective. In addition, we will
describe RAE between 10-15% to be close to effective and RAE between 15-20% to be somewhat effective.
The intention of these descriptions is to indicate which results, though not yet effective, are within the range
of improvement given that the best average improvement is approximately 10% (11.36% for SMOReg under
Hyperparameter Tuning).

The impact of Sample Size on Site Energy was that all algorithms perform better with a large sample (1000
instances) than with a small sample (100 instances) by an average of 7.42%. 100 instances are a reasonable
bottom threshold since it is unlikely that a smaller sample size will give effective results. The best performing
algorithm was MLP with 1000 instances (RAE 5.42%) while the poorest performing was RF with 100 instances
(RAE 27.99%). Only MLP was effective with RAE of 7.62% at sample sizes starting at 200 instances.

The effect of Sample Size on Illuminance was that all algorithms performed better with a large sample size
by 15.06% on average. The best performing algorithm was MLP with 1000 instances (RAE 9.58%) while the
poorest performing algorithm was RF with 100 instances (RAE 45.85%). Only MLP was effective with RAE of
9.58% at a sample size of 1000.

The effect of Sample Size on the multi-discipline Value Function was that all algorithms performed better
with a large sample size by 16.23% on average. The best performing algorithm was MLP with 1000 instances
(RAE 10.23%) while the poorest performing algorithm was RF with 100 instances (RAE 45.56%). Only MLP
was close to effective (RAE less than 15%) with RAE of 10.23% at a sample size of 1000.

Overall MLP was effective for the Energy and llluminance objectives and close to effective for the Value
Function. SMOReg was somewhat effective (RAE less than 20%) for the Energy objective but not for
[lluminance or the Value Function. RF was close to effective for Energy and somewhat effective for
[lluminance and the Value Function.

Sample Size improved effectiveness of MLP for the Energy objective. MLP was effective at 200 simulations
for Energy. Sample Size did not improve the effectiveness of MLP for Illuminance or Value Function
objectives. Sample Size did not improve the effectiveness of SMOReg or RF for any of the objectives.

Impact of Sample Size on Site Energy RAE
Residential Tower

Relative Absolute Error
o

100 200 300 400 500 600 700 800 900 1000
Number of Instances

e MILP = SMOReg e RF

Figure 6:9 Residential Tower impact of Sample Size on the RAE of Site Energy.
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Sample Size 100 200 300 400 500 600 700 800 900 1000
MLP 11.34 7.62 6.92 6.79 6.11 5.57 5.62 5.39 5.14 5.42
SMORe, 17.24 15.92 17.39 17.71 17.47 17.51 17.13 17.27 16.66 16.38
RF 27.99 20.55 18.41 18.08 16.24 15.2 14.24 13.62 12.87 12.5
Table 6:3 Residential Tower impact of Sample Size on the RAE of Site Energy.
Impact of Sample Size on Illuminance RAE
Residential Tower
60
S 50
L 40
=]
©
B 30 il
2 - e
220
&
2 10 e —
0
100 200 300 400 500 600 700 800 900 1000
Number of Instances
MLP SMOReg RF - Std Devs  --------
Figure 6:10 Residential Tower impact of sample size on the RAE of llluminance.
Sample Size 100 200 300 400 500 600 700 800 900 1000
MLP 23.02 15.32 12.07 10.46 10.9 10.98 10.8 8.83 10.4 9.58
SMOReg 31.81 29.07 28.54 27.82 27.27 27.56 28.02 28.32 28.17 27.7
RF 45.85 35.6 28.85 26.05 24.06 22.82 21.26 20.4 19.4 18.23
Table 6:4 Residential Tower impact of sample size on the RAE of Illluminance.
Impact of Sample Size on Value Function RAE
Residential Tower
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Figure 6:11 Residential Tower impact of Sample Size on the RAE of the Value Function.
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Sample Size 100 200 300 400 500 600 700 800 900 1000
MLP 24.31 14.65 13.93 13.16 11.39 11.85 11.76 11.63 10.91 10.23
SMOReg 35.57 29.05 30.43 29.27 28.34 28.57 27.96 27.23 27.44 27.24
RF 45.56 314 29.18 26.28 24.11 22.87 21.36 20 19.57 19.27

Table 6:5 Residential Tower impact of sample size on the RAE of the Value Function.

6.4.2 Sensitivity Analysis

The goal of impact factor studies is to help identify influencing factors that can most improve the
performance and effectiveness of the machine learning algorithms. Sensitivity Analysis is one of the possible
influencing factors. In performing sensitivity analysis, we examine the effect on algorithm performance of
considering the parameters ranked in order of sensitivity.

Sensitivity Analysis established that Window U-Value was the most sensitive parameter impacting Site
Energy. The order of sensitivity is shown in Figure 6:12. The best performing algorithm was MLP with 12
parameters (RAE 5.25%) while the worst performing algorithm was again MLP with a single parameter (RAE
60.05%). At best MLP performed better than RF by 5.06% and better than SMOReg by 11.09%. RF performed
better than SMOReg by 6.03%. Only MLP was effective starting at 9 parameters. RF was close to effective
starting at 7 parameters and somewhat effective starting at 6 parameters. SMOReg was somewhat effective
starting at 6 parameters.

For llluminance sensitivity analysis, WWR North was the most sensitive parameter. The order of sensitivity is
shown in Figure 6:13. The best performing algorithm was MLP with 10 parameters (RAE 9.35%) while the
worst performing algorithm was MLP with a single parameter (RAE 75.09%). At best MLP performed better
than RF by 1.96% and better than SMOReg by 18.28%. RF performed better than SMOReg by 16.32%. Only
MLP was effective starting at 9 parameters. RF was close to effective between 6 and 10 parameters and only
somewhat effective with 11 parameters. SMOReg was not at all effective.

For the Value Function Window U-Value was the most sensitive parameter. The order of sensitivity is shown
in Figure 6:14. The best performing algorithm was MLP with 12 parameters (RAE 10.23%) while the worst
performing algorithm was MLP with a single parameter (RAE 71.15%). At best MLP performed better than RF
by 6.98% and better than SMOReg by 16.46%. RF performed better than SMOReg by 9.48%. None of the
algorithms was effective but MLP was close to effective starting at 10 parameters while RF was somewhat
effective starting at 10 parameters.

Sensitivity Analysis did not improve the effectiveness of any of the algorithms for any of the objectives.

Summary Report

Column Main Effect TotalEffect 2 4 6 .8
Window_U_Value 0.671 069 I
SHGC 0.082 o.101 [ P
WWR_N 0.059 0077 [ I
Wall_U_Value 0.046 0.063 [

WWR_E 0.016 0.025 |

Shade_S 0.012 0.021|

Shade_ W 0.006 001

WWR_S 0.005 0.009

WWR_W 0.001 0.001

Shade_E 2e-5 3e-5

Shade_N 2e-5 3e-5

Chi_Value 1e-17 2e-17

Figure 6:12 Residential Tower Sensitivity Analysis, Energy.
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Summary Report

Column Main Effect TotalEffect .2 4 .6 .8
WWR_N 0.61 o6
WWR_S 0.159 o1l | i
WWR_E 0.092 0113 M

WWR_W 0.038 0057
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Figure 6:13 Residential Tower Sensitivity Analysis, Illuminance.

Summary Report
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Figure 6:14 Residential Tower Sensitivity Analysis, Value Function.
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Figure 6:15 Residential Tower impact of Sensitivity Analysis on the RAE of Energy.
1 2 3 4 5 6 7 8 9 10 11 12
MLP 60.05 | 49.74 | 40.05 | 30.47 | 25.46 | 20.35 | 16.36 | 11.51 | 9.46 8.78 5.27 5.25
Energy SMOReg 54.27 | 45.02 | 36.85 | 26.75 | 23.58 | 19.86 | 17.51 | 16.45 | 16.34 | 16.38 | 16.38 | 16.38
RF 54.2 | 44.42 | 35.34 | 2485 | 21.71 | 17.49 | 14.61 | 1045 | 10.31 | 11.36 | 11.8 | 12.51

Table 6:6 Residential Tower impact of Sensitivity Analysis on the RAE of Energy.
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Impact of Sensitivity Analysis on [lluminance RAE
Residential Tower

90
80
70
60
50
40
30
20

Relative Absolute Error

1 2 3 4 5 6 7 8 9 10 11 12
Number of Parameters

MLP SMOReg RF Std Devs
Figure 6:16 Residential Tower impact of Sensitivity Analysis on the RAE of Illuminance.
1 2 3 4 5 6 7 8 9 10 11 12
MLP 75.09 | 59.13 | 46.89 | 37.21 | 29.98 | 15.78 | 12.97 | 11.05 | 10.46 9.35 9.92 9.19

llluminance | SMOReg | 64.75 | 51.19 | 41.74 | 31.26 | 28.33 | 27.81 | 27.71 | 27.63 | 27.7 | 27.72 | 27.7 27.7

RF 64.8 | 50.32 | 39.27 | 29.6 | 26.71 | 119 | 12.26 | 11.31 | 13.05 | 14.88 | 16.92 | 18.3

Table 6:7 Residential Tower impact of Sensitivity Analysis on the RAE of Illluminance.

Impact of Sensitivity Analysis on Value Function RAE
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Figure 6:17 Residential Tower impact of Sensitivity Analysis on the RAE of the Value Function
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1 2 3 4 5 6 7 8 9 10 11 12
MLP 71.15 | 62.84 | 52.56 | 46.25 40 35.94 | 32.65 | 30.14 | 26.54 | 12.33 | 10.78 | 10.23
Value
SMOReg 64.4 | 55.56 | 46.26 | 42.8 | 37.95 | 34.86 | 32.89 | 30.67 | 28.43 | 27.52 | 27.24 | 27.24
Function

RF 65.16 | 55.31 | 46.03 | 39.58 | 34.39 | 32.03 | 31.34 | 28.51 | 25.33 | 17.76 | 19.02 | 19.27

. Table 6:8 Residential Tower impact of Sensitivity Analysis on the RAE of the Value Function.

6.4.3 Feature Selection

Feature Selection is different from sensitivity analysis in that feature selection uses a combinatorial
approach to analyze the performance of subsets of the parameter space. It reports the subset with the best
performance. However, sensitivity analysis uses methods like correlation analysis to rank parameters in order

of their sensitivity.
Table 6:9 establishes the best features for each algorithm and for each objective. The best performing
algorithm under feature selection was MLP for the Energy objective (RAE 4.56%). The poorest performing

algorithm was SMOReg for the llluminance objective (RAE 27.7%). On average, for all objectives, MLP
performed 5.38% better than RF and 15.97% better than SMOReg. RF performed 10.58% better than

SMOReg.

MLP had an insignificant improvement in performance compared to the default baseline for both Energy
(0.86%) and Illuminance (0.65%). RF had a more substantial improvement for Energy (2.52%) and llluminance
(6.87%). SMOReg had no substantial change for Energy (0%), Illuminance (0%) and Value Function (0%).

Overall MLP was effective for Energy, llluminance and the Value Function under feature selection. RF was
also effective for Energy but only close to effective for Illuminance and the Value Function. SMOReg was

somewhat effective for Energy.

We conclude that Feature Selection has a small impact on machine learning algorithm performance.

Impact of Feature Selection
Residential Tower

MLP SMOReg
Algorithm - Objective

=N N W
U O U1 O

Relative Absolute Value

=

o U1 O
Energy
Illuminance
Value Function
Energy
Illuminance
Value Function
Energy
Illuminance
Value Function

=
m

W Feature Selection Default

Figure 6:18 Residential Tower impact of Feature Selection.
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ALGORITHM OBJECTIVE BEST FEATURES RAE
Ener WWR_N, WWR_W, WWR_S, WWR_E, Wall_U_Value, Shading_N, Shading_W, 456
gy Shading_S, Shading_E, Window_U_Value, SHGC )
. WWR_N, WWR_W, WWR_S, WWR_E, Wall_U_Value, Shading_N, Shading_W,
MLP Hlluminance Shading_S, Shading_E, Window_U_Value, SHGC 8.93
Value WWR_N, WWR_W, WWR_S, WWR_E, Wall_U_Value, Chi_Value, Shading_N, 9.81
Function Shading_W, Shading_S, Shading_E, Window_U_Value, SHGC )
Ener WWR_N, WWR_W, WWR_S, WWR_E, Wall_U_Value, Shading_W, Shading_S, 16.3
gy Window_U_Value, SHGC :
SMOReg llluminance WWR_N, WWR_W, WWR_S, WWR_E, Shading_N, Shading_S 27.7
Value WWR_N, WWR_W, WWR_S, WWR_E, Wall_U_Value, Shading_N, Shading_W, 272
Function Shading_S, Shading_E, Window_U_Value, SHGC )
Ener WWR_N, WWR_S, WWR_E, Wall_U_Value, Shading_N, Shading_W, Shading_S, 998
gy Window_U_Value, SHGC :
RF llluminance WWR_N, WWR_W, WWR_S, WWR_E, Chi_Value, Shading_N, Shading_W, Shading_S | 11.36
Value WWR_N, WWR_W, WWR_S, WWR_E, Wall_U_Value, Chi_Value, Shading_N, 18.11
Function Shading_W, Shading_S, Window_U_Value, SHGC )

Table 6:9 Residential Tower impact of Feature Selection.

6.4.4 Hyperparameter Tuning

In this section we seek to understand the impact of each of the key hyperparameters of each of our
algorithms. For the MLP algorithm the most impactful hyperparameter for Energy and the Value Function
was hiddenLayers. Two hidden layers with 30 neurons each gave the best performance for Energy while two
hidden layers with 20 neurons each gave the best performance for the Value Function. The most influential
hyperparameter for llluminance was the learningRate (value = 0.1).

Hyperparameter Tuning for MLP improved performance for the Energy objective by 2.92%, for the
Illuminance objective by 1.82% and for the Value Function objective by 3.24%. On average Hyperparameter
Tuning for MLP improved performance by 2.66%.

For the SMOReg algorithm the most impactful hyperparameter for Energy, llluminance and the Value
Function was kernel. In all cases the normalizedPolykernel gave the best performance. Performance for the
Energy objective improved by 4.69%, for the Illuminance objective by 16.46% and for the Value Function
objective by 12.93%. On average Hyperparameter Tuning for SMOReg improved performance by 11.36%.

For the RF algorithm the most impactful hyperparameter for Energy, Illuminance and the Value Function was
numpFeatures. For Energy and llluminance, the best value of numFeatures was 8, while for Value Function it
was 6. Performance for the Energy objective improved by 2.05%, for the Illuminance objective by 5.25% while
the Value Function got worse by 1.24%. On average Hyperparameter Tuning for RF improved performance
by 2.02%.

Overall Hyperparameter Tuning was effective for MLP for all objectives. It was close to effective for SMOReg
for all objectives. It was also close to effective for RF for Energy and Illuminance.
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hiddenLayers learningRate
MLP
(10,10) | (20,20) | (30,30) | (40,40) (50,50) 0.001 0.01 01 | 02
Energy 3.6 2.82 2.5 2.59 2.69 13.38 6.7 4.13 | 4.38
llluminance 8.71 8.41 8.76 8.89 8.9 28.87 9.89 7.76 | 7.91
Value Function 8.21 6.99 7.61 7.33 7.55 26.86 10.59 8.35 | 8.86
momentum Best Value Hyperparameter
0 0.4 0.6 0.8
Energy 4.94 5.91 7.98 18.52 2.5 hiddenLayers
llluminance 8.71 10.34 12.34 27.78 7.76 learningRate
Value Function 9.63 11.66 13.27 31.94 6.99 hiddenLayer

12

10

Relative Absolute Error

Table 6:10 Residential Tower impact of Hyperparameter Tuning on MLP.

