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ABSTRACT

In recent times data-driven approaches to parametrically optimize and explore

building geometry has been proven to be a powerful tool that can replace computa-

tionally expensive and time-consuming simulations for energy prediction in the early

design process. In this research, we explore the use of surrogate models, i.e. efficient

statistical approximations of expensive physics-based building simulation models, to

lower the computational burden of large-scale building geometry analysis. We try

different approaches and techniques to train a machine learning model using multiple

datasets to analyze the impact of geometry and envelope features on the energy effi-

ciency of buildings. These contributions are presented in the form of two conference

papers and one journal paper (being prepared for submission) that iteratively build

up the underlying methodology.

The first conference paper contains preliminary experiments using 4 manually

generated building geometries for office buildings. Data were generated by simulat-

ing various building samples in EnergyPlus for different geometries. We used the

generated data to train a machine learning model using support vector regression.

We trained two separate models for predicting heating and cooling loads. The lesson

learned from this first experiment was that the prediction of the models was not great

due to insufficient geometric features explaining the variability in geometry and the

lack of sufficient data for varied geometries.

The second conference paper developed a novel dataset of 38,000 building energy

models for varied geometry using 2D images of real-world residences. We developed

a workflow in the Grasshopper/Rhino environment which can convert 2D images of

a floor plan into a vector format then into a building energy model ready to be simu-

lated in EnergyPlus. The workflow can also extract up to 20 geometric features from

the model, to be used as features in the machine learning process. We used these

features and the simulation results to train a neural network-based surrogate model.

A sensitivity analysis was performed to understand the impact and importance of

each feature to the energy use of the building. From the results of the experiment,

we found that off-the-shelf neural network-based surrogates provided with engineered

features can very well emulate the desired simulation outputs. We also repeated

the experiment for 6 different climatic zones across Canada to understand the im-

pact of geometric features across various climates; these findings are presented in an

appendix.
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In the journal paper, we explored two different methodologies to train surrogate

models: monolithic and component-based. We explored the component-based mod-

eling technique as it allows the model to be more versatile if we need to add more

components to it, ultimately increasing the usability of the model. We conducted

further experiments by adding complexity to the geometry surrogate model. We in-

troduced 10 envelope features as an input to the surrogate along with the 20 geometric

features. We trained 6 different surrogate models using different datasets by varying

geometric and envelope features. From the results of the experiment, we found that

the monolithic model performs the best but the component-based surrogate also falls

into an acceptable range of accuracy.

From the overall results across the three papers, we see that simple neural network-

based surrogate models perform really well to emulate simulation outcomes over a

wide variety of geometries and envelope features.
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Chapter 1

Introduction

Buildings cover a major share of global energy consumption and have a large impact

on the environment [37]. There are multiple factors that affect the energy efficiency in

a building such as construction, form, design, systems, controls, etc [66]. Among these

properties, building geometry in particular has a great effect on energy performance

[30]. Research works such as [21], [50], [44] show that building shape has impact on

heating and cooling load in a building. Unlike other building properties, building

geometry is a feature that usually remains constant throughout the lifecycle of the

building [30],[27],[23]. This fact makes it important for an architect or a designer to

analyze the impact of the shape or design of the building they choose in the conceptual

phase. However, there are no general guidelines or rules of thumb available to an

architect to analyze the impact of the shape they choose.

There are various tools developed for building information modelling (BIM) and

building energy modelling (BEM) [14] such as EnergyPlus [19], TrnSys [29], ESP-r

[61], and Modelica [68]. However, BIM and BEM can be time-intensive steps. Hence,

detailed exploration of geometry at the early design phase remains an unconventional,

expensive, and time-consuming procedure. The building industry lacks a tool that can

provide a quick and easy assessment of energy consumption for geometry exploration.

In order to bridge this gap, we have developed machine learning models, also known

as surrogate models, for building geometry and envelope features to guide early-stage

decision-making.

Surrogate models are statistical models developed by using machine learning tech-

niques that can provide a rapid approximation for a detailed simulation in a relatively

small time which helps in reducing the computational barriers in building energy

simulation [66]. Figure 1.1 shows the process of surrogate modelling. The steps for
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Figure 1.1: Surrogate model training procedure

surrogate model training are :

• Data processing and model type selection. We need to select or generate appro-

priate and usable data format to train the model and select a particular type of

meta-modelling techniques for regressions such as SVR, Neural networks, etc.

• Problem definition (Input and objective), model training, and hyperparameter

optimizations.

• Validating the model’s accuracy using different metrics such asR2, MSE, RMSE,

etc.

This approach can provide a rapid approximation of energy use for a building

without the burden of simulating each and every design idea in the conceptual phase.

Surrogate models have shown promising results to provide a building performance

assessment faster and less computationally expensive than building simulation-based

performance analysis [66].

A lot of advances have been made recently in data-driven approaches to substitute

traditional computationally expensive and time extensive building performance simu-

lations. The data-driven approaches allow the development of quick energy prediction

tools which helps architects and designers integrate energy performance analysis in

the early design phase [59]. At the early stage, approximations of building energy

performance are used to compare and analyze various designs options, which is more

useful than a detailed energy consumption prediction of a single design option. The

approach we developed in this research work facilitates quick energy predictions mak-

ing it easy to compare various designs in the conceptual phase without the burden
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of time-consuming simulations, though there is a small sacrifice in the accuracy in

prediction.

In this research work, we have developed multiple surrogate models. Initially, we

started with manually generated building geometries which were developed in Open-

Studio. The shapes we chose for the preliminary experiments were rectangle, square,

L-shaped, U-shaped, and T-shaped buildings. We used support vector regression

(SVR) to train the surrogate model. From the preliminary results, we found that

these surrogate models didn’t have a good level of accuracy in predicting the energy

use which might be because of less variation in the geometry, small dataset, and in-

sufficient geometric features. For the next step, we wanted to increase the sample size

of different geometries for the analysis. For this, we developed a workflow to convert

2D floor plans into building energy models in the Rhino/Grasshopper environment.

We developed 38,000 building energy models of different geometries for residences by

using a real-world data set of 2D images of the apartment buildings in China [69].

We trained a neural-network-based surrogate model on a data set that was generated

by simulating 38,000 different building geometries. The performance of the model

increased due to variation in geometry and better input for geometric features. For

the third stage, we increased the complexity of the model by adding envelope features

as input to the surrogate model along with geometric features. In the third paper 4,

we also explored two different methodologies, monolithic and component-based sur-

rogate modelling. Monolithic model training has the advantage of high accuracy and

performs best for a particular type of analysis, but component-based surrogate mod-

els provide more flexibility as different design aspects of a building could be added

as individual components in the surrogate model, making the whole building design

analysis much easier and convenient. We compared the monolithic and component-

based surrogate modelling technique by training 6 different surrogate models with

varied datasets and compared their accuracy using three error metrics (R2 score,

mean squared error, and root mean squared error).

1.1 Summary of contribution

1. Applying surrogate modelling to building geometry (Papers 1,2,3).

We are the first to apply the surrogate modelling process to input variable that

handle building geometry in a detailed manner. Prior works were limited to few

inputs for geometry such as relative compactness, volume etc [50], [52], [49] etc.
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2. Generating a novel dataset of 38,000 building energy models over a wide variety

of geometry (Paper 2).

we developed our own data set of 38,000 building geometry for the detailed

geometry analysis. Most of the research work done in geometry are limited to

basic shapes [39] etc.

3. Detecting important geometry and envelope parameters for building energy

efficiency using sensitivity analysis (Paper 1,2).

In this work not only train a surrogate model for predicting building energy use

but also do a sensitivity analysis to understand the importance of each selected

features which provides a great insight for a designer at an early conceptual

phase.

4. Applying monolithic and component-based surrogate modelling techniques for

training the surrogate models (Paper 3).

We use two different methods to train surrogate models. Prior research work

has been limited to train models using monolithic surrogate modelling tech-

niques [55],[36] etc.we are first to apply component based surrogate modelling

techniques and compare it with the performance of monolithic model.

5. Analyzing the impact of geometry on various climatic zones (Extension of paper

2, (Appendix)).

We analyze the impact of geometry on different climates by generating simula-

tion data of various geometry for 6 different climate zones across Canada which

makes the research more applicable.
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Chapter 2

Using a Surrogate Model to

Analyze the Impact of Geometry

on the Energy Efficiency of

Buildings (Paper:1)

Bhumika Bhatta12, Gaelle Faure 12, Ralph Evins12

1Energy in Cities group, Department of Civil Engineering, University of Victoria,

B.C, Canada.
2Institute for Integrated Energy Systems, University of Victoria, B.C, Canada.}

2.1 Abstract

Parametric optimization of building geometry has been demonstrated as a powerful

technique to design energy efficient buildings. However, it remains in practice a

computationally expensive and time-consuming process. Surrogates are the statistical

models which can be used to provide rapid approximations of more expensive models.

Surrogate models can be taken as an alternative approach to replace the detailed

simulations with simplified approximate simulations, thereby sacrificing accuracy for

reduced computational time.

In this research a surrogate model is used to approximate the impact of building

geometry on energy demands. Data is generated from simulation results obtained

from Energy Plus for different building shapes with varied envelope features. The
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envelope design is represented by a set of parameters such as window to wall ratio,

aspect ratio, orientation, south wall area, total wall area, shape etc. The methodology

is applied to a series of office buildings with different geometric shapes. Sensitivity

analysis is performed to analyze the relationship between building features and energy

use of the building. Data generated from the simulation process is used to train a

machine learning model which approximates the heating and cooling loads for different

shapes, thus acting as a surrogate model for the detailed simulation. This allows

shape to be accounted for the optimization of building features without the burden

of simulating and optimizing building design individually. The accuracy of the two

surrogate models (for cooling load and heating load) were measured with two error

metrics (R2-score and MAPE score). The R2-score for heating load predictions for

the trained surrogate model is 0.965 and for the cooling load is 0.985 and the MAPE

score of the models trained for cooling predictions is 0.49 and for heating predictions

is 0.63.

2.2 Keywords

Surrogate Model, District Heating load, District cooling load, Building geometry,

Machine learning.

2.3 Introduction

A Building is a function of its shape property, location etc, these parameters vary ac-

cording to building type. Hence, the ways of providing energy efficiency also change.

Therefore, a conscious approach needs to be developed in order to reach the optimum

solution for energy efficiency in preliminary architectural design by exploring neces-

sary data [72]. Energy performance of buildings relies hugely on form and geometry.

The footprint of the building is decided at the initial phase of design but has a huge

impact on the overall energy consumption of the building. However, very few tools

are available for architects to analyze the effect of geometry on energy consumption.

Many studies have been conducted to understand the relationship between building

morphology and energy performance, but the relationship varies widely with location,

climate and operational characteristics. Hence a building, when optimized in accor-

dance to location, climate and function, could result in significant reduction of energy

and operational cost [39]. The work presented in the paper analyzes the impact of
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Figure 2.1: Flow-chart showing the workflow of research

building geometry on the total energy consumption of an office building by developing

a surrogate model. Facilitating and automating the building design process will be

crucial to increase the share of energy efficient buildings. Recent advances in machine

learning are pushing the automation of problems related to energy efficient building

design. [46],[42]. However, current building simulation software are computationally

expensive and time intensive. Surrogate models are promising to provide building

performance assessment much faster than simulation-based design analysis [66].

Many research studies have considered hypothetical building shapes with con-

stant floor area and height or constant floor area with varying height among different

shapes. Khamma et al. has considered the Department of Energy’s (DOE) commer-

cial reference building for their study [39]. The work presented in this paper uses a

model, based on the ”Building Technology Assessment Platform” (BTAP) small and

medium office building for Victoria, BC. Other research work has been done on the

building geometry and its impact on building energy. AlAnzi et al. takes the geom-

etry of building into account for the energy performance analysis, but considers the

shape of facade only and not the overall footprint [5]. Most research studies sought

to identify the relationship between the relative compactness or building volume and

building energy loads but does not look at other geometric features that might affect

the energy efficiency of the building [49], [50], [52].

Building geometry can be illustrated by various simple numeric indicators such as as-
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pect ratio, floor area, relative compactness, height of the building, volume, south wall

area, total wall area, shape etc. Adams et al. uses 55 different features in-order to

represent building morphology, fenestration, construction properties, internal gains,

operating times, wind modifiers, flow paths, window control, and soil traits, in which

17 of the parameters are just for the building form layout and window geometry

[51]. Adam’s research is focused on developing a meta model to understand the

performance of the design and simple evaluation of naturally ventilated commercial

buildings in hot and humid climates. The work presented in our research has 9 dif-

ferent parameters which are used to define the building form and window geometry.

The numeric indicators used to illustrate the building geometry are explained in Ta-

ble 3.1. The models created were simulated in Energy plus [20]. The weather file

used for simulation was for Victoria, BC [4]. The analysis was performed in BE-

SOS, a cloud-based platform for building simulation and surrogate modelling [26].

The results the effect of numeric indicators on total heating and cooling loads in the

building. Sensitivity analysis of the building features was performed in order to see

the impact of each parameter. In the second part of the work, a surrogate model

was trained with inputs of building features and output of heating and cooling loads.

Two separate predictive models for heating and cooling loads were created and the

error of the model were assessed using two error metrics [1], [3].

Building energy simulation is a computationally expensive procedure but build-

ing designers and architects requires fast results. The objective of this paper is to

introduce a surrogate model which takes the building features as input and predicts

the heating and cooling loads. This could eliminate the tedious process of building

geometry definition and hence simplifies the work for the designer. The content of

the paper is as follows: The first section gives the methodology and details of the

models are given. The next part gives some discussion and conclusion.

2.4 Methodology

The work flow of the research is shown in Figure 2.1. First, the impact of geometric

shape on the total heating and cooling loads of the building is analyzed by comparing

4 different shapes( Rectangle, U, T and L) and with 3 different aspect-ratios (1:1,

1:1.5, 1:2) resulting in 12 different building models which were again varied in terms

of window to wall ratio, orientation and aspect ratio computationally to generate 600

models. The software used was Sketch-up and Open studio [31], [16].
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The selection of features to define a geometry is a crucial aspect as the main goal

was to select the features with which the basic geometry of any building could be

defined. The list of numeric indicators used in this research is presented in Table 2.1

Table 2.1: Description of building features

2.4.1 Constant building properties.

Identical construction specifications for climate zone 5B, template 189.1-2009 were

used. The floor and roof in the Building surface are set to be adiabatic to make it

independent of building height. For the internal and external loads: NECB defaults

for occupancy (25 m2/occ), lighting (8.8 W/m2), electrical equipment (7.5 W/m2)

was set. The building was equipped with Variable Air Volume, fan-coil HVAC system

with a boiler and chiller. Individual thermostats are set in each thermal zone.

2.4.2 Parameter variation

Two sets of models were prepared for small office type building and medium office

type building. The aspect ratio of models ranged from (0.5-2.5). The aspect ratio

quantifies the building’s footprint in a ratio of length and width (x:y), which is given

by equation 1:

Aspect− ratio =
length(x)

width(y)
(2.1)

Generally, office buildings have a large glazing area for views day-lighting but

such extensive use of glazing can result in increased energy consumption for heating
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Figure 2.2: Building footprints of all the building models used in the research work.

and cooling. Hence, the orientation becomes one of the important deterministic fac-

tors. In this work the variation of the building orientation is varied between angles

(0-359 degree).

Sensitivity analysis for all the building features which were not constant in each ge-

ometry (H,L,U,Rec) were plotted against heating and cooling loads to analyze the

relationship. The features which were analyzed were aspect ratio, total wall area,

south wall area, orientation, window to wall ratio (WWR) with the heating and cool-

ing loads.

2.4.3 Surrogate modelling

Parametric optimization of building geometry has been demonstrated as a powerful

technique to design energy efficient buildings, but it’s not common in practice by

the designers as it is a computationally expensive and time-consuming process. Also,

designers lack the tools and knowledge for the optimization of various building pa-
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rameters. The main aim of this paper is to use a surrogate model to approximate

the energy demand of a building, which makes parametric optimization much more

practical.

Support vector regression (SVR) [60] was used to train a surrogate model. SVR per-

forms better than neural networks for small data sets [6]. The python library used

for the SVR model is sci-kit learn. Since the research work is to predict two output

(heating and cooling loads), two different SVR models were trained for heating and

cooling loads. The surrogate models for heating cooling loads prediction had data

for both small and medium office type buildings. The features of the building are

total floor area, volume, ceiling height, number of stories, total wall area net and

gross, south wall area gross and total, orientation, aspect ratio, shape and window to

wall ratio. All the building features used as an inputs to the surrogate model were

numeric except the shape feature, which was a categorical variable R, L, T, U (the

starting letter of the shape) hence the shape feature was transformed into a column

for each value i.e. one hot encoding [2]. Since the input values had different scales

of values, they needed to be normalized for the better performance of the machine

learning algorithm. The scaled values were used to train the model. The data was

segregated into train and test data. 80% of the data was used to train the model

whereas 20% of it was for testing the model.

2.5 Results

2.5.1 Sensitivity Analysis

The results are only analyzed for the small office building type as other building

types have similar inherent patterns. From the plots in Fig 2.3 we can see that all the

building points with higher value of energy loads are also high in WWR. Fig 2.3 shows

the similar relationship pattern in all buildings for the south wall area, total wall area

and window to wall ratio. With the increase in window to wall ratio the heating

and cooling loads increases in each building. Similarly, decrease in heating load with

increase in south wall area can be seen in all buildings, this might be because there

is maximum solar heat gain. We can see that with increase in total wall area, the

heating load of the building decreases.