Impact of Hyperparameter Tuning - MLP
Residential Tower

Energy

Table 6:11 Residential Tower comparative impact of Hyperparameter Tuning on MLP.

Illuminance

MLP

Objective

M Best Value

Default

Value Function

Figure 6:19 Residential Tower impact of Hyperparameter Tuning on MLP.

Best Value | Default
MLP Energy 2.5 5.42
llluminance 7.76 9.58
Value Function 6.99 10.23
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Best Hyper-

complexity kernel epsilonParameter
Value | parameter

SMOReg
0.001 | 0.01 0.1 10 rbfKernel | normalized- | 0.01 0.1 1
Polykernel

Energy 32.97 | 16.48 | 16.38 16.37 | 11.97 11.69 16.31 19.15 | 104.08 11.69 kernel
llluminance 46.09 | 28.05 | 27.73 27.71 | 22.9 11.24 27.71 34.21 | 106 11.24 kernel
Value Function | 42.93 | 27.6 27.23 27.24 | 22.85 14.31 27.25 29.3 100.08 14.31 kernel

Table 6:12 Residential Tower impact of Hyperparameter Tuning on SMOReg.

Relative Absolute Error
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Impact of Hyperparameter Tuning - SMOReg
Residential Tower

Energy

Illuminance

SMOReg
Objective

M Best Value

Default

Value Function

Figure 6:20 Residential Tower impact of Hyperparameter Tuning on SMOReg.

Best Value Default

Energy 11.69 16.38

SMOReg llluminance 11.24 27.7
Value Function 14.31 27.24

Table 6:13 Residential Tower comparative impact of Hyperparameter Tuning on SMOReg.
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iterations numFeatures
RF 100 300 500 700 2 4 6 8
Energy 12.5 12.2 | 12.12 | 12.09 23.02 12.5 10.52 | 10.45
llluminance 18.23 | 17.81 | 17.77 | 17.75 31.84 18.23 14.02 | 12.98
Value Function 20.92 | 20.71 | 20.67 | 20.67 24.32 20.92 20.51 | 20.72
maxDepth Best Value | Hyperparameter
50 100 150 200
Energy 12.5 12.5 12.5 12.5 10.45 numFeatures
llluminance 18.23 | 18.23 | 18.23 | 18.23 12.98 numFeatures
Value Function 20.92 | 20.92 | 20.92 | 20.92 20.51 numFeatures

N
(€]

20

=
. o un

Relative Absolute Value
o

6.5 Discussion

In the reference projects parametric analysis has been performed using the DSC methodology.
Machine learning has been used as a design space reduction strategy. The initial design space of the
Residential Tower was 14,400 instances. This was reduced to 1,000 instances using DOE sampling. A sample
size of 1,000 instances can be simulated in about 33 hours using generally accessible equipment without
substantial investments in hardware.

Table 6:14 Residential Tower impact of Hyperparameter Tuning on RF.

Impact of Hyperparameter Tuning - RF
Residential Tower

Energy

Illuminance
RF
Objective
M Best Value Default

Value Function

Figure 6:21 Residential Tower impact of Hyperparameter Tuning on RF.

Best Value Default
Energy 10.45 12.5
RF llluminance 12.98 18.23
Value Function 20.51 19.27

Table 6:15 Residential Tower impact of Hyperparameter Tuning on RF.
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The reduced sample was used to perform tests on machine learning algorithms. The goal of the tests was to
establish if machine learning algorithms can perform effectively at design space reduction of multi-discipline
parametric analysis. By effective performance is meant acceptable accuracy at acceptable speed. Acceptable
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accuracy is considered to be 90 — 95% accuracy (5 — 10% RAE). Acceptable speed is considered to be 33 hours
of simulation.

The machine learning algorithms are Weka implementations of ANN, SVM and DT namely MLP, SMOReg and
RF. The multi-discipline objectives were Energy and llluminance (daylighting) and these were combined into
a single Value Function for comparative purposes. The tests investigated the impacts of sample size,
sensitivity analysis, feature selection and hyperparameter tuning on algorithm performance.

The best performing algorithm for all objectives was MLP. MLP improved to RAE 2.5% for the Energy
objective, RAE 7.76% for llluminance and RAE 6.99% for the Value Function. At its best MLP performed 9.2%
better than SMOReg and 7.48% better than RF for Energy; it performed 3.44% better than SMOReg and 3.60%
better than RF for Illuminance, and it performed 7.31% better than SMOReg and 11.12% better than RF for
the Value Function.

The most important impact factor for MLP was hyperparameter tuning which improved by 2.66% compared
to the default. The most important factor for SMOReg was also hyperparameter tuning which improved by
14.15% compared to the default. The most important impact factor for RF was feature selection which
improved by 3.52% compared to the default. On average the most important factor was hyperparameter
tuning which was 6.27% better than the default.

Overall, MLP was effective for the Energy objective and the Illuminance objective when the algorithm was
improved by feature selection and hyperparameter tuning. The algorithm was effective for the Value
Function objective when it was improved by feature selection and hyperparameter tuning.

SMOReg was close to effective for the Energy objective when improved by hyperparameter tuning and
somewhat effective when improved by feature selection. It was close to effective for the Illuminance
objective when improved by hyperparameter tuning. The Value Function was also close to effective when
improved by hyperparameter tuning.

RF was close to effective for the Energy objective when improved by sensitivity analysis and hyperparameter
tuning. It was somewhat effective under feature selection. llluminance was close to effective when improved
by hyperparameter tuning and somewhat effective when improved by sensitivity analysis. The Value Function
was somewhat effective when improved by sensitivity analysis.

Impact Factors - MLP
Residential Tower

Sample Size Sensitivity Analysis  Feature Selection Hyperparameter
Tuning

12
10

Relative Absolute Error
o N B OO

Impact Factors

B MLP Energy MLP llluminance  m MLP Value Function

Figure 6:22 Residential Tower effect of impact factors on MLP.
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Sample Size Sensitivity Analysis Feature Selection Hyperparameter Tuning
Energy 5.14 5.27 4.56 2.5
MLP llluminance 8.83 9.35 8.93 7.76
Value Function 10.23 10.78 9.81 6.99

Table 6:16 Residential Tower effect of impact factors on MLP.

Impact Factors - SMOReg
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Figure 6:23 Residential Tower effect of impact factors on SMOReg.
Sample Size Sensitivity Analysis Feature Selection Hyperparameter Tuning
Energy 16.38 16.38 16.3 11.7
SMOReg llluminance 27.27 27.63 27.7 11.2
Value Function 27.23 27.24 27.2 14.3
Table 6:17 Residential Tower effect of impact factors on SMOReg.
Impact Factors - RF
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Figure 6:24 Residential Tower effect of impact factors on RF.
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Sample Size Sensitivity Analysis Feature Selection Hyperparameter Tuning
Energy 12.5 10.31 9.98 10.5
RF llluminance 18.23 11.31 11.36 13
Value Function 19.27 17.76 18.11 20.5

Table 6:18 Residential Tower effect of impact factors on RF.
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Chapter 7 Mid-Rise Towers Experiment

This chapter performs machine learning experiments on data from the Mid-Rise Towers reference
project. We first provide a project description based on DSC and then make use of the general experimental
method discussed in Chapter Five. Given the design space complexity of the project, due primarily to different
geometry conditions, we investigate the impact of this design space complexity on the performance of
machine learning algorithms. We also investigate the influence of impact factors (sample size, sensitivity
analysis, feature selection, hyperparameter tuning) on the accuracy of the algorithms. We found that MLP
was the best performing algorithm and hyperparameter tuning was the most influential factor for the MLP

and SMOReg algorithms.
Impact of Sample

Impact of Sensitivity
Analysis

Impact of Feature
Selection

Impact of
Hyperparameter
Tuning

Geometry &

Adjacency
Complexity

Mid-Rise Towers
Machine Learning
Models

Comparative
Analysis

Figure 7:1 Diagram Summary of Chapter Seven.

7.1 Introduction

Mid-Rise Towers (Figure 7:2) consists of three towers from 14 to 18 levels in height standing on two
podiums. They are located in a growing, transit-oriented, affordable housing community in Vancouver. The
project consisted of two separate buildings on two adjacent sites with a total site area of 63,000 sqgft. Two of
the towers sit on a connected podium while the third sat on the podium of an adjacent site.

The design rationale was based on community development planning principles. These included achieving a
green, environmentally sustainable urban pattern; supporting a range of affordable housing options to meet
the diverse needs of the community; fostering a robust resilient economy; enhancing culture, heritage and
creativity within the city; providing and supporting a range of sustainable transport options; protecting and
enhancing public open spaces, parks and green linkages, and fostering a resilient, safe and healthy
community.

In order to achieve the community planning principles, and the developer client’s objectives, the designers
proposed a range of accommodations including retail units, market housing units, co-op housing units, town
houses, underground parking, rooftop and outdoors amenity spaces and an upper level courtyard. The
physical form of the design was influenced by topography, creating a stepped ground floor; the need for
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solidity and privacy on long street facing facades; large balconies and living spaces oriented towards
streetscapes, and acoustic and visual privacy on the transit facing fagades.
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Figure 7:2 (Perkins&Will, 2019) Mid-Rise Towers project.

7.2 DSC Process

The designers engaged an energy modeling consultant to perform compliance modeling for
development permit submissions. The purpose of the DSC process was to validate and build on the findings
of the consultant. Given the complexity of the project the design team was interested in more detailed design
guidance on different aspects of the design than was available through the consultant’s report. Further, the
consultant was exclusively an energy consultant. The designers wished to understand the impact of
daylighting on the design and achieve a design balance with energy performance.

7.2.1 Objective Definition

The DSC team addressed three questions. First, what is the best performance strategy for each
objective, what are the best energy and daylight performance strategies, and what is the best strategy for
balancing energy and daylighting? Second, are there significant differences in optimum WWR on the different
facades? While the design team understood that there would be differences in building performance and
response on different orientations they did not have as much latitude to vary many of the other input
parameters. Third, what is the optimized performance for each objective at each of the slices (or design
conditions) and what are the corresponding optimized input parameters?

The designers sought detailed design guidance on different aspects of their design in order to meet the City
of Vancouver sustainability requirements. The required energy performance limits were TEUIl of 120
kWh/m?/year, TEDI of 30 kWh/m?2/year and GHGI of 6 kgCO,/m?. To achieve these minimum performance
targets the team proposed air source heat pumps with condensing backup boilers; hydronic fan coil and
electric base board heating; in-suite heat recovery ventilation; triple-glazed windows with 0.25 U-Value and
0.35 SHGC; WWR of 35% on the North and South facades and 65% on the East and West facades; an effective
R-Value of R-7 for exterior walls and R-40 for the roof. These assumptions were the inputs of the DSC
parametric analysis process with parameter ranges centered on these assumed values.
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7.2.2 Alternative Generation

Due to the complexity of the project the energy modeler proposed ten slices to capture all the different
adjacency conditions of the design. These were the roof, which had an exposed upper surface; the typical
floor, which was sandwiched between two typical floors and the podium adjacent floor, which shared a
surface with the podium itself (Figure 7:3). In practice, due to different program requirements at the podium
level (such as retail and commercial spaces requiring substantial mechanical systems and equipment) the
DSC process focused only on the eight non-podium slices.
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Figure 7:3 (Perkins&Will, 2019) Mid-Rise Towers project slices.

The design space of the analysis is shown in Table 7:3 and for each slice there was a design space size of 1296
instances for a total of 10,368 simulations. The zoning was related to the project slicing and suite layouts
(Figure 7:4). In addition to zoning other inputs into the parametric analysis process included glazing
information such as SHGC values; envelope information such as Wall U-Value; lighting information such as
lighting controls; equipment information such as equipment loads; design conditions such as thermostat set-
back temperatures, and air system information such as heat recovery system. Zone inputs included program
type, lighting power density, occupancy, metabolic rate, ventilation and equipment.
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Figure 7:4 (Perkins&Will, 2019) Mid-Rise Towers zoning approach
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The 10,368 simulations would take 14.4 days to simulate which was not practical. The DSC team therefore
used a sampling approach to reduce the design space. Using a DOE method, they sampled 200 instances from
the proposed 1296 instance design space. They simulated this reduced design space for each of the eight

slices (1600 instances) and then aggregated the simulations into one set of results. Simulation took about 2
days.

7.2.3 Impact Analysis

Impact analysis was presented in a comprehensive report that detailed optimal parameter values
for the different slices and adjacency conditions of the design. The reportincluded a whole building summary

section, a performance matrix section for each slice of the building and a detailed breakdown section for
each slice.

The whole building summary showed the optimized Energy and llluminance for each slice of the building
(Figure 7:5). The performance matrix for each slice of the building showed the optimized Site Energy and its
implication for llluminance; the optimized Illuminance and its implications for Energy, and the Balanced case
(Figure 7:6). The detailed breakdown for each slice showed the best, the average and the worst Site Energy
and Illluminance and their corresponding llluminance and Site Energy (Figure 7:7). It also showed a Site Energy
breakdown of the key sources of Energy consumption at the slice.

ASHTOWER1  Site Energy kWh/m? RuN
LEVELS 1817 94 32 40.64 173
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TYPICAL FLOOR 49.58 120
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“ 43.93 83.60 LEVEL 14
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Figure 7:5 (Perkins&Will, 2019) Mid-Rise Towers whole building summary report.
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OPTIMIZED ENERGY CONSUMPTION OPTIMIZED ILLUMINANCE BALANCE
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140 s - 2 4 182 » s » L1 n » s » -
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03 1420 03 o 1987 03 LR L4 03

Illuminance %

Illuminance %

47.21

Site Energy kWh/m? Site Energy kWh/m? Site Energy kWh/m?
87.98 108.94 92.41

Figure 7:6 (Perkins&Will, 2019) Mid-Rise Towers performance matrix report.

BEST ENERGY CONSUMPTION - RUN 140

RUN WWR_N  WWR_W  WWR_S WWR_E WALL_U_VALUE WINDOW_U_VALUE SHGC
140 25 45 25 45 0.379 1.420 0.3

. * Equipment kWh/m2
llluminance % Site Energy kWh/m? Site Energy Breakdown
42.26 87.98 Cooling kWh/m2 10.529
Heating kWh/m2 49.991
o
12.0% reouction Lighting kWh/m2 9.493

Equipment kWh/m? 17.969

Figure 7:7 (Perkins&Will, 2019) Mid-Rise Towers detailed breakdown report.
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7.2.4 Value Assessment

Figure 7:8 Mid-Rise Towers identification key.

Discipline Value Level Comparison WWR Win U-Value Wall U-Value SHGC
Energy 25%-N,S
77.63 (kWh/m?) A2 - Typical 37.19% (lllum.) 1.42 0.38 0.3
45% - E,\W
Daylight 25%-N,S
56.12% B-Podium Adj. 113.70 (kWh/m?) 1.7 1.135 0.3
55%-E, 65%-W
Balance 25%-N, 35%-S
82.53 (kWh/m?) A2 - Typical 40.49% 1.7 0.38 0.3
65%-E, 45%-W

Table 7:1 Mid-Rise Tower summary of optimal values.

parameter values at optimum.