The relationship between the cooling load and south wall area is not quite clear in

Rec and U, but in T and L we can see a pattern that with increase in the south wall
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area there is decrease in cooling load. This might be because the south surface area

at is less in L and T. Orientation of the building and the energy loads of the building

seems to have a parabolic relation. Orientation with cooling load has a parabola

facing upward whereas with heating load the parabola is facing downwards. This

relationship must be considered while deciding the building orientation.

The total wall area of a building appears to be inversely proportional with the heating

and cooling loads. To understand this relationship in more depth, the wall area for

each shape with fixed floor areas were plotted Fig 2.7. The variation in the heating

load for the same shape is due to other parameters such as orientation, WWR etc.

Fig 2.7 shows the heating and cooling loads for 4 different shapes plotted with their

wall area. We see that Rectangle has the least heating load as its surface area is the

lowest but even if the surface area of U is the highest it does not have the maximum

heating load instead, L has the highest heating load followed by T. This concludes

that surface area alone is not a dominant factor for the heating load, other factors

also come into play, for example self-shading angle of the building. The plot shown

in Fig 2.6 doesn’t show a pattern in the relationship of aspect ratio with the heating

and cooling loads. The results are scattered and no particular shape is dominant. In

such cases the surrogate model plays an important role as we can predict the energy

loads of different aspect ratios in a very short period without running simulations

for a variety of aspect ratios. The difference in heating and cooling loads of all the

four shapes for small office buildings was also analyzed; the results can be seen in Fig

2.4. The plot shows four different clusters for the 4 different shapes. The rectangle

shaped building has the lowest heating load but the maximum cooling load, U has a

mid-range value among the four shapes for both heating and cooling loads, whereas

L has the maximum heating load followed by T shaped building but both have the

minimum cooling load. This plot can be helpful while deciding the building footprint.

2.5.2 Performance of Surrogate Modellings

The performance of the model for heating load(top) and cooling load(bottom) can be

seen in fig 2.5. The two clusters are for the small office type and the medium office.

The surrogate model for cooling load has more accuracy than that of the model for

heating load.
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2.5.3 Validation of results

We analysed the performance of the surrogate model using two different error metrics:

R2 score and MAPE.

• R2 score is a statistical way to measure how close the data are to the fitted

regression line. R2 scores range between 0 and 100% where 0% indicates that

the model explains none of the variability of the response data around its mean

and 100% indicates that the model explains all the variance. The R2-score for

heating load predictions for the trained surrogate model is 0.965 and for the

cooling load is 0.985. These are very respectable values showing that the model

captures all but 3.5% and 1.5% of the variation respectively.

• The mean absolute percentage error (MAPE) is another statistical measurement

of to identify the accuracy of a model.

M =
1

n

n∑
t=1

∣∣∣∣At − Ft

At

∣∣∣∣ (2.2)

Where (At) is the actual values and (Ft) is the forecast values. It is given by

equation (2):

The MAPE of the models trained for cooling predictions is 0.49 and for heating

predictions is 0.63.

2.6 Conclusion

The research in this paper presents a method that can help in the parametric simula-

tion of geometry. Various numeric indicators were varied in small and medium office

building models. The results from the energy simulation were used for a sensitivity

analysis to see how the parameter affects heating and cooling loads. The same data

was then used to train a surrogate model which used support vector for regression.

Two different models were trained, each for the heating and cooling loads. Two error

calculation metrics were used, which are R2-score and MAPE. The R2-score for heat-

ing load predictions for the trained surrogate model is 0.965 and for the cooling load

is 0.985, which shows that the model captures all but 3.5% and 1.5% of the variation

respectively and the MAPE score of the models trained for cooling predictions is 0.49

and for heating predictions is 0.63.
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Figure 2.3: Sensitivity analysis of different shape features.
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Figure 2.4: Plot of heating and cooling loads for all building shapes
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Figure 2.5: Plot of heating load prediction for the surrogate model
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Figure 2.6: Relationship of aspect ratio with heating and cooling loads
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Figure 2.7: Plot of heating and cooling loads against total wall area
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2.7 Discussion and future work

The results obtained from the graphs helps us understand the relationship of selected

geometric features with the energy outputs. These results can be used as reference

for early stage conceptual designs by guiding to choose optimum values for geometric

parameters to achieve desired value of heating and cooling loads of the building.

The current setup forms the basis for further research where the complexities will be

increased by adding more geometric shapes and increasing the geometric features to

define geometry.

From the results we see that some of the input features do not inherit a clear

relationship with the output (heating and cooling loads), this suggests that there are

other building geometry features that might be more important. Hence, the future

work will be addressing other factors such as self-shading of the geometry, viewing an-

gle etc. to understand the relation of geometry with energy efficiency in more depth.

Similarly, more models of varying shape, floor area and volume should be included

in-order to make the surrogate model more useful for all varieties of office buildings

and also improve the accuracy of surrogate models by providing more data. In the

near future refined tools such as presented in this paper can make a paradigm shift

in the design process.
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Chapter 3

Using a Surrogate Model to

Analyze the Impact of Geometry

on the Energy Efficiency of

Buildings (Paper: 2)

Bhumika Bhatta12, Paul Westermann12, Ralph Evins12

1Energy in Cities group, Department of Civil Engineering, University of Victoria,

B.C, Canada.
2Institute for Integrated Energy Systems, University of Victoria, B.C, Canada.

3.1 Abstract

Parametric exploration and optimization of building geometry is a powerful tool for

designing energy efficient buildings. However, in practice this process is computation-

ally expensive and time-consuming.

In this research, we explore the use of surrogate models, i.e. efficient statistical ap-

proximations of expensive physics-based building simulation models, to lower the

computational burden of large-scale building geometry analysis.

For this purpose, we developed a novel dataset of 38,000 residential building models

derived from real world floor plans from [69] and train a surrogate model to emulate

their simulated annual energy performance. We extract up to 20 parameters as sur-
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rogate model inputs to represent the building geometry and show that the trained

surrogate model reaches a high accuracy (R2 score = 0.999, MSE = 0.007 and RMSE

= 0.022) on test data. The current setup forms the basis for further research where

the complexity of the building models will be increased.

3.3 Key Innovations

• This research provides a framework to develop surrogate models that generalize

over any geometry. The framework includes the conversion of 2D floor plan

images into 3D building simulation models, the extraction of geometry features,

surrogate model training, and performance testing.

• Our first results suggest that off-the-shelf neural network surrogate models pro-

vided with engineered geometry features can accurately emulate simulation out-

comes. This implies that attempts to use end-to-end deep learning models ap-

plied directly to 3D data may be overkill.

3.4 Practical Implications

The motivation of this work is to help architects in integrating energy performance

information into early design stage. At this stage, exploration and drastic changes

of the building geometry are common. Traditional building simulation approaches

cannot keep up with this. We provide surrogate models that estimate the building

performance in real time while the building designer is exploring various geometries

without the burden of simulating each individual design concept.

We invite other researchers to use our novel dataset containing 38,000 single-zone

residential EnergyPlus models of various geometries.

3.5 Introduction

Buildings cover a major share of the global energy consumption and have a large

impact on the environment [37].The energy performance of a building is driven by

a multitude of impact factors including its shape, location, property, material and

others [25]. Among these properties the building geometry hugely affects the energy
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performance [30] and this, in comparison to other building properties it usually re-

mains constant throughout the life cycle of the building [27].

The early design phase, in the building shape is commonly determined, is crucial for

the energy performance of new buildings [48]. However, tools which assess and quan-

tify the impact of geometry at the very early stage of building design are lacking.

In the field of building information modelling (BIM), major research are being under-

taken to combine BIM and building simulation to better integrate architectural and

building simulation processes [14]. However, building a BIM model can be a major,

time-intensive step. Hence, detailed exploration of geometry at the early design phase

remains an unconventional, expensive, and time-consuming procedure.

In this work we propose the use of surrogate model driven tools to guide early design

decision making. Surrogate models are promising to provide building performance as-

sessment much faster than simulation-based design analysis with low computational

cost which overcomes the computational barrier to building performance simulation

([66]).

Many research works have analysed building geometry and energy performance,

but some of them use hypothetical shapes ([39]), some limit the geometric features to

the shape of facades and do not include footprints ([5]). Similarly work in ([50])focuses

only on relative compactness or building volume and energy load.

Research work presented in ([33]) uses a 3D convolutional neural network for the esti-

mation of annual radiation intensities on building facades with a very high accuracy.

Similarly work presented in ([57]) shows that high accuracy can be obtained by using

deep learning models.

In this research work, we generated a novel dataset, which contains IDF files [20] for

38,000 real world single-zone residential buildings of different geometry. We defined 20

building features to represent building geometry (Table 3.1). Energy data generated

from the simulation of generated models along with geometric features are used to

train a neural network based machine learning model which approximates the annual

energy use intensity (EUI) thus acting as a surrogate model for the detailed simu-

lation. This allows shape to be accounted for the optimization of building features

and for design space exploration without the burden of simulating and optimizing

building designs individually.
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3.6 Methodology

The workflow of this research is shown in the Fig 3.1. To create our novel dataset ,

we used floor plans from the RPLAN dataset. The RPLAN-dataset is a dataset of

48,000 residential floor plans from real buildings ([69]). The first step of creating our

data set was converting the raster images of residential 2D floor plans from RPLAN

data set into Vector images then to 3D model and finally into an IDF file ([20])

in the Rhino/Grasshopper environment. The generated building IDF files for the

single zoned residential buildings are then simulated in Energy Plus [20]) to get the

energy consumption data i.e., heating load, cooling load, total energy use (TEU:

Sum of heating, cooling, lighting, appliances, or electricity and gas energy used) and

energy use intensity (TEU/ Floor Area) of each building. The energy data was then

combined with the geometric features of each building, which was generated from

2D floor plan, in Rhino/Grasshopper. All the models uses only one set of building

envelope properties and they are as follows: Wall assembly detail: ”ASHRAE 90.1-

2004 Extwall mass climate zone alt-res 5-6” with Nominal U-value of 0.511 [W/m2k],

window detail: double pane window with 2.720 [W/m2k] and SHGC = 0.761, roof

assembly : ASHRAE 90.1-2004 Extroof iead climatezone 5-6 with nominal U-value

of 0.351 [W/m2k] and floor with U-value of 1.072 [W/m2k].

The final dataset contained geometric data of all 38,000 building and the corre-

sponding energy use data. This was used to train a machine learning model and to

investigate the impact of each geometric feature on the energy use.

Figure 3.1: Flow-chart showing the workflow of research.
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3.6.1 Methodology for creating of our novel dataset.

One of the key components of this research is the use of real-world floor plan of 48,000

residential building. We were able to generate 38,000 IDF files of these geometries.

We took 48,000 floor plans from RPlan and attempted to process the images using our

workflow. 38,000 images were successfully converted into IDF representations. The

remaining 10,000 images had artifacts that made conversion difficult (for example

tiny projections). Image cleaning could be implemented to recover these images, but

has not been done so far because 38,000 buildings is still enough for our purposes.

The energy data obtained from the simulation of energy models is used to train a

surrogate model and study the impact of various aspects of geometry on the energy

consumption in the residential building. 2D images of residential floor plans had to be

first converted into IDF files in Rhino-Grasshopper [53]. A workflow in Grasshopper

(Fig ??) has been created which takes the raster image of a floor plan converts it

into a vector form, scales the image, and adds a vertical plane as a wall surfaces

and a horizontal plane as a roof surface and create a 3D model. The next step

was to convert the 3D model into IDF format with a plugin in Grasshopper called

Ladybug/Honeybee ([53]). By defining a thermal zone in the model along with floor,

roof and walls. (Fig. 3.2) shows the assignment of floor, wall, roof ext in the model.

The next step was to add the windows. For this experiment we choose the window

to wall ratio to be 35% on all facades. The next step was to assign the schedule, and

materials to the building. Finally, the model was checked that every element of the

building is assigned according to (Fig. 3.2) and exported in IDF format. Geometric

features was also collected in the Rhino-Grasshopper environment. This provided the

features for the surrogate modelling.

This workflow processes one image at a time. Grasshopper has the flexibility to

add new functions, which was used to automate the process (Fig. 3.3). It grabs an

image from the specified folder, runs the process above, and when the final step is

completed, it clears the window and grabs a new image. With this process we got

38,000 IDF files of different geometries for single family residential building along

with a list of parameters describing the building geometry.

3.6.2 Surrogate modelling procedure:

Surrogate models can replace detailed simulations with simplified approximations,

thereby sacrificing some accuracy for reduced computational time. We explain the
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procedure in (Fig. 3.4). It consists of:

• Defining the design problem, i.e., parameters and objectives

• Running a large set of samples in Energy Plus

• Fitting a surrogate model using TensorFlow.

• Analysing the performance of the model using three error metrices: R2 score,

MSE and RMSE ([13]).

Input for the surrogate model is a list of 20 features defining the geometry as

shown in Table 3.1, and the output is the energy use intensity (EUI).

To train the surrogate model, we use the machine learning toolbox Keras, which

uses Tensor-Flow as a backend. Tensor-Flow is a toolbox specifically designed to train

neural networks. We fit a 1-layered feed-forward neural network on the simulation

results and optimize the hyperparameters in a simple grid search (l2-regularization

coefficient α, number of neurons per layer nneurons). The final surrogate model is

fitted using 30,000 simulation samples (plus 7,600 more for testing). The optimal

1-layered network architecture had 21 neurons, where the weights are l2-regularized

with α = 10−1

3.7 Results of the surrogate model

We analysed the performance of the surrogate model using three different error met-

rics: R2 score, MSE and RMSE.

• R2 score is a statistical way to measure how close the data are to the fitted

regression line. R2 scores range between 0 and 100% where 0% indicates that

the model explains none of the variability of the response data around its mean

and 100% indicates that the model explains all the variance.

• The Mean Squared Error (MSE) is a measure of how close a fitted line is to

data points. The smaller the Mean Squared Error, the closer the fit is to the

data. The MSE has the units squared of whatever is plotted on the vertical

axis.

• The Root Mean Squared Error (RMSE) is the square root of the mean square

error. The RMSE is thus the distance, on average, of a data point from the
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Table 3.1: Description of building features

Table 3.2: Cases investigated
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fitted line, measured along a vertical line ([13]).

The model with 20 features had a high accuracy; ( R2 score = 0.999, MSE = 0.007

and RMSE = 0.022). For the further analysis a correlation heat map in (Fig 3.7), was

plotted to understand the importance of each parameter to the output i.e., EUI. From

the heatmap, we can see that fenestration to floor area ratio, relative compactness,

number of edges, total surface area, volume, and floor area are highly correlated

features in comparison to other inputs, although all the other inputs have some co-

relation to the output. We created 4 more feature sets (which are the subset of the 20

features set), explained in Table 3.2, with the inputs that had high correlation factor

with EUI. With these we trained 4 other surrogate models The accuracy for each

feature set is shown in Fig 3.6, R2 score is between 0.999 to 0.945, MSE score varies

from 0.007 to 0.051 and RMSE score varies from 0.021 to 0.2. The results in the Fig

3.6 show that the model with all 20 parameters has high accuracy, in comparison to

just the features with high correlation factor suggested by heatmap (Fig 3.7). From

the Fig 3.5, that as expected we can see the best performing model is the 20 features

set and the worst performing model has just one feature, fenestration to floor area

ratio. However, the decrease from 20 features to 6 features is not that bad (R2 score

from 0.999 to 0.984, MSE from 0.007 to 0.015 and RMSE from 0.021 to 0.125.)

3.8 Correlation of parameters and outputs

To understand the nature of relationship between input and output features, we

plotted correlation heat map (Fig 3.7) and scatter diagrams for each input with EUI,

heating load, cooling load, and total energy use (TEU) (Fig 3.8). The vertical axis are

the energy metrics and horizontal are the inputs. This gave more information about

the effect of input features with not only EUI but more energy outputs. From the

heatmap we see that the features that are most influential for EUI are fenestration

to floor area, total surface area, volume, floor area, total wall area, total window

area, window areas and number of edges. In Fig (3.8), we see a straight line for TEU

with total surface area, volume, and floor area, meaning these features are directly

proportional. Similarly, the figure suggests that TEU is also directly proportional

to number of edges, but it is a multivariate problem as there are multiple value of

TEU for a single number of edges. We also see an interesting plot for EUI and
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fenestration to floor area. The relation is directly proportional and linear, but there

are two different lines for EUI. We plotted a magnified version of EUI vs fenestration

to floor area in Figure 3.9 which shows that the bottom line contains all the buildings

with a lower number of edges, meaning that with the increase in fenestration to floor

area ratio the EUI increases but we can achieve a low EUI with more windows if we

stick to buildings with lower number of edges. Figure 3.8 also suggests that the most

influential parameters for heating and cooling load are perimeter, total surface area,

number of edges, volume, floor area, wall, and window area and parameters except

aspect ratio, relative compactness and fenestration to floor have a linear relationship

with heating and cooling load.

3.9 Conclusions

In this paper we provide a framework to develop neural network based surrogate

models that predicts the EUI over different geometries. The framework consists of

conversion of 2D raster images of floor plans into 3D building simulation models,

extraction of 20-building features for geometry, surrogate model training, and perfor-

mance analysis of the impact of each feature. We developed the dataset consisting of

38,000 building simulation IDF files derived from real-world floor plans ([69]). Our re-

sults for the training of the surrogate models show that off-the shelve neural network

surrogate models provided with manually engineered features are capable of emulat-

ing the simulation outcomes really well (R2 score = 0.999, MSE = 0.007 and RMSE=

0.022) on test data. Overall, this paper shows that a simple machine learning model

can perform very well in predicting energy use for various geometries, which provides

architects with a great tool to get building performance estimates in real time while

they are exploring various designs without the burden of simulating building designs

individually.