In addition to the comprehensive performance reporting a PCP was made available to the design team for
any further interactive interrogation of the design parameters (Figure 7:9). Lastly a sensitivity analysis of
heating, cooling and illuminance was carried out to inform the designers which input parameters were most

impactful (Figure 7:10).

{
o

Figure 7:9 (Perkins&Will, 2019) Mid-Rise Towers parallel coordinates plot.
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The optimum findings from the Mid-Rise Towers are summarized in Table 7:1. The best energy
performance occurs on the typical floor of tower A2 (77.63 kWh/m?/year), the best daylight illuminance
occurs on the podium adjacent level of tower B (56.12%) while the balanced case occurs at the typical floor
level of tower A2. The comparative value of the opposing discipline is also shown together with the input
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SENSITIVITY ANALYSIS
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Figure 7:10 (Perkins&Will, 2019) Mid-Rise Towers sensitivity analysis.

7.2.5 Discussion

Parametric Analysis on the Mid-Rise Towers responded to the questions raised by the DSC team.
With respect to the best performance strategies a whole building report was developed for Energy,
[lluminance and the Balanced case (Figure 7:11). With respect to optimum values for WWR it is clear from
the whole building reports that different locations and orientations have different optimum values. For
example, based on the Balanced whole building energy report we can see that optimum WWR on the West
facade of Al is 55%, of A2 is 45% and of B is 55% (Figure 7:11). In addition, the East facade of Tower C has
45% WWR at the top, 55% WWR at the typical levels and 45% at the bottom. With respect to the best
performing alternatives at each slice (design condition) this can be seen from the performance matrix
reports. For example, the best performing alternatives for each objective, as well as the balanced case, for
the typical level on Tower B are shown in Figure 7:13. In addition, sensitivity analysis indicates which
parameters have the most influence on each of the objectives (Figure 7:10).

However, the sampling method used for the exercise raises some issues related to sampling accuracy. There
is a loss of accuracy when optimizing from a small sample compared to the full design space. The sampling
method does not report this error. This means we do not know what level of confidence we can have in the
results. In addition, the sensitivity analysis is also performed with less data than the full design space which
affects accuracy. These accuracy related issues incentivize us to investigate developing a design space
reduction model using machine learning to allow us to predict the full design space.

Mid-Rise Towers also exhibits geometric and adjacency complexity. Machine learning models must account
for this complexity. We need to investigate whether algorithms can still be effective under these complex
design space conditions.
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Figure 7:12 (Perkins&Will, 2019) Mid-Rise Towers optimum WWR ratios.
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CAMBIE TOWER - LEVEL 8

OPTIMIZED ENERGY CONSUMPTION OPTIMIZED ILLUMINANCE BALANCE

RUN WWR_N WWR_W WWR_S WWR_E RUN WWR_N WWR_W WWR_S WWR_E RUN WWR_N WWR_W WWR_S WWR_E
140 25 45 25 45 78 35 65 35 a5 216 25 65 35 65
WALL_U_VALUE WINDOW_U_VALUE SHGC WALL_U_VALUE WINDOW_U_VALUE SHGC WALL_U_VALUE WINDOW_U_VALUE SHGC
0.378 1.420 0.3 0.568 1.703 0.35 0.811 1.420 0.3

Illluminance %

39.83

Site Energy kWh/m? Site Energy kWh/m? Site Energy kWh/m?
100.34 101.71

Figure 7:13 (Perkins&Will, 2019) MRT best performing alternatives for Tower B typical levels.

7.3 Method

The general experimental method used for this reference project has been described in Chapter
Five. In this section we will describe the method for performing machine learning on multiple slices of the
project. We will also present the specific data description and design space definition of the Mid-Rise Towers.

As discussed in Section 7.2.2 due to the complexity of the design ten slices were initially identified for
simulation according to the distinct adjacency conditions of the design. However, the podium levels were not
included in the DSC process because it was felt that they would need substantial input from mechanical
engineering consultants to be accurately analyzed. Therefore, eight slices were simulated with 200
simulations per slice. From the combined sample of about 1600 instances 1000 instances were chosen at
random for machine learning.

The machine learning training set consisted of all the simulation input parameters with an additional
categorical parameter for the particular slice of the design. This Slice ID parameter had eight possible values.
In performing the simulations for the Mid-Rise Towers, the same design space was used for each slice. This
would enable better comparison across slices. However, this approach could potentially overfit the machine
learning model. In Chapter Eight we will examine the effect of using random samples for each slice compared
to using an identical design space for each slice with only the slice identifier changing.
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7.3.1 Data Description

The data used for the Mid-Rise Towers machine learning experiments is described in Table 7:2.

Input Data Type Units Description
WWR_N Numerical - Discrete % Window to wall ratio on the North fagade
WWR_W Numerical - Discrete % Window to wall ratio on the West fagade
WWR_S Numerical - Discrete % Window to wall ratio on the South fagade
WWR_E Numerical - Discrete % Window to wall ratio on the East fagade
Wall_U_Value Numerical - Discrete W/m2K Wall thermal transmittance value
Window
Numerical - Discrete W/m2K Window thermal transmittance value
U_Value
Heat flow coefficient representing the added heat flow
Chi-Value Numerical - Discrete W/K
associated with thermal bridging.
SHGC Numerical - Discrete - Solar Heat Gain Coefficient
Slice ID Identification of the floor to analyze.
OUTPUT Data Type Units Description
Cooling Numerical - Continuous kWh/m? Cooling load
Heating Numerical - Continuous kWh/m? Heating load
Site Energy Numerical - Continuous kWh/m? Total Site Energy
Percentage of usable floor area with 300 - 3000 lux
llluminance % Numerical - Continuous %

illuminance

Table 7:2 Mid-Rise Tower data description.

7.3.2 Design Space Definition

The design space definition of the Mid-Rise Towers is shown in Table 7:3.

Parameter Description Range Size
WWR North Window to wall ratio 25,35 2
WWR West Window to wall ratio 45,55,65 3
WWR East Window to wall ratio 25,35 2
WWR South Window to wall ratio 45,55,65 3
Wall_U_Value Wall U Value 0.379,0.568,0.811,1.136 4
Chi_Value Point heat transmittance coefficient 0.48 1
Window_U_Value Window U Value 1.42,1.7,1.99 3
SHGC Solar Heat Gain Coefficient 0.3,0.35,0.4 3
Slice_ID Project slice identifier 1-8 8
10,368

Table 7:3 Mid-Rise Tower design space description.

7.4 Results

7.4.1 Sample Size

The impact of Sample Size on Site Energy for the Mid-Rise Towers was that all algorithms perform
better with a large sample (1000 instances) than with a small sample (100 instances) by 10.84% on average.
The best performing algorithm was MLP with 1000 instances (RAE 5.08%) while the poorest performing was
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RF with 100 instances (RAE 41.44%). Only MLP was effective with an RAE of 9.17% at sample sizes starting at
200 instances.

The effect of Sample Size on Illuminance was that all algorithms performed better with a large sample size
by 6.51% on average. The best performing algorithm was MLP with 1000 instances (RAE 17.35%) while the
poorest performing algorithm was RF with 100 instances (RAE 26.55%). No algorithm was effective for
[lluminance by default.

The effect of Sample Size on the multi-discipline Value Function was that all algorithms performed better
with a large sample size by 9.67% on average. The best performing algorithm was MLP with 1000 instances
(RAE 14.99%) while the poorest performing algorithm was RF with 100 instances (RAE 38.05%). No algorithm
was effective for the Value Function by default.

On average MLP performed 8.72% better than RF and 5.26% better than SMOReg. SMOReg performed better
than RF by 3.46%. Although again RF improved performance faster than SMOReg in this reference project. it
did not surpass the performance of SMOReg for the Energy objective. On average the Energy objective
performed better than the llluminance objective and the Value Function objective by about 4.2%. llluminance
and the Value Function were evenly matched in performance.

Overall MLP was effective for the Energy objective and close to effective for the llluminance objective and
the Value Function objective. SMOReg was close to effective for the Energy objective but somewhat effective
for the Value Function objective. RF was close to effective for the llluminance objective and somewhat
effective for the Energy objective and the Value Function objective.

Impact of Sample Size on Site Energy RAE
Mid Rise Towers

50
45
40
35
30
25
20
15

10 —_—

Relative Absolute Error

100 200 300 400 500 600 700 800 900 1000
Number of Instances

MLP

SMOReg RF s Std Devs =~

Figure 7:14 Mid-Rise Towers impact of Sample Size on the RAE of Site Energy.
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Sample Size 100 200 300 400 500 600 700 800 900 1000
Multi-Layer Perceptron 13.13 9.17 8.08 6.98 6.57 5.72 5.36 6.32 5.31 5.08
SMOReg 12.61 11.61 12.22 11.67 11.26 11.11 115 11.45 11.7 11.36
Random Forest 41.44 32.86 29.19 26.43 24.89 22.67 20.91 20.15 18.98 18.22
Table 7:4 Mid-Rise Towers impact of sample size on the RAE of Site Energy.
Impact of Sample Size on Illuminance RAE
Mid Rise Towers
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Figure 7:15 Mid-Rise Towers impact of Sample Size on the RAE of llluminance.

Sample Size 100 200 300 400 500 600 700 800 900 1000
Multi-Layer Perceptron 23.72 18.72 19.13 17.62 15.56 15.45 15.31 15.13 14.49 17.35
SMOReg 24.17 24.11 24.78 23.63 23.01 23.12 23.76 24.04 23.41 24.01
Random Forest 26.55 19.69 17.64 15.78 14.06 13.59 13.41 13.24 12.57 13.56

Table 7:5 Mid-Rise Towers impact of sample size on the RAE of Illuminance.
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Impact of Sample Size on Value Function RAE
Mid Rise Towers
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Figure 7:16 Mid-Rise Towers impact of Sample Size on the RAE of the Value Function.

Sample Size 100 200 300 400 500 600 700 800 900 1000
Multi-Layer Perceptron 20.73 15.66 14.82 13.55 13.61 13.47 12.84 1291 12.59 14.99
SMOReg 22.4 20.3 18.67 18.6 18.73 18.47 18.79 18.84 18.74 19.13
Random Forest 38.05 31.31 25.06 23.56 22.2 20.74 19.31 19.01 17.94 18.05

Table 7:6 Mid-Rise Towers impact of sample size on the RAE of the Value Function.

7.4.2 Sensitivity Analysis

Sensitivity Analysis established that Slice ID was the most sensitive parameter impacting Site
Energy. The other sensitive parameter (greater than 10% for Total Effect) was Wall U-Value. Window U-Value
was somewhat sensitive (greater than 5% for Total Effect). Average performance was significantly worse with
just the sensitive parameters (17.35%) compared to all parameters (11.28%). This indicated that Sensitivity
Analysis was not an influential factor for Site Energy.

The best performing algorithm was MLP with 8 parameters (RAE 4.96%) while the worst performing
algorithm was again MLP with a single parameter (RAE 77.95%). At best MLP performed better than RF by
12.65% and better than SMOReg by 6.3%. SMOReg performed better than RF by 6.35%. Only MLP was
effective starting at 7 parameters. MLP was somewhat effective at 6 parameters. SMOReg was somewhat
effective starting at 6 parameters and close to effective starting at 7 parameters. RF was somewhat effective
starting at 6 parameters.

For Illluminance Sensitivity Analysis, Slice ID was the most sensitive parameter. WWR North was somewhat
sensitive. Average performance was slightly better with just the sensitive parameters (18.00%) compared to
all parameters (18.53%). Since the difference is very small this suggests that Sensitivity Analysis did not make
much difference to performance for the llluminance objective.

The best performing algorithm was RF with 8 parameters (RAE 13.1%) while the worst performing algorithm
was MLP with a single parameter (RAE 47.27%). At best RF performed better than MLP by 3.55% and better
than SMOReg by 10.6%. MLP performed better than SMOReg by 7.05%. None of the algorithms was effective
under Sensitivity Analysis for [lluminance. RF was close to effective starting at 7 parameters and somewhat
effective starting at 3 parameters. MLP was somewhat effective starting at 4 parameters. SMOreg was not
at all effective.
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For the Value Function, Slice ID was the most sensitive parameter. Wall U-Value was another sensitive
parameter. Average performance was slightly worse with just the sensitive parameters (18.47%) compared
to all parameters (17.19%). This indicated that Sensitivity Analysis was not an influential factor.

The best performing algorithm was MLP with 8 parameters (RAE 14.76%) while the worst performing
algorithm was MLP with a single parameter (RAE 63.27%). At best MLP performed better than RF by 3.07%
and better than SMOReg by 4.22%. RF performed better than SMOReg by 1.15%. None of the algorithms was
effective but MLP was close to effective starting at 8 parameters and somewhat effective starting at 7
parameters, while RF was somewhat effective starting at 7 parameters. SMOReg was somewhat effective
starting at 7 parameters.

Overall none of the algorithms was effective when considering only sensitive parameters. MLP was
somewhat effective for all objectives, SMOReg was somewhat effective for Energy and the Value Function
while RF was close to effective for llluminance and somewhat effective for Energy and the Value Function.

Summary Report

Column Main Effect TotalEffect .2 4 6 .8
Slice 0.544 0563 |
Wall_U_Val 0.28 0299 |
Window_U_Val 0.049 0.068 [] ;

SHGC 0.014 0.024 |

WWR_W 0014 0.023 |

WWR_E 0.008 0.016 |

WWR_S 0.006 0.01|

WWR_N 0.001 0.003

Figure 7:17 Mid-Rise Towers Sensitivity Analysis, Energy.

Summary Report

Column Main Effect TotalEffect .2 4 .6 .8
Slice 0.863 0.879 : \
WWR_N 0.079 0.095 1 : |
WWR_S 0.013 0.021 |
WWR_E 0.001 0.003
SHGC 4e-4 0.001
Wall_U_Val 2e-4 3e-4
WWR_W 9e-5 2e-4
Window_U_Val 4e-5 1e-4

Figure 7:18 Mid-Rise Towers Sensitivity Analysis, llluminance.

Summary Report

Column Main Effect TotalEffect .2 4 .6 .8
Slice 0.742 0775
Wall_U_Val 0.123 o6 | i i
Window_U_Val 0.015 0034]

WWR_N 0.011 0.026 |

SHGC 0.008 0019 |

WWR_W 0.005 0.012 |

WWR_E 0.001 0.004

WWR_S 2e-4 0.001

Figure 7:19 Mid Rise Tower Sensitivity Analysis, Value Function.
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Impact of Sensitivity Analysis on Energy RAE
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Figure 7:20 Mid-Rise Towers impact of Sensitivity Analysis on the RAE of Energy.
1 2 3 4 5 6 7 8
MLP 77.95 48.16 33.68 29.96 21.7 16.71 9.52 4.96
Energy SMOReg 70.95 40.95 31.56 26.7 20.36 16.3 12.02 11.26
RF 70.85 40.98 32.25 27.59 22.33 19.03 17.86 17.61
Table 7:7 Mid-Rise Towers impact of Sensitivity Analysis on the RAE of Energy.
Impact of Sensitivity Analysis on [lluminance RAE
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Figure 7:21 Mid-Rise Towers impact of Sensitivity Analysis on the RAE of Illuminance.
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1 2 3 4 5 6 7 8

MLP 47.27 27.77 22.66 19.61 19.38 19.68 16.65 18.71

llluminance SMOReg 43.29 27.56 24.07 23.76 23.78 23.77 23.7 23.79
RF 43.35 24.39 19.06 17.04 18.53 18.54 13.54 131

Table 7:8 Mid-Rise Towers impact of Sensitivity Analysis on the RAE of llluminance.

Impact of Sensitivity Analysis on Value Function RAE
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80
5 70
b
w 60
0]
§ 50
§ 40
o 30
=
® 20 —
9]
o 10
0
1 2 3 4 5 6 7 8
Number of Parameters
MLP SMOReg RF e Std Devs
Figure 7:22 Mid-Rise Towers impact of Sensitivity Analysis on the RAE of the Value Function.
1 2 3 4 5 6 7 8
MLP 63.27 44.92 37.13 32.39 24.58 20.59 16.82 14.76
Value Function SMOReg 57 38.68 33.76 26.92 24.34 20.38 18.98 18.98
RF 56.93 39 34.09 28.34 25.61 20.66 19.62 17.83

Table 7:9 Mid-Rise Towers impact of Sensitivity Analysis on the RAE of the Value Function.

7.4.3 Feature Selection

For the Mid-Rise Towers, Table 7:10 established the best features for each algorithm and for
each objective. The best performing algorithm after Feature Selection was MLP for the Energy objective
(RAE 5.08%). The poorest performing algorithm was SMOReg for the llluminance objective (RAE 23.72%).
On average, for all objectives, MLP performed 3.75% better than RF and 5.55% better than SMOReg. RF
performed 1.8% better than SMOReg.

For both Energy and the Value Function all algorithms returned the full parameter space as the best feature
selection. In this case there was no difference in performance compared to the default. In the case of
Illuminance there were insignificant differences for MLP (0.15%), SMOReg (0.28%) and RF (1.01%).

Overall, MLP was effective for Energy, somewhat effective for llluminance and close to effective for the Value
Function after Feature Selection. SMOReg was close to effective for Energy and somewhat effective for the
Value Function. RF was somewhat effective for Energy, close to effective for llluminance and somewhat
effective for the Value Function.
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Impact of Feature Selection
Mid Rise Towers
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Figure 7:23 Mid Rise Towers impact of Feature Selection on the RAE.
ALGORITHM OBJECTIVE BEST FEATURES RAE
Energy Slice_ID, WWR_N, WWR_W, WWR_S, WWR_E, Wall_U_Value, Window_U_Value, SHGC 5.08
MLP llluminance Slice_ID, WWR_N, WWR_W, WWR_S, WWR_E, SHGC 17.5
Value Function Slice_ID, WWR_N, WWR_W, WWR_S, WWR_E, Wall_U_Value, Window_U_Value, SHGC 14.99
Energy Slice_ID, WWR_N, WWR_W, WWR_S, WWR_E, Wall_U_Value, Window_U_Value, SHGC 11.36
SMOReg llluminance Slice_ID, WWR_N, WWR_S, WWR_E, Wall_U_Value 23.72
Value Function Slice, WWR_N, WWR_W, WWR_S, WWR_E, Wall_U_Value, Window_U_Value, SHGC 19.13
Energy Slice_ID, WWR_N, WWR_W, WWR_S, WWR_E, Wall_U_Value, Window_U_Value, SHGC 18.22
RF llluminance Slice_ID, WWR_N, WWR_W, WWR_S, WWR_E, Window_U_Value 12.55
Slice_ID, WWR_N, WWR_W, WWR_S, WWR_E, Wall_U_Value, Window_U_Value, SHGC 18.05

Value Function

Table 7:10 Mid-Rise Towers impact of Feature Selection on the RAE.

7.4.4 Hyperparameter Tuning

For the MLP algorithm the most impactful hyperparameter for Energy was hiddenLayers while the
most impactful hyperparameter for Illuminance and the Value Function were learningRate. Two hidden
layers with 30 neurons each gave the best performance for Energy. For llluminance a learningRate of 0.01
gave the best performance while for the Value Function a learningRate of 0.1 gave the best performance.

Hyperparameter Tuning for MLP improved performance for the Energy objective by 1.17%, for the
Illuminance objective by 2.73% and for the Value Function objective by 1.81%. On average Hyperparameter
Tuning for MLP improved performance by 1.9%.

For the SMOReg algorithm the most impactful hyperparameter for Energy, llluminance and the Value
Function was kernel. In all cases the normalizedPolykernel gave the best performance. Performance for the
Energy objective improved by 2.61%, for the Illuminance objective by 8.11% and for the Value Function

objective by 5.9%. On average Hyperparameter Tuning for SMOReg improved performance by 5.54%.
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For the RF algorithm the most impactful hyperparameter for Energy and llluminance was numFeatures. The
most impactful hyperparameter for the Value Function was iterations. For both Energy and Illuminance, the
best value of numFeatures was 6, while for the Value Function the best value of iterations was 500 and 700.
Performance for the Energy objective improved by 0.97%, for the Illuminance objective by 0.74% and for the
Value Function by 0.26%. On average Hyperparameter Tuning for RF improved performance by 0.66%.

Overall Hyperparameter Tuning was effective for MLP the Energy objective. It was close to effective for MLP
for the Illluminance and Value Function objectives. It was effective for SMOReg for the Energy objective and
close to effective for the llluminance and Value Function objectives. It was close to effective for the RF for
the llluminance objective and somewhat effective for the Energy objective and the Value Function objective.
As with the Residential Towers reference project Hyperparameter Tuning was the most influential of the
impact factors after Sample Size.

MLP hiddenLayers learningRate
(10,10) (20,20) (30,30) (40,40) (50,50) 0.001 | 0.01 0.1 0.2
Energy 5.59 4.13 3.91 3.95 4.19 11.23 | 803 | 439 4.67
llluminance 17.26 18.73 19.43 18.8 18.13 23.66 | 14.62 | 15.05 15.66
Value Function 14.26 14.51 14.63 14.43 14 19.66 | 16.88 | 13.18 13.65
momentum Best Value :eraer:eter
0 0.4 0.6 0.8
Energy 4.98 5.08 5.41 6.54 3.91 | hiddenLayers
llluminance 16.16 17.35 18.29 23.38 14.62 | learningRate
Value Function 14.11 14.99 17.03 2155 13.18 | learningRate

Table 7:11 Mid-Rise Towers impact of Hyperparameter Tuning on MLP.
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Figure 7:24 Mid-Rise Towers impact of Hyperparameter Tuning on MLP.

Best Value Default

Energy 3.91 5.08
MLP llluminance 14.62 17.35
Value Function 13.18 14.99

Table 7:12 Mid-Rise Towers comparative impact of Hyperparameter Tuning on MLP.
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Best Hyper-
complexity kernel epsilonParameter |
Value [ yarameter
SMOReg
0001 | o0.01 0.1 10 | normalized- | ernel 0.01 0.1 1
Polykernel
Energy 49.58 115 11.36 11.36 8.75 9.66 113 28.9 107.95 8.75 | Kernel
llluminance 51.61 24.22 24.01 24.01 15.9 20.98 23.9 30.59 159.64 15.9 | Kernel
Value Function 53.3 19.42 19.14 19.13 13.23 16.55 19.07 26.23 104.95 13.23 | Kernel
Table 7:13 Mid-Rise Towers impact of Hyperparameter Tuning on SMOReg.
Impact of Hyperparameter Tuning - SMOReg
Mid-Rise Towers
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Figure 7:25 Mid-Rise Towers impact of Hyperparameter Tuning on SMOReg.
Best Value Default
Energy 8.75 11.36
SMOReg Illuminance 15.9 24.01
Valu.e 13.23 19.13
Function
Table 7:14 Mid-Rise Towers comparative impact of Hyperparameter Tuning on SMOReg.
iterations numFeatures
RF 100 300 500 700 2 4 6 8
Energy 18.22 17.95 17.87 17.83 25.38 18.22 17.25 17.73
llluminance 13.56 13.28 13.26 13.24 21.88 13.56 12.82 13.14
Value Function 18.05 17.82 17.79 17.79 23.84 18.05 17.92 18.47
maxDepth Best Value Hyperparameter
50 100 150 200
Energy 18.22 18.22 18.22 18.22 17.25 numFeatures
llluminance 13.56 13.56 13.56 13.56 12.82 numFeatures
Value Function 18.05 18.05 18.05 18.05 17.79 iterations

143




Machine Learning for Parametric Analysis in Architectural Practice

Table 7:15 Mid-Rise Towers impact of Hyperparameter Tuning on RF.

Impact of Hyperparameter Tuning - RF
Mid-Rise Towers
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Figure 7:26 Mid-Rise Towers impact of Hyperparameter Tuning on RF.

Best Value Default

Energy 17.25 18.22

RF llluminance 12.82 13.56
F::::zn 17.79 18.05

Table 7:16 Mid-Rise Towers comparative impact of Hyperparameter Tuning on RF.

7.5 Discussion

The best performing algorithm for all objectives was MLP. MLP improved to RAE 3.91% for the
Energy objective and defaulted to RAE 14.62% for Illuminance and RAE 12.59% for the Value Function. At its
best MLP performed 4.84% better than SMOReg and 13.34% better than RF for Energy; it performed 8.52%
better than SMOReg and 1.92% worse than RF for llluminance, and it performed 5.88% better than SMOReg
and 5.35% better than RF for the Value Function. The best performing objective for MLP was Energy. On
average it was 6.66% better than Illuminance and 9.48% better than the Value Function. llluminance was
2.83% better than the Value Function.

The most important impact factor for MLP was Hyperparameter Tuning which, on average, improved by
0.15% compared to the default. The most important factor for SMOReg was Hyperparameter Tuning which
improved by 4.90% compared to the default. The most important impact factor for RF was also Feature
Selection which improved by 0.15% compared to the default. Across all algorithms the most important factor
was Hyperparameter Tuning which was 1.73% better than the default. Hyperparameter Tuning was 22.02%
better than Sensitivity Analysis and 2.55% better than Feature Selection.

Overall, MLP was effective for the Energy objective when the algorithm was improved by Sample Size,
Feature Selection and Hyperparameter Tuning. It was close to effective for the Illuminance objective when
improved by Sample Size and Hyperparameter Tuning, and somewhat effective when improved by Feature
Selection. The algorithm was close to effective for the Value Function objective when it was improved by
Sample Size, Feature Selection and Hyperparameter Tuning.
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SMOReg was effective for the Energy objective when the algorithm was improved by Hyperparameter
Tuning. It was close to effective for the Energy objective when improved by Sample Size and Feature
Selection. It was somewhat effective for the Illuminance objective when improved by Hyperparameter
Tuning. The Value Function was also close to effective when improved by Hyperparameter Tuning and
somewhat effective when improved by Sample Size and Feature Selection.

RF was somewhat effective for the Energy objective when improved by Sample Size, Feature Selection and
Hyperparameter Tuning. llluminance was close to effective when improved by Sample Size, Feature Selection
and Hyperparameter Tuning. The Value Function was somewhat effective when improved by Sample Size,

Feature Selection and Hyperparameter Tuning.
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Figure 7:27 Mid-Rise Towers impact factors for MLP algorithm.
Sample Size Sensitivity Feature Hyperparameter
Analysis Selection Tuning
Energy 5.08 9.52 5.08 391
mip | lluminance 14.49 16.65 17.50 14.62
Value Function 12.59 16.82 14.99 13.18

Table 7:17 Mid-Rise Towers impact factors for MLP algorithm.
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Impact Factors - SMOReg
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Figure 7:28 Mid-Rise Towers impact factors for SMOReg algorithm.
Sample Sensitivity Feature Hyperparameter
Size Analysis Selection Tuning
Energy 11.11 12.02 11.36 8.75
SMOReg llluminance 23.01 23.7 23.72 15.90
Value Function 18.47 18.98 19.13 13.23
Table 7:18 Mid-Rise Towers impact factors for SMOReg algorithm.
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Figure 7:29 Mid-Rise Towers impact factors for Random Forests algorithm.
Sample Sensitivity Feature Hyperparameter
Size Analysis Selection Tuning
Energy 18.22 32.25 18.22 8.75
RF lluminance 12.57 13.54 12.55 15.9
Value Function 17.94 19.62 18.05 13.23

Table 7:19 Mid-Rise Towers impact factors for Random Forests algorithm.
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Chapter 8 Students’ Residence Experiment

This chapter performs machine learning experiments on data from the Students’ Residence
reference project. We describe the project in terms of DSC and make use of the general experimental method
of Chapter Five. However, the goal of DSC in this project is to help establish which of three design alternatives
was most suitable in terms of building performance. Therefore, we investigate the performance of machine
learning algorithms on a parametric analysis problem where the design geometry is variable, but the input
parameters are constant across the alternatives. We assess the impact of sample size, sensitivity analysis,
feature selection and hyperparameter tuning on algorithm performance. We find that machine learning
algorithms are effective for all objectives. MLP is the best performing algorithm and hyperparameter tuning
is the most influential impact factor.

Design Option
Complexity

v
Students' Residence
Machine Learning
Models

Y

Comparative
Analysis

Figure 8:1 Diagram Summary of Chapter Eight.
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8.1 Introduction

The Students’ Residence project is a 330,000-sgft student housing, dining and conferencing facility
located at a university in British Columbia. The project is located at the intersection of two important
promenades and presented an opportunity to strengthen the campus circulation network. The design sought,
among other criteria, to incorporate passive design principles, and reduce energy consumption, greenhouse
gas emissions and address future climate resilience, creating a showcase project for the university (Figure
8:2).

The motivating design concepts included: create a compact campus; reinforce and create new activity hubs
with open spaces and a mix of uses; create an animated place for walking, cycling, lingering and socializing;
create better linkages between key places; enhance cycling and transit, and conserve and enhance natural
areas, minimizing impact from building development.

The site and design principles used to realize the design intent included using massing and podium to frame
the site circulation; using lower heights adjacent to circulation and increasing it farther away; aligning the
buildings with the context and adjacent buildings to accommodate better seating and landscaping; upper
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massing of the building to be setback to minimize height impact, and primary building frontages with active
programming to be oriented towards circulation routes (Figure 8:3).

Figure 8:2 (Perkins&Will, 2019) A design impression of the Students’ Residence project.

B. BUILDING HEIGHT  F. BUILDING ELEMENTS
INCREASES EAST TO  SHOULD NOT PROJECT INTO
WEST PROMENADE WIDTH

. 3m SETBACK FROM *+_
PODIUM FACE, TYPICAL << .~

Figure 8:3 (Perkins&Will, 2019) Students’ Residence site and design principles.
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8.2 DSC Process

The design team engaged the DSC process in the early massing development stages. The key
question was which of three massing alternatives was most suitable for design development in terms of
optimal energy and daylighting performance. The investigation required three different DSC analytical

models to be developed and cross-compared, shown in Figure 8:4.

The DSC process involved the four roles of Designer, Energy Analyst, Computational Designer and Data
Analyst (Figure 8:5). The team developed three DSC analytical models based on a typical level from each of
the design alternatives. They based the design space on the inputs shown in Table 8:1. A DOE was used to
define three design spaces of 600 simulations each for the three massing options. The analysis metrics were

[lluminance and Site Energy.

Massing Option A

Massing Option B

Massing Option C

Figure 8:4 (Perkins&Will, 2019) Students’ Residence massing options for DSC analysis.
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Figure 8:5 (Perkins&Will, 2019) Students’ Residence DSC process.

8.2.1 Objective Definition

The main question of the Students’ Residence DSC process was which of the three massing
alternatives performed best in terms of energy and daylighting. Since much of the analytical data was the
same for all three alternatives (location, weather files, energy standards, analysis constants, zone inputs, etc.)
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it made sense, from a machine learning point of view, to create a single data model that could model all three
together.