3.10 Limitation and outlooks

The current setup forms the basis for further research where the complexities will

be increased by adding non-geometric envelope parameters such as U-value of walls

and windows in the input features. The models used in this research has constant

Window to wall ratio(WWR) of 35% on each facades, for the further research we will

be varying the WWR as well. No external shading has been used in the windows,



29

which might be the reason we didn’t see any relation of individual window area with

the EUI. All the models are limited to have one thermal zone with flat roofs and no

HVAC system is used, the models are simulated in ideal air load. The energy data

used for the research has been obtained from EnergyPlus simulation, and it provides

no method to describe thermal bridges in envelope components hence, we didn’t see

a very distinct relationship of edges with EUI as expected.

This piece of work is basic process to test the principle, since the current workflow

only uses one set of building envelope properties. This could still be useful to archi-

tects to explore the impact of geometry on a commonly used set of properties, for

example code-minimum specifications. The next step will be to explore how the en-

velope properties interact with the geometry parameters, and how well the surrogate

modelling process can handle these interactions.
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Figure 3.2: Checking the assignment of roof, floor and walls in the created model.

Figure 3.3: Looping the process for 38,000 images

Figure 3.4: Workflow for fitting a surrogate model
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Figure 3.5: Performance of models.

Figure 3.6: Error metrics for each feature set of models.
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Figure 3.7: Correlation heatmap between inputs and outputs.
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Figure 3.8: Relation of inputs with energy outputs
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Figure 3.9: EUI versus Fenestration to floor area ratio colored by number of edges.
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Chapter 4

Comparison of monolithic and

component-based surrogate models

to analyze the impact of geometry

on the energy efficiency of

buildings (Paper:3)

Bhumika Bhatta1, Paul Westermann1, Ralph Evins1

1Energy in Cities group, Department of Civil Engineering, University of Victoria,

B.C, Canada.

4.1 Abstract

Parametric exploration and optimization of building geometry is a powerful tool for

designing energy-efficient buildings. However, in practice, this process is compu-

tationally expensive and time-consuming. In this research, we explore the use of

surrogate models, i.e. efficient statistical approximations of expensive physics-based

building simulation models, to lower the computational burden of large-scale build-

ing geometry analysis. We explored two different modelling techniques, monolithic

and component-based surrogate models, and compared their performance. Mono-

lithic models are fitted all in one go, whereas component-based models fit individual
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models for different aspects of the design, in this case, envelope and geometry, then

combine them together. 4.1 shows the overall workflow of the research work presented

in this paper.

We develop 6 different models (2 monolithic and 4 component-based models) with

different combinations of inputs. For this purpose, we developed a novel dataset of

38,000 residential building models derived from real-world floor plans from [36] and

trained a surrogate model to emulate their simulated annual energy performance. We

extract up to 20 geometry parameters and 10 envelope parameters as surrogate model

inputs to represent the building geometry and envelope. The work confirms that

expected monolithic models perform better, but the performance of the component-

based model also falls under an acceptable range of accuracy for a conceptual design

phase. The best performing monolithic model had an R2 score of 0.993 mean squared

error (MSE) of 0.006, and root mean squared error (RMSE) of 0.0077; the best

performing component-based surrogate model had an R2 score of 0.978, MSE 0.0203,

and RMSE 0.142.

4.2 Key Highlights

1. We develop neural network-based surrogate models for geometry and envelope

features to predict energy use in buildings.

2. We compared the performance of component-based and monolithic models.

3. We compared the performance with many different combinations of features.

4. Flexible component-based models are shown to perform nearly as well as mono-

lithic.

4.3 Introduction

Building accounts for a huge share of global energy consumption, with a great impact

on the environment [37]. Preventing climate change requires a change in the building

industry and this calls for high-performance building designs and operations.

The energy consumption of a building is dependent on many factors including its

shape, location, envelope properties, mechanical system, etc [11]. Among this multi-

tude of properties, the shape of the building hugely affects the energy performance
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Figure 4.1: Graphical abstract showing the workflow of the research.
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of a building [30], [15]. This is a property that usually remains constant through-

out the life cycle of a building [27]. The building footprint is usually determined at

an early design phase, which is a critical phase for making design decisions for the

building [48]. Therefore, it is important to facilitate efficient and sustainable design

feedback at this crucial point in the process [62], [70], [10], [65], [8]. However, our

industry lacks the tools to assess and quantify the impact of geometry at a conceptual

phase making designers rely more on rules of thumb. [70] explains that some existing

building simulation tools claim to be useful in the conceptual phase but they provide

little assistance for architects/designers until the end of the conceptual design stage

when large changes of the design can not be made affordably. Also, many simulation

tools such as EnergyPlus [19], Hot2000 [32], etc. were originally developed for en-

gineers so the input/output parameters and the description method of the available

information are different from an architect’s preferred method of declaring param-

eters [70]. Nonetheless, designers are keen to use building performance simulation

(BPS) information to improve their designs [73]. Traditional BPS software is also

time-consuming and the quality of results depends on simplification methods applied

[9] and on the skill level of the energy modeler [55].

Surrogate models, also known as meta-models, use machine learning techniques

to extract knowledge from the BPS data by recognizing patterns within them [57].

Surrogate models are now used to replace detailed building simulations as it lowers

the burden of simulating each design solution at the conceptual phase which are

generally time-consuming and computationally expensive [66]. Surrogate models, also

known as statistical models, use machine learning to predict performance based on

initial simulations within a parametric design space. These models leverage learned

relationships from prior computation and replace detailed simulation with simplified

approximation, with some accuracy sacrificed but still reasonable for the relative sense

of performance required when making conceptual phase design decisions. Research

has made it evident that they can be used as an alternative for the common building

simulations in many cases [66].

Component-based surrogate models extend the practicality and usability of the

surrogate models as different design problems can be explored without rebuilding

the whole model. Lastly, we show a sensitivity analysis of the features with the

output using a correlation heatmap. The heatmap shows the important geometry

and envelope features along with their pattern of a relationship with energy use.

The results from the heatmap were used for feature engineering. We only selected
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Figure 4.2: Example of conversion of the 2D floor plan into 3D models and to Ener-
gyPlus model using Rhino/Grasshopper environment

the important parameters from the geometry and envelope features sets to train the

surrogate models.

This research has the following major objectives:

• We show that surrogate models can capture the impact of geometry on the

energy use of the building by using monolithic and component-based neu-

ral network-based surrogate models. For the experiments, we use real-world

datasets and a list of 30 features to define important geometry and envelope

features.

• We show that dividing surrogate models up into components can allow reason-

able accuracy compared to monolithic models and this would therefore allow

models to be fitted separately for the geometry aspect from the envelope.

• We then compare the performance of the component-based model with the

monolithic model and also discuss the flexibility of component-based surrogates

to train a model on different building features such as geometry and envelope.

• We analyze the impact of different geometry and envelope features on the energy
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use of the building. We also compare the performance of the models developed

with different combinations for feature engineering.

In this research, we use 38,000 building models to generate 4 different datasets.

We used labeled 2D images of residential floor plans from [36] and generated a novel

dataset of 38,000 building models as shown in 4.2. We developed a process to convert

2D images into 3D models and to export EnergyPlus models in a Rhino/Grasshopper

environment [12]. We then simulated these building models to generate datasets to

train the surrogate models. We derived various subsets with various combinations

of geometry and envelope features to train multiple surrogate models to capture the

impact of geometry and envelope features. We trained multiple monolithic models and

also composed component-based surrogate models with two sub-models (geometry

and envelope) and finally compared the performance with each other.

4.4 Literature Review

Many research studies considered geometry for energy efficiency in buildings but they

are usually limited to analyzing only a few features such as relative compactness

[50], surface area, roof area, wall area [54], volume relative compactness [43], and

orientation [49], etc. Similarly, the work presented in [5] limits the geometric feature

to the shape of the facade and doesn’t account for the impact of footprint. [63]

defines 8 common building geometry parameters that affect the energy efficiency of

the building. Research presented in [34] used Monte Carlo simulation to predict

the energy consumption reflecting the design uncertainty and sensitivity to identify

important parameters which included less geometry and envelope in the meta-model

output along with heating, ventilation, and air conditioning parameters.

Research has been done for the exploration of design space and optimization of

design parameters for energy-efficient design which requires building performance

simulation for different design options [18], [40]. Singh et. al [59] developed a plugin

for building information modelling to develop building performance simulation and

tested it in over five design options for office buildings. However, state-of-the-art

dynamic simulation tools used for BPS during the design stage are still computa-

tionally expensive and time extensive. The work presented in this paper provides a

machine learning model which replaces the detailed BPS and makes the design space

exploration for geometry and envelope features less time-consuming and less compu-
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tationally expensive with some sacrifice in the accuracy making it suitable for early

design exploration.

In our research work, we introduce 20 features to define geometry along with

10 features for the envelope. Our datasets contain variations in geometry as well

as envelope features. Other researchers such as [39] analyze geometry but based

on hypothetical shapes. Martin et al [45] compared the cooling load for single-zone

and multi-zone models for just a rectangle shape. Most of the research work uses a

hypothetical building and or has limitations in the sample size of geometry whereas

the work presented in this paper uses a novel data set of 38,000 residential building

models derived from real residential floor plans from [69].

A lot of research has been done to make energy modelling simulations less compu-

tationally expensive, less time-consuming, and more insightful for the design process.

Initially, simplified analytical models were used. More recently, meta-modelling tech-

niques have been used, including regressions such as SVR etc. [36], [7], [17], [22],

neural network [17], [64], [28], classification and regression tree [17], and ensemble

models [17], [55], [57], [56]. Among different machine learning techniques, Artificial

Neural Networks are the most popular as they are convenient and easy to use by a

regular operator after the model has been established [57]. Due to this a lot of studies

have been done that have explored the use of neural networks for predicting diverse

aspects of energy efficiency and the performance of buildings [71], [11], [24], [47], [35],

[22], [41], [38]. However, most works have reported unsatisfactory error rates, lack

of generalizability and most have considered only a few parameters that affect the

building energy use. Research work presented in [58] used 2D Convolutional Neural

Network for shape information along with other building envelope parameters such

as U-values of the wall, window, roof, etc to train a surrogate model on Energy Use

Intensity prediction. They also trained another model on building parameters such

as area, volume as shape information, and other building envelope parameters us-

ing Deep Neural Network. The comparison between those two models showed that

2D-CNN performed slightly better but 2D-CNN does not give any information about

which geometry parameters were important.

The work presented in [39] explains the framework for the composition of several

machine learning models to solve a classification problem. We use a similar technique

to solve our regression problems by applying compositional machine learning methods

in the context of different building design areas. The model developed gives the

user flexibility to independently choose and set their design parameters with the
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possibility of further re-using the models themselves and the compositions made from

them. [55], [57] uses a component-based surrogate modelling technique to predict

the heating load and cooling load of the building and evaluate their practicability for

design space exploration. However, the geometry inputs used in the paper are limited

to length, width, WWR, and orientation whereas in our research work we have a set

of 20 geometry features.

In our work, we not just evaluate the performance of component-based surrogate

models with BPS but also compare the accuracy with the monolithic models trained

on similar data. The data set used in our research has more variation in geometry

as compared to [57]. They use 800 design combinations resulting in a 9600 training

dataset whereas we used 36,000 geometry resulting in a 1,800,000 training dataset.

We also trained our surrogate models with various combinations of datasets simulated

in different conditions to best capture the impact of geometry for the energy use of

buildings. Training on various datasets helped in understanding the important and

relevant features.

4.5 Methodology

We simulated 38,000 building models, to generate the training data containing build-

ing features and energy outputs. The datasets we generated have various combina-

tions of geometry and envelope features which we use to train multiple surrogate

models to emulate the energy use intensity (EUI) of the building.

Where, EUI is Total energy use (TEU)/ floor area, Total energy use is the sum

of electricity, gas, heating, and cooling load.

Figure 3 shows the different combinations of surrogate models investigated. We

simulate four different data sets with our 38,000 building models and further derive

their subsets to train different models. Figure 4 explains the four dataset and their

subsets that were used to train our 10 different surrogate models. Model A is trained

on subset A (common data A) and Common surrogate Model B is trained on subset B

(Common data B), both are monolithic surrogate models that predict the EUI. Model

C is a composition of two separately trained surrogate models. The two monolithic

surrogate models are geometry surrogatec and envelope surrogatec. Both surrogate

models are trained on subsets of a common dataset. In this model, only the envelope

dataset has window information in the form of WWR.

For the workflow shown in E and F of 4.3, we use two different training sets, sim-
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Figure 4.3: Flow chart describing the different surrogate model combinations inves-
tigated.

ulated in different conditions to train the base models (Geometry surrogate and en-

velope surrogate). Hence to normalize these models, we add an additional step where

we divide the output of the geometry surrogate by basing the EUI value. The base

EUI value (100 KWh/m2 is obtained by stimulating a base geometry model (Square

shaped with 35% WWR on each side) with base envelope features ( ”ASHRAE 90.1-

2004 Extwall mass climate zone alt-res 5-6” with Nominal U-value of 0.511 [W/m2k],

window detail: double pane window with 2.720 [W/m2k] and SHGC = 0.761, roof

assembly : ASHRAE 90.1-2004 Extroof iead climate zone 5-6 with nominal U-value

of 0.351 [W/m2k] and floor with U-value of 1.072 [W/m2k]). We then multiply the

geometry factor with the EUI obtained from the envelope surrogate model to get the

final EUI. Model A, B, C, and D use the same common dataset but have a unique set

of input and hidden parameters. The dataset for geometry submodel for E and F are

the same but they also have a unique set of input and hidden parameters. The dataset
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for envelope submodel for model E was simulated with constant WWR whereas the

dataset for the envelope submodel of model F was generated by simulating variation

in WWR.

Combined surrogate model D is also a composition of two separately trained mono-

lithic surrogate models. The two surrogate sub-models are geometry surrogate and en-

velope surrogate. Both surrogate models are trained on subsets of a common dataset.

In this model, only the geometry dataset has window information in the form of

window areas and a sum of window areas.

After training the models in a common data set we also simulated geometry data

and envelope data independently. Combined surrogate model E and model F are also

the composition of geometry and envelope surrogate which were trained on different

datasets (independently simulated geometry data and envelope data). Geometry sub-

model e and geometry sub-model f are trained on a dataset obtained by simulating

various geometries with constant envelope features (Base envelope features). The only

difference between geometry sub-model e and geometry sub-model f is that sub-model

e has window information and sub-model f does not. Similarly, the envelope models

used for combined model E and model F have separate datasets. Envelope sub-model

e uses a dataset obtained by simulating base IDF geometry with 6 envelope features

(not including WWRs) whereas envelope sub-model f is trained on envelope dataset

obtained by simulating base IDF geometry with 10 features (Including WWRs).

• Model A was trained on a common dataset with windows detail as WWR in en-

velope parameters. This is a monolithic neural network-based surrogate model.

Model A has window details in only envelope features set. It has a total of 17

input parameters and 9 hidden parameters. Here the hidden parameters are

the window detail in the geometry feature set as shown in “A” figure 4.4

• Model A was trained on a common dataset with windows detail as WWR in en-

velope parameters. This is a monolithic neural network-based surrogate model.

Model A has window details in only envelope features set. It has a total of 17

input parameters and 9 hidden parameters. Here the hidden parameters are

the window detail in the geometry feature set as shown in “A” figure 4.4

• Model B was also trained on a common dataset with window detail as window

areas in geometry parameters. This is a single neural network-based surrogate

model. Model B has window details in the geometry features set. It has a total
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of 22 input parameters and 4 hidden parameters. Here the hidden parameters

are the window to wall ratios per orientation in the envelope feature set as

shown in “B” of figure 4.4.

4.5.1 Generation of Datasets

The first data set (also known as a common data set) has a combination of geometric

as well as envelope features of the building along with its energy use intensity. This

dataset contained 38,0000 unique floor plans (varied geometry) along with variations

in their WWR and envelope properties. Each variation represented a unique building,

which was then simulated to obtain their energy use intensity from EnergyPlus for

Victoria weather. Surrogate models A and B are trained with the subset of the

common data set and have information on both geometric and envelope aspects of

the building as shown in 4.4. The only difference between training data of Surrogate

model A and B is that the information of the window in model A is in terms of a

window to wall ratio whereas model B gets the window details from each window

area. Theoretically, both the models have the same information but in a different

format and feature type. We then split the features from the common dataset into

geometry features and envelope features as shown in 4.4.

The second dataset type is the geometry dataset. The geometry data set was

obtained by simulating 38,000 unique floor plans with a constant value of envelope

features and a constant window to wall ratio of 35% for each building. The building

features in the geometry data set are shown in Figure 10. The variation in window

area for each building in this dataset is due to variation in wall area which is a result

of the unique floor plans of each building. This data set was used to train a geometry

surrogate model which was then used to make a combined surrogate model E and F.

The third dataset is an envelope dataset without WWR. The envelope data set

without WWR was obtained by simulating a base IDF (square-shaped) with various

combinations of 6 envelope features(excluding window to wall ratio per orientation).

This dataset has no window detail.

The fourth dataset is an envelope dataset with WWR, which was obtained by

simulating a base IDF (square-shaped) with various combinations of 10 envelope

features (Including window to wall ratios). The parameters for the envelope data set

are shown in 4.9. We simulated 10,000 combinations of envelope features. This data

set was used to train an envelope surrogate model used in Model E and F respectively.
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Figure 4.4: Features for the surrogate model with their description.
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4.5.2 Surrogate Modelling Process

The modelling procedure for fitting a surrogate model is shown in figure 4.5. It

consists of

1. Data generation by running a large set of samples in EnergyPlus and model

type selection.