The full design space for each design option was 34,992 instances. This made for a total of 104,976
simulations which would take 145.8 days. This was not possible. Therefore, the DSC team used a sampling
method to reduce the design space. They used a DOE approach to sample the design space for three
independent samples of 600 instances each (for a total of 1800 instances). This was simulated in about 3
days.

8.2.2 Alternative Generation

The input parameters for the Students’ Residence DSC were WWR along all facade orientations,
shading device depth on all orientations, Wall U-values, Roof U-values, Window U-values and Window SHGC
values (Table 8:2). The zonal inputs were lighting power density, number of occupants, total heat generated
by occupants when fully occupied, and ventilation and equipment loads. Three distinct analytical models
were involved (Figure 8:6) designated Options A, B and C. Option A & B had identical geometry but were
oriented 90 degrees to each other while Option C had a completely different external geometry. For machine
learning purposes all three were combined into one data model. This was achieved by using identical input
parameters for each analytical model and distinguishing the alternatives by an Option ID parameter. Three
350 run simulations per design option were selected and the results combined into a single training dataset.

Massing A&B

fin -W/E only

r fin -W/E only

30-50% 30-50% Massing C

30-50% 30-50% Overhang - South only

fin -W/E only fin -W/E only

40%

Figure 8:6 (Perkins&Will, 2019) Students’ Residence massing options and zoning diagram.

8.2.3 Impact Analysis

Since the goal of the analysis was to establish which design alternative performs best for energy
and daylighting, we performed a one-way MANOVA test with Option ID as the independent variable and Site
Energy and llluminance as the dependent variables. We used SPSS statistical software for the tests. Using the
Wilk’s Lambda test we observe that at 95% confidence levels (p<0.05) the options are significantly different
from each other (Figure 8:7). Looking at the Test of Between-Subjects Effects we further observe that the
options are significantly different from each other for both the Site Energy as well as the llluminance objective
(Figure 8:8). Since MANOVA does not report which option in particular is the best performer we perform a
post-processing Tukey HSD test (Figure 8:9). We observe that that there are no significant differences
between A and B for Site Energy and Illuminance. However, there are significant differences between A and
C for both objectives as well as between B and C for both objectives. Option C performs significantly worse
than A and B for Energy but performs significantly better for llluminance. This is not conclusive.
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Partial Eta Noncent. Observed
Effect Value F Hypothesis df Error df Sig. Squared Parameter Power®
Intercept Pillai's Trace 0.990 48707.714° 2.000 994.000 0.000 0.990 97415427 1.000
Wilks' Lambda 0.010 48707.714° 2.000 994.000 0.000 0.990 97415427 1.000
Hotelling's Trace 98.003 48707.714° 2.000 994.000 0.000 0.990 97415427 1.000
Roy's Largest Root 98.003 48707.714° 2.000 994.000 0.000 0.990 97415427 1.000
Option Pillai's Trace 0.154 41.377 4.000 1990.000 0.000 0.077 165.509 1.000
Wilks' Lambda 0.848 42.730° 4.000 1988.000 0.000 0.079 170.919 1.000
Hotelling's Trace 0.178 44.083 4.000 1986.000 0.000 0.082 176.333 1.000
Roys Largest Root 0.167 83.080° 2.000 995.000 0.000 0.143 166.159 1.000
Figure 8:7 Students’ Residence one-way MANOVA Wilk’s Lambda test.
Partial Eta Noncent. Observed
Source Type Il Sum of Squares df Mean Square F Sig. Squared Parameter Power®
Corrected Model Site Energy 16596.416 2 8298.208 72.891 0.000 0.128 145.782 1.000
llluminance 5045.780° 2 2522.890 52.919 0.000 0.096 105.839 1.000
Intercept Site Energy 1838409.890 1 1838409.890 16148.545 0.000 0.942 16148.545 1.000
lluminance 4593431.306 1 4593431.306 96350.388 0.000 0.990 96350.388 1.000
Option Site Energy 16596.416 2 8298.208 72.891 0.000 0.128 145.782 1.000
lluminance 5045.780 2 2522.890 52.919 0.000 0.096 105.839 1.000
Error Site Energy 113274.466 995 113.844
lluminance 47435.867 995 47.674
Total Site Energy 1978663.983 998
lluminance 4665133.175 998
Corrected Total Site Energy 129870.882 997
lluminance 52481.647 997
Figure 8:8 Students’ Residence Test of Between-Subjects Effects.
. 95% Confidence Interval
Mean Difference
Dependent Variable (1-J) Std. Error Sig. Lower Bound  Upper Bound
Site Energy A B -1.38774588 0.835441588 0.221 -3.34871076 0.57321900
C -0.15867067  0.814153995 0.000 -11.06966889 -7.24767244
B A 1.38774588 0.835441588 0.221 -0.57321900 3.34871076
C -7.77092479" 0.834863944 0.000 -9.73053381 -5.81131576
(o3 A 9.15867067 0.814153995 0.000 7.24767244 11.06966889
B 7.77092479° 0.834863944 0.000 581131576 9.73053381
llluminance A B 0.86977461 0.540634180 0.242 -0.39921254 2.13876177
C -4.25927625 0.526858471 0.000 -5.49592878 -3.02262371
B A -0.86977461 0.540634180 0.242 -2.13876177 0.39921254
C -5.12905086 0.540260373 0.000 -6.39716060 -3.86094112
C A 425927625 0.526858471 0.000 3.02262371 5.49592878
B 512905086 0.540260373 0.000 3.86094112 6.39716060

8.2.4 Value Assessment

Figure 8:9 Students’ Residence MANOVA, Tukey HSD test.

Can we perhaps break the deadlock by observing the behavior of the options for the Value Function
objective that balances both Site Energy and Daylight? To do this we perform a one-way ANOVA with the
Option ID as the dependent variable and the Value Function as the independent variable. This showed that
there were significant differences between the options at 95% confidence levels (p<0.05). Once again post
processing using the Tukey HSD test showed that there were significant differences between A and B as well
as between B and C. A (mean=75.87) performed significantly better than B (mean=72.89) which in turn
performed significantly better than C (mean=68.64). This means that the design team should select design

option A.
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Sum of Squares df Mean Square F Sig.
Between Groups 9050.369 2 4525.185 29.852 0.000
Within Groups 150980.022 996 151.586
Total 160030.392 998
Figure 8:10 Students’ Residence one-way ANOVA.
95% Confidence Interval
(1) Option Mean Difference (I-J) Std. Error Sig. Lower Bound Upper Bound
A B 2.975200650993742° 0.963221940275609 0.006 0.714310627782088 5.236090674205400
C 7.223604373903513° 0.939468365198705 0.000 5.018469123980780 9.428739623826250
B A -2.975200650993741" 0.963221940275609 0.006 -5.236090674205400 -0.714310627782088
(] 4.248403722909771 0.962554823837695 0.000 1.989079566125920 6.507727879693620
C A -7.223604373903513° 0.939468365198705 0.000 -9.428739623826250 -5.018469123980780
B -4.248403722909771° 0.962554823837695 0.000 -6.507727879693620 -1.989079566125920

Figure 8:11 Students’ Residence ANOVA, Tukey HSD test.

8.2.5 Discussion

Once again, the sampling method raises sampling accuracy questions. In identifying the best
performing option statistical methods have been used. It is possible that compared to sample statistics, full
design space parameters could transform significant differences to insignificant and vice versa. This can have
ramifications for design decision making. If what was thought a significant difference is in fact insignificant
then designers have more latitude to pursue priorities other than performance. Conversely, if what was
thought insignificant is actually a significant difference then designers must now prioritize performance
above other considerations. We therefore need to investigate machine learning as a predictive model for
developing the full design space.

8.3 Method

The general experimental method of this reference project has been described in Chapter Five. In
this section we will present the specific data description and design space definition of the Students’
Residence project. We also describe the method for applying machine learning to multiple geometrically
distinct design alternatives.

Three distinct design spaces were developed for each of the design alternatives. Two of the design
alternatives had similar geometry but different orientations while the third alternative had different
geometry. Identical input parameters were used for all the design alternatives but, unlike for the Mid-Rise
Tower reference project, different input parameter values were used for each design space. This allowed us
to observe if introducing greater variability into the training dataset would significantly impact algorithm
performance.

The machine learning training dataset consisted of all the simulation input parameters (Table 8:1) with an
additional categorical parameter, Option ID, for the particular design alternative. The Option ID parameter
had three possible values. The training dataset of 1,000 instances was a combination of three smaller
datasets with about 333 instances each from the simulated design alternatives.
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8.3.1 Data Description

The data used for the Students’ Residence machine learning experiments is described in Table 8:1.

Input Data Type Units Description
WWR_N Numerical - Discrete % Window to wall ratio on the North fagade
WWR_W Numerical - Discrete % Window to wall ratio on the West fagade
WWR_S Numerical - Discrete % Window to wall ratio on the South fagade
WWR_E Numerical - Discrete % Window to wall ratio on the East fagade
Wall U-Value Numerical - Discrete W/m2K Wall thermal transmittance value
Roof U-Value Numerical - Discrete W/m2K Roof thermal transmittance value
Shading N Numerical - Discrete feet Balcony depth on the North fagade
Shading W Numerical - Discrete feet Balcony depth on the West fagade
Shading S Numerical - Discrete feet Balcony depth on the South fagade
Shading E Numerical - Discrete feet Balcony depth on the East fagade
Window U-Value Numerical - Discrete W/m2K Window thermal transmittance value
SHGC Numerical - Discrete - Solar Heat Gain Coefficient
Option ID Identification of the design option
Output Data Type Units Description
Cooling Numerical - Continuous kWh/m? Cooling load
Heating Numerical - Continuous kWh/m? Heating load
Site Energy Numerical - Continuous kWh/m? Total Site Energy

Percentage of usable floor area with 300 - 3000 lux
llluminance % Numerical - Continuous %

illuminance

Table 8:1 Students' Residence data description.

Parameter Description Range Size
WWR North Window to wall ratio 40,50 2
WWR West Window to wall ratio 40,50 2
WWR South Window to wall ratio 40,50 2
WWR East Window to wall ratio 40,50 2
Shade N Shading Depth 0 1
Shade W Shading Depth 0,1,2 3
Shade S Shading Depth 0,1,2 3
Shade E Shading Depth 0,1,2 3
Wall U-Value Wall U Value 0.12,0.15,0.2 3
Roof U-Value Roof U Value 0.1,0.15,0.18 3
Window U-Value Window U Value 0.65,0.85,1.1 3
SHGC Solar Heat Gain Coefficient 0.3,0.5,0.7 3
Option ID Design Option A B,C 3
104,976

Table 8:2 Students' Residence design space definition.
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8.3.2 Design Space Definition

The design space definition of the Students’ Residence is shown in Table 8:2.

8.4 Result

8.4.1 Sample Size

The impact of Sample Size on Site Energy for the Students’ Residence was that all algorithms
perform better with a large sample (1000 instances) than with a small sample (100 instances) by 5.89% on
average. The best performing algorithm was MLP with 1000 instances (RAE 1.15%) while the poorest
performing was RF with 100 instances (RAE 22.94%). All algorithms were effective; MLP and SMOReg were
effective with as few as 100 instances while RF was effective from 600 instances up.

The effect of Sample Size on Illuminance was that all algorithms performed better with a large sample size
by 21.79% on average. The best performing algorithm was MLP with 900 instances (RAE 14.11%) while the
poorest performing algorithm was SMOReg with 300 instances (RAE 62.07%). MLP was close to effective for
[lluminance with 900 instances (RAE 14.11%). MLP was at least somewhat effective for llluminance starting
at 500 instances.

The effect of Sample Size on the multi-discipline Value Function was that all algorithms performed better
with a large sample size by 12.56% on average. The best performing algorithm was MLP with 1000 instances
(RAE 8.17%) while the poorest performing algorithm was RF with 100 instances (RAE 35.09%). MLP was
effective for the Value Function starting at 500 instances (8.92% RAE) close to effective starting at 300
instances (13.29% RAE) and somewhat effective at 200 instances (15.19% RAE). RF was close to effective for
the Value Function starting at 700 instances (14.13% RAE) and somewhat effective starting at 400 instances
(18.43% RAE). SMOReg was not effective for the Value Function.

On average MLP performed 8.33% better than RF and 19% better than SMOReg. RF performed better than
SMOReg by 10.68%. Overall MLP was effective for Energy and Value Function objectives. SMOReg was
effective for the Energy objective but not for the llluminance objective and the Value Function objective. RF
was effective for the Energy objective and close to effective for the Value Function objective.

Impact of Sample Size on Site Energy RAE
Students' Residence

Relative Absolute Error
= = N N
o [0,] o [0,]

(6]
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Figure 8:12 Students’ Residence impact of Sample Size on the RAE of Site Energy.
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Sample Size 100 200 300 400 500 600 700 800 900 1000
MLP 2.49 1.89 1.55 1.72 1.43 1.28 1.28 1.22 1.2 1.15
SMOReg 4 3.83 3.66 3.54 3.49 3.39 3.31 3.35 3.44 3.46
RF 22.94 15.83 12.95 11.63 10.49 9.35 8.47 7.73 7.65 7.14
Table 8:3 Students’ Residence impact of Sample Size on the RAE of Site Energy.
Impact of Sample Size on Illuminance RAE
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Figure 8:13 Students’ Residence impact of Sample Size on the RAE of llluminance.
Sample Size 100 200 300 400 500 600 700 800 900 1000
MLP 55.15 32.78 28.02 21.51 18.05 17.12 15.95 16.02 14.11 15.75
SMOReg 56.58 60.93 62.07 59.68 62.01 61.05 60.9 61.68 61.79 61.68
RF 52.81 42.63 35.59 31.92 28.52 27.1 25.72 24.45 22.86 21.72
Table 8:4 Students’ Residence impact of Sample Size on the RAE of Illuminance.
Impact of Sample Size on Value Function RAE
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Figure 8:14 Students’ Residence impact of Sample Size on the RAE of the Value Function
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Sample Size 100 200 300 400 500 600 700 800 900 1000
MLP 22.99 15.19 13.29 10.71 8.92 8.44 8.21 8.09 7.51 8.17
SMOReg 28.7 29.94 29.76 28.63 29.31 27.98 27.87 28.28 28.39 28.61
RF 35.09 24.86 20.65 18.43 16.43 15.06 14.13 13.71 12.87 12.33

Table 8:5 Students’ Residence impact of Sample Size on the RAE of the Value Function.

8.4.2 Sensitivity Analysis

Sensitivity Analysis established that Option was overwhelmingly the most sensitive parameter
impacting Site Energy. This was because each of the options had a distinctive range of Energy values. The
best performing algorithm for Energy RAE was MLP with 12 parameters (RAE 1.16%) while the worst
performing algorithm was again MLP with a single parameter (RAE 13.39%). MLP did not improve Energy RAE
under sensitivity analysis. SMOReg did not improve Energy RAE (0.01%) while RF improved Energy RAE by
4.51% using 8 parameters. MLP was effective starting at 2 parameters and close to effective with 1
parameter. SMOReg was effective starting at 2 parameters and close to effective with 1 parameter. RF was
also effective starting at 2 parameters and close to effective with 1 parameter.