2. Setting the design problem i.e design parameters and objectives.

3. Fitting the surrogate model using Tensorflow and Keras.

4. Performance analysis using error metrics such as the R2 score, MSE, and RMSE

[13]

Figure 4.5: Flowchart showing the procedure of fitting a surrogate model

To train the surrogate model, we use the machine learning toolbox Keras, which

is built on TensorFlow as an advanced neural network library developed by Google

[45]. We fit a 1-layered feed-forward neural network on the simulation results and

optimize the hyperparameters in a simple grid search (l2-regularization coefficient

, number of neurons per layer nn). The final surrogate model is fitted using 30,000

simulation samples (with 7,600 more used for testing). The optimal 1-layered network

architecture had neurons equal to N (number of features) *1, where the weights are

l2-regularized with α = 10−1. We analyzed the performance of the surrogate model

using three different error metrics: R2 score, MSE, and RMSE [13].

R2 score is a statistical way to measure how close the data are to the fitted regression

line. R2 scores range between 0 and 100% where 0% indicates that the model explains

none of the variability of the response data around its mean and 100% indicates that

the model explains all the variance.
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The Mean Squared Error (MSE) is a measure of how close a fitted line is to data

points. The smaller the Mean Squared Error, the closer the fit is to the data. The

MSE has the units squared of whatever is plotted on the vertical axis.

The Root Mean Squared Error (RMSE) is the square root of the mean square error.

The RMSE is thus the distance, on average, of a data point from the fitted line,

measured along a vertical line.

4.5.3 Component Based Surrogate Modelling

To analyze the energy efficiency in building designers rely on information such as heat

flow, internal gains, heat gain via windows, etc and there is a multitude of factors

that affect this information which will ultimately help the designers to make the right

design decisions. But all the necessary information is not present in a monolithic

model. [57],[56]. For example, a surrogate model trained to emulate the energy

use of a building only based on envelope features will not be able to perform well

when the HVAC features are introduced in the input. To increase the usability of a

monolithic model, would require data collection from various possible design options

and a complex model architecture [55]. Figure 4.6 shows the process of training a

component-based surrogate model.

This research work consists of two surrogate model training techniques. The

first one consists of monolithic models obtained by training a model with a data

set containing geometry and envelope features at once. Model A and Model B are

developed with this technique. The second modelling technique is a component-based

surrogate model, trained with the composition of two different surrogate models. In

this method, two base surrogate models are trained separately after which we take

the output of each model as an input for a third combined surrogate model. This

method is used for Model C-F.

In this work, we develop component-based surrogate models by combining two dif-

ferent monolithic sub-models for geometry and envelope features. We have 6 different

final surrogate models of which four are component-based surrogate models trained

by the composition of two different models for geometry and envelope. We use the

emulated output (EUI) from both models and use that as input for the combined

model. The combined model will then have 2 inputs (Individual EUI) and one out-

put (Final EUI). The combined model is then tested with a common testing dataset

for the performance analysis.
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Figure 4.6: Composition procedure of component-based surrogate models.
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4.6 Results

4.6.1 Sensitivity Analysis

A sensitivity analysis was done to predict the important building features from the

geometry and envelope feature sets. For the sensitivity analysis, we used a common

dataset which was simulated with 38,000 building geometry and 50 samples of 10

envelope features. The distribution of samples of features is shown in figure 4.7. The

range of parameters is shown in figure 4.4 as well. Figure 4.8 shows a correlation

heatmap between all 30 input features and the output (EUI), heating and cooling

loads, the heating and cooling load intensities, and the total energy use (TEU). We

simulated the models to get the EUI along with the heating and cooling load. The

below helps to understand the relationship and impact of each feature with the out-

put (EUI) along with heating and cooling loads. It shows that the most impactful

geometry features in the geometry set for the total energy use are total surface area,

perimeter, floor area, volume, the surface area of the bounding box, south and north

wall areas, total wall area, and window areas. For EUI the most impactful was found

to be the fenestration to floor area ratio. Similarly among the envelope features, the

most impactful features were found to be roof insulation, solar transmittance (SHGC),

wall insulation, and window to wall ratios for both EUI and TEU. For heating and

cooling loads the most impactful features were perimeter, total surface area, total wall

area, and total window areas. South, east, and west window areas, in particular, were

found to be more correlated for cooling load. This information can be very helpful

to consider suitable geometry and envelope features for fitting surrogate models to

assist with energy-efficient building design.

4.6.2 Feature Selection

We defined a total of 30 geometry and building envelope features (20 geometry pa-

rameters and 10 envelope parameters). We then experimented to see if there were

any unimportant features. First, we trained a geometry surrogate model with all

20 features, then decreased this to 16, 7, 5, 3, and 1 feature as shown in figure 4.9,

and the performance of each feature set can be seen in figure 4.10. For the envelope

features, we tried two combinations, one with a full set (10 features) and one without

WWR (6 features) as shown in figure 4.11.

From this experiment, we found that for the geometry feature set the south, east,
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Figure 4.7: Distribution of feature samples for geometry and envelope parameters.

Figure 4.8: Correlation heatmap showing the important features. The features with
correlation factors shaded in blue have an inversely proportional relationship with the
outputs and the features shaded in red are directly proportional to the output.
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west, and north wall areas were not important as the R2 score value of the model

increased by 0.003 when we removed them. Hence, we used 16 features for further

experiments. We found that WWRs were important for the envelope features as the

model performance degraded from an R2 score of 0.682 to -0.45 after we removed the

four WWRs. Hence, we used all 10 features for further experiments.

4.6.3 Performance of different surrogate model formulations

The error metrics for each model formulation are shown in figure 4.14. Key points to

note are:

• The performance of model A was the best among all the six models trained. It

has an R2 score of 0.993 MSE 0.006, and RMSE 0.0077 on common test data.

• The performance of model B was the second-best among all the six models

trained. It has an R2 score of 0.994, MSE 0.005, and RMSE 0.007 on common

test data. The performance of model A and model B are almost identical

because the information of the building given to both the models is the same

but in a different format.

• For model C, the geometry sub-model had an R2 score of 0.091 and the en-

velope sub-model had an R2 score of 0.880. Finally, the final model after the

composition of geometry and envelope sub-models had an R2 score of 0.978,

MSE 0.0203, and RMSE 0.142 on common test data.

• The geometry sub-model for model D had an R2 score of 0.360 and the envelope

sub-model had an R2 score of 0.4300 and finally, the final model after the

composition of two sub-models had an R2 score of 0.386, MSE 0.708, and RMSE

0.842 on common test data. We see that the performance of Model D is the

worst among all the other models trained. This might be because the common

data set has variation in WWRs but the dataset we train our models (both

geometry and envelope) does not capture this variation. This also shows that

WWR is one of the main features influencing the Energy use intensity.

• The geometry sub-model for model E had an R2 score of 0.982 and the envelope

sub-model had an R2 score of 0.973 and finally, the model after the composition

of geometry and envelope sub-models had an score of 0.883, MSE 0.116, and

RMSE 0.340 on common test data.
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Figure 4.9: Different combinations of feature sets for geometry and envelope sets.
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Figure 4.10: Performance of different geometry feature sets.
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Figure 4.11: Performance of different envelope feature sets.
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• For model F the geometry sub-model had an R2 score of 0.988 and the envelope

sub-model had an R2 score of 0.953 and finally, the model after the composition

of geometry and envelope had an R2 score of 0.815, MSE 0.184, and RMSE

0.4300 on common test data.

There are a total of 6 final surrogate models trained in this research. The models

were trained in different training sets but were tested on the same testing set. Among

the six different models trained, we found that the monolithic models performed

better than combined models, as would be expected. The best performing models

among the 6 models were model A and model B, which had 19 and 22 inputs and one

output. Both the models had similar information about the geometry and envelope

of the building. Among the combined models, Model C performed the best. figure

4.12 shows the predicted and actual values of trained models, figure 4.13 is a plot

made by overlapping the results from all the models to see the variance; we see

that model D, model E, and Model F have more spread of values in comparison to

other models. From the results, it is evident that a monolithic surrogate model with

all the engineered features performs better than the one made by the composition

of sub-models. But the performance of the composition models is also within an

acceptable range. There are many benefits of a component-based surrogate model in

comparison to a monolithic model with all the component features. The component-

based surrogate model allows the surrogate model to be more versatile and convenient

if we need to add more components to it, ultimately increasing the usability of the

model. For example, if we need to add a feature set for shading, we can use a

surrogate model trained on just shading features of the building and add it as another

component rather than having to re-simulate the data including shading details and

then training a monolithic model on it. On the other hand, if we use the monolithic

model for different building components, we need to generate a new dataset and

re-train the model each time we add a new component; this might also affect the

importance of other features over the output.
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Figure 4.12: Performance of all the models.