For llluminance Sensitivity Analysis, Shading on the East and West facades were the most sensitive
parameters. The order of sensitivity is shown in Figure 8:16. The best performing algorithm was RF with 8
parameters (RAE 9.96%) while the worst performing algorithm was MLP with a single parameter (RAE
94.99%). MLP did not improve Illluminance RAE under sensitivity analysis (0.22%). SMOReg also did not
improve llluminance RAE (-0.01%). RF, however, improved Illluminnace RAE by 11.76% using 8 parameters.
RF was effective under llluminance with 8 parameters. It was close to effective with 9 parameters and
somewhat effective with 10 and 11 parameters. MLP was somewhat effective starting at 8 parameters.
SMOReg was not effective.

For the Value Function, Option was the only sensitive parameter. The best performing algorithm was MLP
with 11 parameters (RAE 8.08%) while the worst performing algorithm was MLP with a single parameter (RAE
49.37%). MLP did not improve Value Function RAE (0-0.09%) and SMOReg also did not improve Value
Function RAE (0.0%). RF improved Value Function by 4.09% using 10 parameters. MLP was effective starting
at 10 parameters, close to effective starting at 7 parameters and somewhat effective with 6 parameters. RF
was effective starting at 10 parameters, close to effective starting at 7 parameters and somewhat effective
at 6 parameters. SMOReg was not effective.

MLP was effective for Energy and the Value Function and somewhat effective for llluminance. SMOReg was
effective for Energy. RF was effective for all objectives.

|Summary Report
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Figure 8:15 Students’ Residence Sensitivity Analysis, Energy.
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|Summary Report
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Figure 8:16 Students’ Residence Sensitivity Analysis, llluminance.
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Figure 8:17 Students’ Residence Sensitivity Analysis, Value Function.
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Figure 8:18 Students' Residence impact of Sensitivity Analysis on the RAE of Energy.
1 2 3 4 5 6 7 8 9 10 11 12
MLP 13.39 6.11 4.89 3.68 3.1 3.13 2.79 2.53 2.24 1.54 1.17 1.16
SMOReg 12.11 5.01 4.15 3.82 3.66 3.66 3.52 3.52 3.46 3.45 3.46 3.46
RF 12.18 4.98 4.08 3.09 2.81 2.82 2.81 2.63 2.96 3.4 4.55 5.99

Table 8:6 Students' Residence impact of Sensitivity Analysis on the RAE of Energy.
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Impact of Sensitivity Analysis on llluminance RAE
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Figure 8:19 Students' Residence impact of Sensitivity Analysis on the RAE of llluminance.
1 2 3 4 5 6 7 8 9 10 11 12
MLP 94.99 95.3 83.53 78.32 72.3 34.28 26.98 17.23 16.41 17.35 15.97 16.48
SMOReg 91.75 91.76 77 73.97 67.35 65.06 61.69 61.67 61.67 61.72 61.78 61.68
RF 87.61 87.61 72.54 66.88 59.98 27.8 20.42 9.96 12.52 15.22 17.75 20.3
Table 8:7 Students' Residence impact of Sensitivity Analysis on the RAE of llluminance.
Impact of Sensitivity Analysis on Value Function RAE
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Figure 8:20 Students' Residence impact of Sensitivity Analysis on the RAE of Value Function
1 2 3 4 5 6 7 8 9 10 11 12
MLP 49.37 41.1 40.58 31.56 31.56 18.85 15.42 134 12.68 9.1 8.08 8.1
SMOReg 44.73 40.36 40.36 34.82 34.82 30.82 29.86 28.85 28.85 28.79 28.61 28.61
RF 44.72 35.44 35.44 26.52 26.52 15.63 13.51 10.84 10.73 8.24 9.37 11.17

Table 8:8 Students' Residence impact of Sensitivity Analysis on the RAE of the Value Function.
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8.4.3 Feature Selection

For the Students’ Residence, Table 8:9 established the best features for each algorithm and for each
objective. The best performing algorithm for feature selection was MLP for the Energy objective (RAE 1.18%).
The poorest performing algorithm was SMOReg for the Illuminance objective (RAE 61.36%). On average, for
all objectives, MLP performed 12.29% better than RF and 26.89% better than SMOReg. RF performed 14.6%

better than SMOReg.

MLP had an insignificant decline in performance compared to the default baseline for Energy (0.03%), a
significant decline for llluminance (7.22%), and an insignificant decline for the Value Function (0.09%). RF
improved in performance for Energy (4.68%), llluminance (8.65%) and the Value Function (5.08%). SMOReg
had no significant change for Energy (0.03%) and the Value Function (0.19%), but a significant decline for

[lluminance (33.66%).

Overall MLP was effective for Energy and the Value Function after feature selection, but somewhat effective
for llluminance. RF was also effective for all objectives. SMOReg was effective for the Energy objective.

Impact of Feature Selection
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Figure 8:21 Students’ Residence impact of Feature Selection on the RAE.
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ALGORITHM OBJECTIVE BEST FEATURES RAE
Energy Option, WWR N, WWR W, WWR S, WWR E, Shade N, Shade W, Shade S, Wall U Value, 1.18
Window U Value, SHGC
llluminance Option, WWR N, WWR W, WWR S, WWR E, Shade N, Shade S, Shade E, Wall U Value, Roof U 16.8
MLP Value
Value Function Option, WWR N, WWR W, WWR S, WWR E, Shade W, Shade S, Shade East, Wall U Value, 8.26
Roof U Value, Window U Value, SHGC
Energy Option, WWR N, WWR W, WWR S, WWR E, Shade S, Shade E, Wall U Value, Window U Value, | 3.43
SHGC
SMOReg llluminance Option, WWR N, WWR W, WWR S, WWR E, Shade S, Shade E 61.36
Value Function Option, WWR N, WWR W, WWR S, WWR E, Shade W, Shade S, Shade E, Wall U Value, 28.42
Window U Value, SHGC
Energy Option, WWR N, WWR S, Shade N, Shade E, Wall U Value, Window U Value, SHGC 2.46
RF llluminance Option, WWR N, WWR W, WWR S, WWR E, Shade N, Shade S, Shading E 9.58
Value Function Option, WWR N, WWR W, WWR S, WWR E, Shade S, Shade E, Window U Value 7.25

Table 8:9 Students’ Residence impact of Feature Selection on the RAE.

8.4.4 Hyperparameter Tuning

For the MLP algorithm the most impactful hyperparameter for all algorithms was the learningRate.
For the Energy objective a learningRate of 0.2 gave the best performance while for the llluminance and Value
Function objectives a learningRate of 0.1 gave the best performance. Hyperparameter Tuning for MLP
improved performance for the Energy objective by 0.04%, for the and for the Value Function objective by
1.29%. It decreased performance for the Illuminance objective by 3.89%.

For the SMOReg algorithm the most impactful hyperparameter for Energy, llluminance and the Value
Function was kernel. For the Energy objective the RBFKernel gave the best performance. For the llluminance
and Value Function objectives the normalizedPolykernel gave the best performance. Performance for the
Energy objective improved by 2.19% and for the Value Function objective by 13.84%. The llluminance
objective reduced by 2.78%.

For the RF algorithm the most impactful hyperparameter for all objectives was numFeatures. For all
objectives the best value of numFeatures was 8. Performance for the Energy objective improved by 4.75%
and for the Value Function by 5.42%. For the llluminance objective performance reduced by 4.14%.

Overall Hyperparameter Tuning was effective for MLP for the Energy objective and the Value Function
objective. It was close to effective for MLP for the Illuminance objective. It was effective for SMOReg for the
Energy objective and close to effective for the Value Function objective. It was effective for RF for the Energy
and Value Function objectives. It was close to effective for the Value Function.
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hiddenLayers

MLP learningRate
(10,10) (20,20) (30,30) (40,40) (50,50) 0.001 0.01 0.1 0.2
Energy 1.14 1.24 1.14 1.15 131 3.61 1.7 1.16 1.11
llluminance 14.41 15.42 16.64 17.13 17.48 61.77 13.81 13.47 14.8
Val
2 ue. 7.5 7.74 8.3 8.37 8.37 22.17 9.32 6.88 7.4
Function
H -
momentum yper
Best Value | parameter
0 0.4 0.6 0.8
Energy 1.15 1.22 1.32 2.59 1.11 | learningRate
llluminance 15.75 17.06 22.46 66.06 13.47 | learningRate
Val
2 ue. 8.17 9.18 10.64 31.18 6.88 | learningRate
Function
Table 8:10 Students’ Residence impact of Hyperparameter Tuning on MLP.
Impact of Hyperparameter Tuning - MLP
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Table 8:11 Students’ Residence comparative impact of Hyperparameter Tuning on MLP.

Energy

Illuminance

Objective

M Best Value

Default

Best Value | Default
Energy 1.11 1.15
MLP llluminance 13.47 9.58
Value Function 6.88 8.17
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complexi kernel epsilonParameter Best Hyper-
plexity P Value Parameter
SMOReg 0001 | 001 | 01 1 10 | mormalized- | porierel | 0.01 | 0.1 1
Polykernel
Energy 28.87 3.51 3.46 3.46 3.46 5.58 1.27 3.43 24.08 | 106.98 1.27 kernel
llluminance 70.1 61.88 | 61.69 61.68 61.67 30.48 53.05 61.67 | 62.78 | 129.91 | 30.48 kernel
Value Function | 40.87 | 28.73 | 28.59 28.61 28.62 14.77 22.79 28.58 | 30.43 | 100.53 14.77 kernel
Table 8:12 Students’ Residence impact of Hyperparameter Tuning on SMOReg.
Impact of Hyperparameter Tuning - SMOReg
. .
Students' Residence
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Figure 8:23 Students’ Residence impact of Hyperparameter Tuning on SMOReg.

Best Value Default
Energy 1.27 3.46
SMOReg Illuminance 30.48 27.7
function | 177 | a1

Table 8:13 Students’ Residence comparative impact of Hyperparameter Tuning on SMOReg.
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iterations numFeatures
RF
100 300 500 700 2 4 6 8
Energy 7.14 6.91 6.85 6.82 24.45 7.14 2.93 237
lluminance 21.72 2153 | 21.47 | 21.44 | 365 21.72 15.12 | 12.37
val
alue 12.33 12.07 | 11.99 | 11.98 | 28.09 12.33 7.97 6.9
Function
maxDepth Best Value Hyperparameter
50 100 150 200
Energy 7.14 7.14 7.14 7.14 237 numFeatures
llluminance | 5175 | 2172 | 2172 | 2172 | 12.37 numFeatures
Value. 12.33 12.33 12.33 12.33 6.91 numFeatures
Function
Table 8:14 Students’ Residence impact of Hyperparameter Tuning on RF.
Impact of Hyperparameter Tuning - RF
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Figure 8:24 Students’ Residence impact of Hyperparameter Tuning on RF.

Energy

M Best Value

Illuminance

Objective

Default

Value Function

Best Value Default
Energy 2.39 7.14
RF Illuminance 12.37 8.23
F::::zn 6.9 12.33

Table 8:15 Students’ Residence comparative impact of Hyperparameter Tuning on RF.
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8.5 Discussion

The best performing algorithm for all objectives was MLP. MLP improved to RAE 3.91% for the
Energy objective and defaulted to RAE 14.62% for Illuminance and RAE 12.59% for the Value Function. At its
best MLP performed 4.84% better than SMOReg and 13.34% better than RF for Energy; it performed 8.52%
better than SMOReg and 1.92% worse than RF for llluminance, and it performed 5.88% better than SMOReg
and 5.35% better than RF for the Value Function. The best performing objective for MLP was Energy. On
average it was 6.66% better than Illuminance and 9.48% better than the Value Function. llluminance was
2.83% better than the Value Function.

The most important impact factor for MLP was hyperparameter tuning which, on average, improved by
0.15% compared to the default. The most important factor for SMOReg was also hyperparameter tuning
which improved by 4.90% compared to the default. The most important impact factor for RF was feature
selection which improved by 0.15% compared to the default. Across all algorithms the most important factor
was hyperparameter tuning which was 1.73% better than the default. Hyperparameter Tuning was 22.02%
better than sensitivity analysis and 2.55% better than feature selection.

Overall, MLP was effective for the Energy objective by default and when improved by feature selection and
hyperparameter tuning. It was close to effective for the llluminance objective by default and when improved
by hyperparameter tuning, and somewhat effective when improved by feature selection. The algorithm was
close to effective for the Value Function objective by default and when it was improved by feature selection
and hyperparameter tuning.

SMOReg was effective for the Energy objective when the algorithm was improved by hyperparameter tuning.
It was close to effective for the Energy objective by default and when improved by feature selection. It was
somewhat effective for the Illuminance objective when improved by hyperparameter tuning. The Value
Function was also close to effective when improved by hyperparameter tuning and somewhat effective by
default and when improved by feature selection.

RF was somewhat effective for the Energy objective by default and when improved by feature selection and
hyperparameter tuning. Illuminance was close to effective by default and when improved by feature
selection and hyperparameter tuning. The Value Function was somewhat effective by default and when
improved by feature selection and hyperparameter tuning.
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Figure 8:25 Students’ Residence impact factors for MLP algorithm.
Sample Sensitivity Feature Selection | Hyperparameter Tuning
Size Analysis
Energy 1.15 1.17 1.18 1.11
MLP llluminance 8.83 15.97 16.8 13.47
Value Function 7.51 8.08 8.26 6.88
Table 8:16 Students’ Residence impact factors for MLP algorithm.
Impact Factors - SMOReg
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Figure 8:26 Students’ Residence impact factors for SMOReg algorithm.
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Sample Sensitivity Analysis Feature Selection Hyperparameter Tuning
Size
Energy 331 3.46 343 1.27
SMOReg llluminance 27.27 61.67 61.36 30.48
Value Function 27.87 28.61 28.42 14.77
Table 8:17 Students’ Residence impact factors for SMOReg algorithm.
Impact Factors - RF
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Figure 8:27 Students’ Residence impact factors for Random Forest algorithm.
Sample Size Sensitivity Analysis Feature Selection Hyperparameter Tuning
Energy 7.14 2.63 3.43 2.39
RF llluminance 18.23 9.96 61.36 12.37
Value Function 12.33 8.24 28.42 6.9

Table 8:18 Students’ Residence impact factors for Random Forest algorithm.
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Chapter 9 Findings and Conclusion

In this chapter we begin by presenting answers to the research questions of the study. We then
present a verification of the findings by examining a reference project. We discuss the impact of machine
learning for design space reduction in the context of parametric analysis and make general concluding
statements. Lastly, we discuss how to extend this work using the idea of data reuse and provide a summary
of the study.

, —_— Impact of Machine : "
Summary of Findings General Conclusion Future Work

h 4 A 4

Verification of
Findings Data Reuse

Figure 9:1 Diagram Summary of Chapter Nine.

9.1 Summary of Findings

The problem statement of this study asked one key question and three sub-questions. The key
guestion was, in general, can machine learning algorithms be effective at multi-discipline parametric
analysis? The three sub-questions were which machine learning algorithms are the most effective, what is
the effect of impact factors on algorithm performance, and how does design space complexity affect the
performance of algorithms?

9.1.1 Machine Learning Effectiveness

In response to the question of how effective machine learning algorithms are at multi-discipline
parametric analysis we review the effectiveness of the algorithms on the three cases study projects. By
effective we mean that the algorithm scored 5-10% RAE on one of the experimental samples. All samples had
1000 instances or fewer. The default had 1000 instances and out of the box settings for the algorithms. In a
few cases the algorithm was not effective by default but became effective under one of the impact factors.

On the Residential Tower reference project MLP was effective for Energy and llluminance by default. SMOReg
and RF were not effective by default. Under sensitivity analysis MLP was effective for the Energy objective,
SMOReg and RF were not effective. Under feature selection MLP was effective for all objectives while
SMOReg and RF were not effective for any objective. Under hyperparameter tuning MLP was again effective
for all objectives but SMOReg and RF were not effective for any objective.

On the Mid-Rise Towers MLP was effective for Energy under sample size considerations as well as feature
selection and hyperparameter tuning. SMOReg was effective for the Energy objective under hyperparameter
tuning. None of the algorithms was effective for llluminance and the Value Function. In addition, RF was not
effective for any objective under any of the impact factors.

On the Students’ Residence MLP was effective for the Energy objective under all impact factors. It was also
effective for the Value Function under sensitivity analysis and hyperparameter tuning. SMOReg was also
effective for the Energy objective under all impact factors. It was not however effective for any other
objective. RF was effective for the Energy objective under all impact factors. It was also effective for all
objectives under feature selection. It was effective for The Value Function objective under hyperparameter
tuning.
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Sample Size Sensitivity Analysis | Feature Selection |Hyperparameter Tuning

MLP [SMOReg [RF [MLP |SMOReg |RF|MLP |SMOReg |RF|MLP |SMOReg |RF

Energy ° . ° °
Residential Tower |Illuminance . ° .

Value Function ° .

Energy ° ° ° .

Mid-Rise Towers Illuminance

Value Function

Energy ° ° ° ° ° ° ° ° ° . ° °
Students' Residence |[Illuminance o hd
Value Function ° ° ° ° °

Table 9:1 Effectiveness of machine learning algorithms.

The analysis indicates that machine learning algorithms can be effective for multi-discipline parametric
analysis. All samples satisfied the criteria for rapid simulation, about 33 hours, using generally accessible high
specification hardware. In addition, all reference projects had at least one algorithm that was effective for at
least one objective. In two of the reference projects at least one algorithm was effective for every objective.

Even where algorithms were not effective, as defined in this study, there was always at least one algorithm
that was close to effective and several that were at least somewhat effective. For example, in the case of the
Mid-Rise Tower’s Illuminance objective RF had a lowest RAE of 12.82%. In the case of the Mid-Rise Tower’s
Value Function objective MLP had a lowest RAE of 13.18%. This suggests that with further optimization these
algorithms can meet our definition of effectiveness. Moreover, the use of stronger algorithm
implementations (such as deep learning algorithms) may well result in high performing defaults that meet
the effectiveness criteria.

9.1.2 Best Performing Algorithm

In order to establish the best performing algorithms, we create a consolidated dataset from all the
algorithms running on all objectives in the range 100 — 1000 instances (essentially the results from the sample
size experiments). We do this across all three reference projects. The dataset has 270 instances and 4 fields:
Project ID, Objective, Algorithm, RAE (Table 9:2). Since all the algorithms were run on the same data using
the same method this consolidated dataset can be used to compare both the algorithm performance as well
as the reference project performance. This latter will be useful for the design space complexity discussion
(Section 9.1.4).

Project ID Objective Algorithm RAE

RT E MLP 11.34
MRT Vv SMOReg 7.62
SR | RF 6.92

Table 9:2 Data format of consolidated dataset.

Sum of Squares df Mean Square F Sig.
Between Groups 8062.191 2 4031.096 32.189 0.000
Within Groups 33436.599 267 125.231
Total 41498.790 269

Table 9:3 Best performing algorithm one-way ANOVA.
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90% Confidence Interval

() ALG Mean Difference (I-J) Std. Error Sig. Lower Bound Upper Bound
MLP RF -9.79200 1.66820 0.000 -13.2304 -6.3536
SMOReg -12.79900" 1.66820 0.000 -16.2374 -9.3606
RF MLP 9.79200 1.66820 0.000 6.3536 13.2304
SMOReg -3.00700 1.66820 0.171 -6.4454 0.4314
SMOReg MLP 12.79900 1.66820 0.000 9.3606 16.2374
RF 3.00700 1.66820 0.171 -0.4314 6.4454

Table 9:4 Best performing algorithm Tukey HSD post processing.

Table 9:3 shows that at 90% confidence levels there are significant differences between the algorithm
performances (p<0.000). In addition the Tukey HSD post processing analysis (Table 9:4) shows that MLP
performs significantly better than RF (9.79% better, p<0.000) and significantly better than SMOReg (12.5%
better, p<0.000). There is no significant difference between the performances of RF and SMOReg. We
conclude that MLP is the best performing algorithm.

9.1.3 Impact Factors

Impact factors are intended as a means to improve the machine learning algorithms beyond their
default performance. In the Discussion sections of Chapters 6 — 8 we have presented a summary of the effect
of all impact factors on each algorithm for each reference project. To understand the overall effect of impact
factors for each algorithm we take an average of the results from the three chapters. For this purpose, we
take the sample size results as a default against which to measure improvement.

For MLP (Figure 9:2) the most effective impact factor for all objectives was hyperparameter tuning. For the
Energy objective hyperparameter tuning improved performance by 1.28%. For the llluminance objective
hyperparameter tuning improved performance by 0.53%. For the Value Function objective hyperparameter
tuning improved performance by 1.09%. Sensitivity Analysis did not improve MLP performance. Feature
Selection improved the Energy objective by 0.18%.

For SMOReg (Figure 9:3) the most effective impact factor for all objectives was hyperparameter tuning. For
the Energy objective hyperparameter tuning improved performance by 3.03%. For the llluminance objective
hyperparameter tuning improved performance by 16.43%. For the Value Function objective hyperparameter
tuning improved performance by 10.42%. Sensitivity Analysis and feature selection did not improve SMOReg
performance.

For RF (Figure 9:4) feature selection was, on average, the most effective impact factor improving
performance by 3.60%. Sensitivity Analysis improved performance by 3.46% while hyperparameter tuning
improved performance by 2.93%. Sensitivity Analysis improved the performance of Energy, Illuminance and
the Value Function by 2.44%, 6.05% and 1.90% respectively. Feature Selection improved the performance of
Energy, llluminance and the Value Function by 2.40%, 6.34% and 2.04% respectively. Hyperparameter Tuning
improved the performance of Energy, llluminance and the Value Function by 2.57%, 4.78% and 2.93%
respectively.

We conclude that hyperparameter tuning is the most significant impact factor affecting algorithm
performance (Figure 9:5). Hyperparameter Tuning, overall on average, improves performance by 4.62 better
than the default. Sensitivity Analysis and Feature Selection both perform at about the same as the default
improving performance by 0.6%.
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Impact Factors - MLP
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Figure 9:2 Effect of impact factors on MLP.
Sample Size Sensitivity Analysis Feature Selection | Hyperparameter Tuning
MLP | Energy 3.79 3.80 3.61 2.51
llluminance 12.48 13.94 14.41 11.95
Value 10.11 11.02 11.02 9.02
Function
Table 9:5 Effect of impact factors on MLP
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Figure 9:3 Effect of impact factors on SMOReg.
Sample Size Sensitivity Analysis Feature Selection Hyperparameter Tuning
SMOReg | Energy 10.27 10.36 10.36 7.24
llluminance 35.62 37.67 37.59 19.19
Value 24.52 24.94 24.92 14.10
Function

Table 9:6 Effect of impact factors on SMOReg.
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Impact Factors - RF
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Figure 9:4 Effect of impact factors on RF.
Sample Size Sensitivity Analysis | Feature Selection Hyperparameter Tuning
RF | Energy 12.62 10.18 10.22 10.05
llluminance 17.51 11.46 11.16 12.73
Value Function 16.51 14.61 14.47 15.06

Relative Absolute Error

Table 9:7 Effect of impact factors on SMOReg.
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Figure 9:5 Overall average performance of impact factors.

9.1.4 Design Space Complexity

From Table 9:1 it is evident that machine learning algorithms can be effective on the reference
projects with complex design space conditions (MRT and SR). In order to assess whether design space
complexity has a significant impact on algorithm performance we perform one-way ANOVA on the
consolidated data set introduced in Section 9.1.2. This will detect any significant difference between the
accuracies of the reference projects. In addition, we will use Tukey HSD post processing to establish if any of

Sample Size

Hyperparameter
Tuning

the reference projects has a significantly better performing RAE score than any other.
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If we do not detect a significant difference between the reference projects, we can infer that design space
complexity, in these cases, does not impact the performance of the machine learning algorithms. If, however,
we can establish a significant difference between the baseline reference project (RT) and both the other
reference projects then it is possible that design space complexity is impacting algorithm performance.

Table 9:8 shows that at 90% confidence levels there are no significant differences between the reference
projects (p=0.165). In addition, Tukey HSD post processing (Table 9:9) shows that there are no significant
differences between Residential Tower, the baseline, and any of the other reference projects. It appears that
in this case design space complexity has no significant impact on algorithm performance. This means that
machine learning algorithms can be robust under complex design space conditions. It should be noted that
this is not the same as saying that machine learning algorithms are always robust under complex design space
conditions.

Sum of Squares df Mean Square F Sig.
Between Groups 556.043 2 278.021 1.813 0.165
Within Groups 40942.748 267 153.344
Total 41498.790 269

Table 9:8 Design complexity one-way ANOVA.

90% Confidence Interval

() CIb Mean Difference (I-J) Std. Error Sig. Lower Bound Upper Bound
MT RT -1.91500 1.84598 0.554 -5.7199 1.8899
SR -3.51033 1.84598 0.140 -7.3152 0.2945
RT MT 1.91500 1.84598 0.554 -1.8899 5.7199
SR -1.59533 1.84598 0.663 -5.4002 2.2095
SR MT 3.51033 1.84598 0.140 -0.2945 7.3152
RT 1.59533 1.84598 0.663 -2.2095 5.4002

Table 9:9 Design complexity Tukey HSD post processing.

One way to understand this result, which may seem surprising, is to examine the Energy objective scatter
plot graphs for the two reference projects MRT and SR (Figure 9:6). For the SR project the Option ID
parameter creates a strong correlation with the Energy output. This correlation improves the performance
of the machine learning algorithms. In the case of the MRT project, the correlation is not as strong, but we
note that the project has a very low sampling ratio (1:10) which improves algorithm performance.
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Figure 9:6 Energy scatterplots for the SR and MRT reference projects.

9.2 Verification of Findings

The findings of this thesis are based on real projects performed under specific project conditions.
These conditions include project type, formal type, location, climate, design assumptions and compliance
requirements. The project type is residential, both commercial residential and institutional residential
projects; the formal types are low to mid-rise towers and a bar building type; the location is the lower
mainland of British Columbia (BC); the climate is Pacific Northwest maritime; the design assumptions include
the use of Vancouver 2016 CWEC weather files (Government of Canada, 2019), and the compliance
requirements are based on BC building performance codes and standards. The verification is therefore done
by performing machine learning on a comparable parametric analysis exercise and comparing the results
with our findings.
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Figure 9:7 (Perkins&Will, 2019) Commercial Residential Towers project.
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For the purpose of this verification we will introduce the Commercial Residential Towers (CRT) (Figure 9:7).
The project is a three-tower commercial-residential project located in Vancouver BC at the intersection of
two major arterial routes. It is adjacent to one of the busiest transit hubs in BC. The project seeks to introduce
a transit-oriented typology with a focus on family housing.

The project comprises of three residential towers above a commercial podium which covers the ground plane
and encompasses a public realm plaza. It seeks to address the community needs for housing, childcare, a
public community space and an engagement with the busy arterial routes and transit hub to which it is
adjacent. As such, the programmatic mix comprises family-oriented units, market condo and rental units and
new commercial and retail spaces.

In engaging the parametric analysis process the design team wished to understand the balance between
energy performance and adequate daylight at the different levels and occupancies of the project. They also
wished to understand the contextual effect on each tower of the neighboring towers. Additional analyses
that were performed included a compactness analysis, solar access at the public plaza level and solar
radiation on the different facades. We focus on the energy and daylighting analyses.

The design team elected to perform an initial analysis on the tallest tower to gain an understanding of the
input parameters and parameter ranges that would be most effective for the total project analysis. The
project clearly exhibits design space complexity. Given the different mix of occupancies and the geometric
variations of the design it was decided to divide the analysis into seven slices (Figure 9:8). Two of the slices
had identical footprints. The total building energy performance would be an area weighted aggregate of the
performance of the seven slices. Daylight would be assessed on a level by level basis. The energy metric was
the EUI of each slice while the daylight metric was the daylight factor.

The data description of the project is shown in Table 9:10. The design space description is shown in Table
9:11. 64 samples were selected from the design space for each of the slices giving a total of 448 simulation
runs.

Input Data Type Units Description

WWR_N Numerical - Discrete % Window to wall ratio on the North fagade
WWR_W Numerical - Discrete % Window to wall ratio on the West fagade
WWR_S Numerical - Discrete % Window to wall ratio on the South fagade
WWR_E Numerical - Discrete % Window to wall ratio on the East fagade
Wall U Value Numerical - Discrete W/m?2K Wall thermal transmittance value

Roof U Value Numerical - Discrete W/m?2K Roof thermal transmittance value
Exposed Floor U Value Numerical - Discrete W/m2K Exposed Floor thermal transmittance value
Window U Value Numerical - Discrete W/m?2K Window thermal transmittance value
SHGC Numerical - Discrete - Solar Heat Gain Coefficient

Slice ID Identification of the floor to be analyzed
Output Data Type Units Description

Floor Cooling Numerical - Continuous kWh/m? Floor Cooling load

Floor Heating Numerical - Continuous kWh/m? Floor Heating load

Floor Site Energy Numerical - Continuous kWh/m? Floor Total Site Energy

Floor Daylight Factor Numerical - Continuous % Floor daylight factor

Table 9:10 Commercial Residence Towers data description.

174



Machine Learning for Parametric Analysis in Architectural Practice

Parameter Description Range Size
WWR North Window to wall ratio 45,50,55,60 4
WWR West Window to wall ratio 45,50,55,60 4
WWR South Window to wall ratio 45,50,55,60 4
WWR East Window to wall ratio 45,50,55,60 4
Wall U Value Wall U Value 1.76,2.64,3.52 3
Roof U Value Roof U Value 2.64,3.52,5.28 3
Exposed Floor U Value Floor U value 1.76,2.64,3.52 3
Window U Value Shading Depth 1.7,1.94,2.56 3
SHGC Wall U Value 0.2,0.3,0.4 3
Slice ID Floor Identifier 1-7 7
435,456

Table 9:11 Commercial Residence Towers design space description.
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Figure 9:8 (Perkins&Will, 2019) CRT project, analysis slices.

The findings were that the best energy performance occurred at the lower levels 1 and 2 (Figure 9:9), the
best daylight performance happened at the upper levels (Figure 9:10) and the best-balanced performance
happened at level 6 near the top (Figure 9:11). This information was useful for deciding on the types of glazing
and envelope insulation to use at different levels of the building.
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Figure 9:10 (Perkins&Will, 2019) CRT project, best daylight factor performing levels.
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Figure 9:11 (Perkins&Will, 2019) CRT project, best balanced case.

The question we seek to verify is whether machine learning algorithms can be effective at predicting this
project’s design space. In particular, can an algorithm be effective given the design space complexity of the
project? We note that CRT only performed 438 simulations. However, since 438 is less than our 1000 instance
benchmark, if an algorithm is successful then the question is answered in the affirmative. In addition, we
note that the project chose to use the daylight factor metric which is simpler to compute than Illuminance
based metrics and should be easier for an algorithm to learn.