4.7 Conclusion

This paper shows that machine learning-based surrogate models can very well capture

the impact of geometry on the energy efficiency of buildings. The proposed off-

the-shelf neural network-based surrogate model can be used as an effective tool for

designing and analyzing energy-efficient designs at an early design phase as it saves

a lot of computation time and resources. In this work, we develop six different

surrogate models trained on various combinations of geometry and envelope features

compared to performance in predicting energy use intensity (EUI). We used two

types of surrogate modelling techniques, i.e., monolithic and component-based, and

compared the performance. Three different performance metrics (R2 score, MSE, and

RMSE) were used to compare the accuracy of the models. The work confirms that

expected monolithic models perform better, but the performance of the component-

based model also falls under an acceptable range of accuracy for a conceptual design

phase. In this stage, designers look for the impact of the features rather than the final
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Figure 4.13: Performance of each model overlapped

energy output value hence the error from the model becomes almost negligible at this

stage. Component-based surrogate models can be more efficient and flexible as having

individual components, we can add or remove the set of features without having to

regenerate and retrain the core model. We explored the statistical relationship of the

20 geometry features and 10 envelope features with the energy use of the building

(EUI, TEU, heating load, and cooling load). We used a correlation heatmap for this

purpose. The heatmap shows that individual wall areas were not that important

but for EUI the most impactful geometry features were found to be the fenestration

to floor area ratio, total window area, east and west WWR. Similarly, the most

important geometry features for total energy use are perimeter, total surface area,

the total surface area of the bounding box, volume, floor area, and total wall area.

Similarly among the envelope features, the most impactful features were found to

be roof insulation, solar transmittance (SHGC), wall insulation, and window to wall

ratios for both EUI and TEU. The current setup forms the basis for further research

where the complexities can be increased by adding components such as lighting,

HVAC, etc. The workflow that extracts the 16 building features for geometry has
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Figure 4.14: Error calculation for each surrogate model.

been developed in the GH environment. The workflow takes a 2D image of a floor

plan and extracts the building features that are needed as an input for the surrogate

model. The practicality of the model developed can be advanced by adding an image

recognition feature that extracts the input features needed for the surrogate model

from a basic floor plan or hand-sketched by the designer, allowing the designer to

explore a wide range of designs space in no time. The ability of ML-based surrogate

models to provide instant design feedback and information is crucial for the early stage

of energy-efficient design. Surrogate models for sustainable building designs provide

valuable information about the design parameters and their relationship with the

output (in this case energy-use of the building), which will ultimately help improve

the design from an early stage. The surrogate models developed in this research

work can be used as a part of tools used in early design phases such as Net-zero

navigator [67]. A platform such as Net-zero Navigator will help the building designers

take advantage of surrogate modelling to drastically improve the performance of the

building designs without learning the machine learning tools. The paper shows that

there are a plethora of possibilities for exciting developments by combining machine-

learning-based surrogate models with online visualization platforms. One of the other

future works can be stimulating the data for different climate zones and teasing apart
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the heating and cooling load and seeing how the relationship with geometry and

envelope changes according to the climate. More case studies and better design space

sampling methods are required to evaluate the generalizability of these methods for

their application in early design energy prediction.
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Chapter 5

Conclusion and Future works

5.1 Conclusion

The goal of this thesis is to use surrogate models to analyze the impact of geometries

on energy efficiency in buildings and attempt to identify important geometric features

that affect the energy efficiency in buildings. Different surrogate models were trained

to emulate the energy use of different types of building in different climates but pri-

marily the work focused on residential buildings in Victoria, B.C. We have extracted

up to 20 engineered geometric features that can very well represent the important

shape features of the building along with 10 envelope features. For the variation in

geometry of buildings, we developed a novel dataset of 38,000 building energy mod-

els and simulated them in various conditions by varying different parameters such

as window to wall ratio, etc. and other envelope features such as U-values of the

window, wall, roof, etc. and generated up to 5 different datasets to train multiple

surrogate models to understand the impact of each feature with the energy output.

We tried two different techniques, monolithic and component-based for training the

surrogate models and compared their performance. We tried a component-based sur-

rogate model due to its flexibility and reusability in the early design phase. We found

that the monolithic model performs better than the component-based due to its sim-

ple model architecture but the component-based surrogate also performed reasonably

well.

We did a sensitivity analysis for the inputs (geometric and envelope features) and

output (total energy use, energy use intensity, heating, and cooling load). Based on

the results of sensitivity analysis we found that the most important features for the



62

total energy use were total surface area, floor area, volume, and the number of edges.

We also found that the fenestration to floor area ratio was the most impactful feature

while calculating the energy use intensity. Results show that with the increase in

window area the energy use increases but we can achieve a low energy use with more

windows if we stick to a lower number of edges in the building. From the results

of the experiment done in this thesis, we can also conclude that with the increase

in heating and cooling degree days the impact of geometry on the energy use of the

building also increases.

Overall, we can conclude that a simple neural network-based surrogate model

can be useful for the parametric optimization of geometry in buildings. Data-driven

approaches are less time-consuming and less computationally expensive making them

very useful to the designer at an early stage rather than using traditional building

simulation tools. Using a geometry surrogate model for the conceptual phase of design

gives the architect flexibility to explore various design options as they can get real-

time energy information about the building without the burden of simulation of each

design choice. Component-based surrogate models add an extra advantage to the

use of machine learning models as they provide the flexibility to add various design

components and make a whole building design analysis much easier and faster.

5.2 Future Works

The research work presented in this thesis has proposed the development of a quick

energy prediction model using machine learning for the early stages. The current

setup forms a basis for further research by adding more complexities such as making

the models multizone, adding external shadings to the model, etc. Similarly, for the

component-based surrogate modelling, we combined up to two sub-models, one for

geometry and one for the envelope. The number of sub-models can be increased

including HVAC, shading, etc which will make the model versatile and increase its

usability for whole building design analysis. In near future, refined tools such as those

presented in this paper can make a paradigm shift in the design process.
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Appendix A

Appendix (Extension of Paper:2)

A.1 Impact of geometry across different climate

zones

A.1.1 Introduction

Among various factors that building energy use depends on, climate/ location is one

of the more prominent. The experiments done for paper 2 were based in Victoria,

B.C., since the data used for sensitivity analysis and model training was simulated

using the Victoria weather file. Here we extended this work to see how the impact of

different geometric features changes in accordance with the change in climate data.

The results shown in the paper were also focused on the Victoria weather file so we

extended the same work for different weather files across 6 different climate zones in

Canada. The main objective of this extension was to analyze the impact of geometry

on different weather data and see the impact of different weather on the relationship

of different geometric features with the energy use intensity.

A.1.2 Methodology

For this experiment, we used the same workflow and the same set of varied geome-

try. We simulated the building energy models for 6 different cities each representing

different climate zone from zone 4 - zone 8 as shown in A.1. The six different cities

chosen were Victoria, Toronto, Ottawa, Edmonton, Whitehorse, and Yellowknife.

Data for heating and cooling degree days for all the six cities have been obtained

from A.2. The workflow for generating the data is shown in A.3. We use the same



64

Figure A.1: Map of Canada showing 6 different climate zones.

Figure A.2: Plot showing the number of heating degree days and cooling degree days
for 6 different weather files.
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Figure A.3: Workflow for the experiment for 6 different climate zones across Canada.

set of building energy models and simulate them in six different weather files [4]

from different climate zones. We then generate a table in an excel sheet with all

the geometry features and energy use for each building and use that data for the

sensitivity analysis geometry features and EUI.

A.1.3 Results

The figure A.4 shows the heating and cooling load of all the cities in a single plot.

We see that heating load is highest in the cities with the most number of heating

degree days and highest cooling load in the cities with the most number of cooling

degree days. The highest cooling load was found to be in Toronto due to the most

cooling load and extreme temperature in summer whereas Yellowknife had the highest

heating load. Victoria weather was found to be the mildest weather in comparison

to other cities. This shows that the experiment covers a wide variety of climatic

conditions.

A.1.4 Sensitivity Analysis

The sensitivity analysis for the geometric features and energy use was done by plotting

a correlation heatmap. From the analysis of the heatmap, it was evident that the

most influential features for the energy use intensity were
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Figure A.4: Plot showing the heating and cooling load for 6-different cities.

Figure A.5: Heatmap showing the Correlation of features with energy use for Victoria
weather file
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Figure A.6: Heatmap showing the Correlation of features with energy use for Toronto
weather file

Figure A.7: Heatmap showing the Correlation of features with energy use for Ottawa
weather file

Figure A.8: Heatmap showing the Correlation of features with energy use for Edmon-
ton weather file
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Figure A.9: Heatmap showing the Correlation of features with energy use for White-
horse weather file

Figure A.10: Heatmap showing the Correlation of features with energy use for Yel-
lowknife weather file
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Figure A.11: Plot showing the correlation factor of features with the heating load.

A.1.5 Conclusion

From the analysis of the correlation between features and heating load A.11. We

see that When the HDD increases the correlation factor for heating load, volume,

floor area, perimeter, total wall area, and total window are increases. Meaning the

impact of geometric features increases with an increase in the heating degree days

for cold weather and Cooling degree days for hotter climates. From this experiment,

we can conclude that the impact of geometry increases with the increase in heating

and cooling degree days. This information can be helpful for the designers to design

buildings in extreme weather conditions.
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