From the 438-instance dataset we randomly extracted a 400-instance training set. Using the process of
Section 5.5.3 we calculated the value function. We then ran all three algorithms on all three objectives using
their default settings and ten-fold cross-validation. The results are seen in Table 9:12.

ALGORITHM ENERGY DAYLIGHT VALUE FUNCTION

MLP 7.4 12.99 10.69
SMOReg 321 15.88 43.84
RF 8.86 21.91 20.4

Table 9:12 CRT project results of verification runs.

MLP and RF are effective for the Energy objective. MLP is close to effective for the Daylight objective while
SMOReg is somewhat effective. MLP is close to effective for the Value Function objective. Machine learning
algorithms, and in particular MLP, are effective for Energy and close to effective for Daylight and the Value
Function. This suggests that with more data (up to 1000 instances) and with the use of impact factors the
algorithms can be effective for all objectives.

9.3 Impact of Machine Learning on Design Space Reduction

We have described how parametric analysis improves on conventional analysis by providing
capabilities like the ability to perform optimization, sensitivity analysis and uncertainty analysis. However,
we have also acknowledged the data analytical challenges of parametric analysis associated with questions
of design space size and design space complexity. We have noted that approaches to resolving these
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challenges can be hardware-based, algorithmic or design space reduction. In this study we have focused on
design space reduction.

Compared to algorithmic methods like genetic algorithms, machine learning algorithms model uncertainty.
Given a large design space a genetic algorithm can perform a search and identify optimum values. However,
we do not know the error between the algorithmic optimum value and the actual optimum value. This
undermines our confidence in making use of the result. Machine learning algorithms on the other hand model
uncertainty and can report on a range of uncertainty metrics. The regression-based machine learning
algorithms in Weka, for example, report the correlation coefficient, mean absolute error, root mean squared
error, relative absolute error and the root relative squared error.

Design space reduction methods, by definition, involve sampling the design space. While sampling methods
can report accuracy, and can achieve high accuracies in their own right, unlike predictive methods they do
not supply a full design space. This can impact the accuracy of additional analyses, like sensitivity analysis, as
well as impeding thorough design exploration. For example, the DOE heuristic method we described in
Sections 2.3.4 and 6.2.5 had a high-performance bias. Therefore, the samples produced include preferred
alternatives and avoid poorly performing alternatives. However, it can be quite useful to understand what
input parameter values contribute to poor performance. Designers can avoid such values or else, by
understanding their underlying causes, better understand the design.

Another advantage of machine learning over algorithmic or sampling methods is the ability to interpolate
between input parameter values. If the input parameters are numeric variables, then the machine learning
algorithm can make predictions based on interpolated inputs. For example, on the Residential Tower the
design space specified a balcony depth of 0’, 5’ and 10’. However, one of the designers became interested in
the effect of using a 7.5’ balcony depth. This can enable more nuanced optimization beyond the initial
assumptions. With machine learning it is possible to use the data model to make this prediction by simply
entering this intermediate value in the prediction model. This saves potentially time-consuming iterations of
simulation.

Another benefit of a full design space is the ability to perform robust design space exploration. For example,
on the Residential Tower project the designers wished to use WWR 50% while the building envelope
consultant had recommended a value closer to WWR 40%. While it is possible to perform a single-run analysis
and establish that WWR 50% is indeed feasible this will not be robust. It tells us nothing about how a WWR
50% will perform if other parameters fluctuate as they invariably will in reality. With a full design space, we
can assess the robustness of WWR 50% by, for example, doing a one sample t-test at WWR 50% with a
specified target mean. If there is no significant difference between the target mean and the mean at WWR
50% then we can confidently infer that the latter will be robust in practice.

Analysis of the impact of sample size on algorithm performance reveals that in many cases machine learning
algorithms can perform better than the prescribed targets (sample size = 1000; accuracy = 5 - 10% RAE;
simulation speed = 33.33 hours). For example, for the Residential Tower Energy objective, it was shown that
200 simulations resulted in 7.62% RAE which Is effective. This means that in practice the simulation speed
can be reduced from 33.33 hours to 6.77 hours. The faster parametric analyses can be performed the better
for the design process.

Sampling methods also run a risk of reporting localized optima. If the design space is represented by complex
high dimensional hypersurfaces, there is always the risk that working with anything other than the full design
space will report localized maximum and minimum values, missing the true optimum. Predictive models
alleviate this concern by ensuring we are working with the full design space.

Ultimately, since parametric analysis is a data-driven method it presents the opportunity for long term data
mining. If complete parametric analysis results are stored in a suitable data repository this can become a
valuable database for data mining. For example, it is possible to build a recommender system that suggests
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parameter value ranges for different project types when generating new design spaces. This can cut down
on research effort and improve the quality and accuracy of parametric analyses. It can also become possible
to make simulation predictions for different project types directly from a predictive model derived from the
database. This eliminates the need for time consuming sample simulations when developing predictive
models.

9.4 Conclusion

This study began as a quest to understand if machine learning algorithms can be effective in solving
the challenge of high cardinality design spaces in architectural practice. Based on observations of comparable
large architectural firms few, if any, have reported successful implementations of multi-discipline parametric
analysis in their design process. Success in implementing parametric analysis has been reported from the
world of building performance engineering: Integral Group (Integral Group, 2019) have been using a
proprietary tool called Integral Drive™ and Morrison Hershfield have developed PathFinder™ (Morrison
Hershfield, 2019). However, both are primarily energy analysis tools and are not multi-discipline in the sense
we have discussed.

Current attempts to implement parametric analysis in architectural practice, such as by using the DSC
methodology, make use of compromises and approximations. As an example, designers have proposed using
static, formula-based, calculators like the Energy Performance Calculator or EPC (Georgia Tech, 2019) and
the Passive House Planning Package or PHPP (Passive House Insitute, 2019) as opposed to dynamic simulators
like EnergyPlus. As another example designers have proposed using simpler metrics for parametric analysis
like the daylight factor instead of more time-consuming llluminance based metrics. Both of these proposals,
while useful within context, are essentially a compromise of simulation accuracy for simulation speed.

Another approximation often encountered is the use of sampling methods to reduce the design space to be
simulated. Recommendations are then made from estimates based on the sampled results. However, many
of these sampling methods do not quantify the associated uncertainty. For example, in the three reference
projects we have examined the parametric analysis process did not report the error associated with the
results. Instead designers relied on the judgement of a building performance expert to validate estimations
based on sampling. This is a qualitative assessment that recalls the criticism of conventional analysis methods
made in Section 2.1. Failure to quantify the uncertainty of data analytical methods undermines confidence
levels in their output. Machine learning, as a design space reduction method, reports the accuracy associated
with predictions. By proposing a method for assessing the effectiveness of machine learning algorithms this
study seeks to contribute to the improved analytical rigor of parametric analysis.

As we have mentioned one possible approach to solving the high cardinality design space problem is to invest
in a hardware solution. Welle et al. (2019), at Perkins&Will, have in fact taken this approach developing an
interactive, web-based, multiple performance assessment tool called Speed™. Speed performs multi-
discipline parametric analysis leveraging the power of Amazon Web Services to process large design spaces
at comparatively high speeds. Welle has identified the challenges of hardware-based solutions for parametric
analysis. These include costs, both of development and in use, integration challenges, functionality
challenges and deployment and testing challenges. In this study we have similarly identified the challenges
of solutions based on design space reduction. These include speed of simulation, accuracy of predictions,
sampling ratio considerations and complex design space considerations.

The methodology used in this study can be seen as a contribution towards a more systematic process of
assessing the effectiveness of machine learning for parametric analysis in practice. This can help designers
assess the applicability of machine learning algorithms for their particular project types. This use of
systematic process ties in with the research tradition of design space exploration. Thus Clevenger &
Haymaker (2013) proposed a systematic process for evaluating the quality of design exploration. Haymaker
et al. (2018) proposed a systematic process for integrating multi-discipline parametric analysis in
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architectural practice. Likewise, the experimental methodology of this study can be developed into a
systematic process for assessing if machine learning algorithms can be integrated into parametric analysis.

9.5 Future Work

One question that undermines the use of machine learning for building performance analysis is the
fact that a new machine learning model is required for every new project. Even when projects are of similar
type or have identical input parameters machine learning models cannot easily be transferred from one
project to the next. Thus, if a machine learning model is trained on data from a K-12 school project this model
cannot be used to make predictions on a residential project. Worse, even if a model is trained on a residential
project it cannot easily be used to make accurate predictions on a different residential project.

We demonstrate this data reuse problem by performing a machine learning experiment on two mixed-use
commercial-residential projects located in Vancouver, BC. The projects are the Residential Tower and the
Mid-Rise Tower project. We will train machine learning models using simulated data from the Residential
Tower and then use it to make predictions on both the Residential Tower and the Mid-Rise Tower dataset.
We will then compare the errors from the two predictions and show that it is much greater for the
heterogeneous case (Mid-Rise Tower prediction) than the homogenous case (Residential Tower prediction).

The steps of the experiment are:

1. Create 200 random samples from the Residential Tower design space and perform energy analysis
obtaining the Site Energy as a metric. Create 100 random samples from the Mid-Rise Towers project
for comparison testing.

2. Use 100 instances of the Residential Tower dataset to create machine learning models using ANN,
SVM and RF algorithms.

3. Use the Residential Tower machine learning models to make predictions on the Residential Tower
holdout data and the Mid-Rise Towers sample data. Calculate the prediction error of using the
Residential Tower model on Residential Tower data compared to using the Residential Tower model
on Mid-Rise Towers data.

ANN SVM RF
Residential Tower 0.54% 0.94% 1.52%
Mid-Rise Towers 19.72% 14.01% 22.51%

Table 9:13 RAE for the RT and MRT using the RT training set.

The results are shown in Table 9:13. The RAE is quite low when the test set and the training set are from the
same project. However, even with identical input parameters, the error is significantly higher when the test
set is from a different project. The error from the heterogeneous dataset is in fact 22 times larger than the
error from the homogenous dataset.

To address the challenge of data reuse Geyer & Singaravel (2018) proposed a component based approach to
machine learning where the algorithms are trained, not on the whole building but rather on components of
the building. Since the components of buildings are reusable then the approach facilitates data reuse on a
wide range of design situations where these components are utilized. For example, when training a whole
building the input parameters could be building type, wall u-value, floor u-value, roof u-value and glazing
solar heat gain coefficient. If faced with a different building of a different type in a different climate location,
a design space reduction model based on these inputs will not be accurate. However, if we train a building
component, such as a building zone, the input parameters could be area, air changes per hour, elevation of
the zone, heat radiation and heat transfer. The whole building performance is an aggregation of its zonal
performances. But the zone is easier to train and more transferable to other building designs since it is a
small element that is easy to configure for different design requirements.
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As a follow up to this study, and after the fashion of Geyer & Singaravel, we propose a transferable zone-
based machine learning process for parametric analysis (Figure 9:12). For a given project type this will have
the advantage of allowing predictions for different projects using the same generic zone object. Predictions
will be made at the zone level and then aggregated for the whole building analysis (Figure 9:13). The process
would be as follows:

1. Select a building type from the ASHRAE/IES Standard 90.1 Prototype Building Models (US
Department of Energy, 2019).

2. Create a generic zone object for this project type. This generic object will include parametric
geometry, parametric inputs and parametric adjacency relationships (Figure 9:13).

3. Create a design space based on the generic zone’s geometry, parameters and adjacencies. This
design space will likely be massive to encompass a broad range of possible projects scenarios.
However, it only needs to be simulated once to create the machine learning model. Moreover, the
process probably justifies hardware investment that will make it much faster.

4. Create a machine learning model from the simulated design space.

5. Use the machine learning model to predict zone performance on new projects.

6. Aggregate the predicted zones to obtain whole building performance.

Select ASHRAE
Parametric Geometry reference project
type

A 4

Create Generic Zone
Parametric Inputs Object

A 4

Parametric Generic Zone Design
Adjacencies Space

Aggregate zone

performance for

whole building
analysis

Predict Zone
performance in new
projects

Machine Learning

Model

Figure 9:12 Future work. Proposed zone-based machine learning process.
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Figure 9:13 Future work. Transferable zone-based machine learning model.

We finish by reviewing the ground we have covered in this study. We investigated the effectiveness
of machine learning algorithms for multi-discipline parametric analysis. The motivation for the study was a
recognition of the potential benefits of parametric analysis. However, attempting to implement parametric
analysis in practice gave rise to challenges some of which were data analytical in nature. The study
investigated resolving these data analytical challenges by using machine learning algorithms.

The study was situated in research that investigated the concepts of design spaces and design space
exploration. Design spaces are defined as the cross product of parameter value spaces while design space
exploration is defined as the mapping of design spaces to design solutions. These concepts give rise to
theoretical questions that have, as a matter of course, been addressed by introducing methodological
frameworks that rationalize design space exploration.

One such methodological framework is DSC which develops a systematic process for parametric analysis. It
includes process definitions for establishing analysis objectives, generating alternatives, evaluating impacts
and assessing value. The methodology was developed and implemented at Perkins&Will as part of research
in practice, and the author was a member of the implementing team of researchers. This study was based,
in large part, on this work.

In formulating the research questions of the study, we first discussed the limitations of conventional building
performance analysis. In contrast we found that parametric analysis provides capabilities that conventional
analysis does not. These capabilities include the ability to perform optimization analysis, sensitivity analysis
and uncertainty analysis. However, implementing parametric analysis gives rise to data analytical challenges
associated with the idea of high cardinality design spaces. Design space reduction is one approach for dealing
with large design spaces and machine learning is one approach to design space reduction.

It is worth emphasizing that the parametric analysis discussed in this study is multi-discipline building
performance analysis. Architecture, unlike other construction disciplines which tend to specialize, is the
profession most concerned with whole building analysis. The architect is tasked with coordinating all the
different aspects of design and this requires holistic, broad based analytical approaches. Therefore, the
architectural parametric analysis process invites the participation of multiple disciplines. This exacerbates
the dynamic simulation problems and makes the mitigations of design space reduction more urgent.

The methodology of the study involved three reference projects from which design spaces were developed
using the DSC framework. It also involved an integrated, multi-discipline simulation process that simulated
both the objectives of energy and daylighting simultaneously. Lastly, it involved machine learning
experiments to determine the effectiveness of machine learning algorithms and to identify the most
influential impact factors affecting algorithm performance.
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The metric of the experiments was the Relative Absolute Error (RAE) of the algorithm on a sample training
set ranging in size from 100 to 1000 instances. Effective performance was defined as parametric analysis that
was both fast and accurate. This meant machine learning algorithms were required to score less than 5 - 10%
RAE from a sample size simulated in less than 33 hours on generally available high specification hardware.
This translates to a sample size of about 1000 instances.

Three commonly used algorithms were investigated — ANN, SVM and DT. The machine learning platform of
choice was Weka because it is more accessible to architectural use than other platforms like R or Python.
Weka implementations of the three algorithms were applied namely MLP, SMOReg and RF. Comparative
performance analysis of the algorithms for the different design objectives was undertaken and reported. The
design objectives were energy, daylighting and the value function that is used for the multi-discipline (and
multi-objective) comparison. In addition, the influence of impact factors (sample size, sensitivity analysis,
feature selection and hyperparameter tuning) was investigated in order to identify strategies for improving
algorithm performance.

The study found that machine learning algorithms can be effective at design space reduction for multi-
discipline parametric analysis under real project constraints. The most effective algorithm was artificial
neural networks while the impact factor influencing algorithm performance the most was hyperparameter
tuning. The study also found no significant performance difference due to the design space complexity of the
reference projects.
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