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ABSTRACT

Toward Resilient Building Design in Energy Performance under Climate Change
Mirata Hosseini, Ph.D.

Concordia University, 2021

Building energy simulation is commonly used to evaluate the energy performance of buildings to
support decisions made at the design stage or to quantify potential energy savings of various
strategies for retrofitting existing buildings. However, in margesathe anticipated performance
through simulation output significantly deviates from actual measured data. A major reason for

such discrepancy is due to uncertainty in the simulation inputs.

One source of input uncertainty is weather data represeminglimate condition. In order to

predict the longerm performance of the buildings with energy simulation, modellers commonly
use a single Typical Meteorological Year (TMY) weather data file which supposedly represents
the climatic conditions. The singleeather year file is composed of hourly resolution data from

the most 12 representative calendar months of 30 years which are selected based on statistical
similarity to longterm weather daibaveraged data. These weather files are synthetically
construted on historical weather data over a long period of time for an array of weather
parameters, such as solar radiation, temperature, wind speed and others. The statistical procedure
to construct the weather files depends on the weights assigned to théser wawameters. Under
current practice, these weighting factors are universally assigned regardless of climatic locations
nor the building application. This approach leads to energy performance predictions that deviate

from the longterm averages.

Neverheless, the single weather file ignores the variation in building energy performance resulted
from natural weather variation. This source of uncertainty becomes even more critical when the
long-term superimposed effect driven by human and anthropogenardaare added to natural
variation. Historical weather data shows that compared to other regions, higher latitudes, including
Canada, have been affected more by climate change, and it is expected that this change will be

even more in the years to come.ddrtainty due to weather variation and climate change is one of



the main reasons for unexpected actual energy performance. Under the changing climate,
building's energy performance is expected to change significantly in the northern climates,

including Camda.
The current thesis mainly aims to address the two aforementioned issues with novel approaches:

1. Machine learning were deployed to extract the feature importance of the weather parameters in
order to assign neaniversal weighting factors straightbyoportional to their impacts on energy
performance of buildings. Weather files constructed with these systematically assigned weighting
factors are climatic location and building type dependent. The newly constructed typical
meteorological year weathatels were applied to two different climatic locations to investigate

the representativeness of these new weather files as compared to existing weather files and
historical weather data of actual years. The representativeness was indicated in terms of the
deviation in predicted energy performance of buildings between using the typical meteorological
year weather file and actual historical weather data. The results indicated that typical
meteorological year weather file based on the novel approach offees pedtliction (with
statistical significance) on energy performance for climatic locations with wider temperature
range. As a result, the suggested method avoids potential under/oversizing of equipment and

promotes energy conservation.

2. General circulatin model (GCM) data considering various climate change scenarios based on
sociaeconomic, population, land use, technology, and policies are used to provide information
about future climatic condition. However, there are two primary challenges in agplichtilata

for building simulation:

i. Bias in the models: considerable deviation can be found when the historical GCM

data is compared to station observed weather data.

il Inadequate resolution: GCM data has daily temporal resolution rather than the

hourly resolution required in building energy simulation.

In order to use this data for simulation purposes and better predict future building performance,
further processing is conducted. A statistical {masection technique, known as the quantile
guantle method, is applied to remove the bias in the data in order to adapt GCMs to a specific

location. The study then uses a hybrid classificategression (KNearest Neighbour Random

iv



Forest) machine learning algorithm to downscale the dpascted GCMlata to generate future
weather data at an hourly resolution for building energy simulation. In this case, the hybrid model
is structured as a combined model, where a classification model serves as the main model together
with an auxiliary regression modfdr cases when data is beyond the range of observed values.
The proposed workflow uses observed weather data to determine similar weather patterns from
historical data and uses it to generate future weather data, contrary to previous studies, which use
attificially generated data. However, in cases where the future GCM data showed temperatures
ranging outside of the observed data, the study applied a trained regression model to generate
hourly weather data. The current study suggests a workflow that cappbed to global and
regional models data to generate future weather files year by year for building simulation under
various scenarios and, consequently, extreme weather characteristics are preserved for extreme or

reliability analysis and design optipation.

In addition, a novel method is introduced to find building design solutions under uncertainty of
weather variation and climate change. The design options are architectural and envelop features at
different levels. A full factorial design of expermt is used for largecale simulations and
training deep neural network surrogate models to assess energy performance of design alternatives
under multiple future years under various climate change scenarios. The method with application
of a novel perforrance indicator is applied to explore design space and find the design solutions
that most probably contribute to meet building energy performance targets over the project's

lifespan.

This workflow takes into account the effect of weather variation undeouws climate change
scenarios and suggests several design solutions that can be offered to stakeholders, architects,
engineers, and thirgdarties including insurance companies. This way, design alternatives can be
compared, and designs with a higher @atabty of success can be selected as a final solution. In
addition, policymakers can use the results and the suggested workflow to adopt and update
national and provincial building energy codes such as National Energy Codes of Canada for

Buildings (NECB)in line with the national policies following the Paris climate change agreement.
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Chapter 1. INTRODUCTI ON
1.1 Problem statement

Building energy simulation is commonly used to evaluate the energy performance of the buildings;
the process is conducted to either support decision at the design stage or to quantify the possible
energy savings when energy efficiency strategies are segpppmbe assessed to retrofit an existing
building. However, in many cases of enegjficient buildings, the predicted performance
deviated from measured data considerably. In fact, such deviation has bednougiented for

quite many LEED certified blding [1-4].

A major reason for such discrepancy between predicted outcome and the actual energy
consumption is due to uncertainty in the simulation inputs as suggested by Hopfe et al. [5]. For
building energy simulation, uncertainty is resulted frimee sources of physical uncertainty
design uncertainty, and scenario uncertainty including internal heat gain and weather condition [5
,6]. For instance, internal gains such as occupancy and plugtdeamxn outside the environment

and weather conditiomake up the major energy consumption of a building. Therefore, the natural
variation of occupancy and weather condition is ignored either by simplification or assumptions
during the simulations which might lead to a considerable actual performancéotefvaah what

it was expected at the simulation sta@ne source of input uncertainty is weather data
representing the climate condition. In order to predict the-temg performance of the buildings

with energy simulation, modellers commonly use a sinigipical Meteorological Year (TMY)
weather data file which supposedly represents the climatic conditions. The single weather year file
is composed of hourly resolution data from the most 12 representative calendar months of 30 years
which are selected bed on statistical similarity to loatgrm weather daikaveraged data. These
weather files are synthetically constructed on historical weather data over a long period of time
for an array of weather parameters, such as solar radiation, temperaturspeeddand others.

The statistical procedure to construct the weather files depends on the weights assigned to these
weather parameters. Under current practice, these weighting factors are universally assigned
regardless of climatic locatisnnor the buildig application.This approach leads to energy
performance predictions that deviate from the largn averages. Nevertheless, the single
weather file ignores the variation in building energy performance resulted from natural weather

variation.



The uncerinty due to natural weather condition variation might become even more critical when
the longterm superimposed effect driven by human and anthropogenic factors are added to natural
variation. The greenhouse gas concentrations and aerosols loadingdareftttors contributing

to this longterm effect, also known as climate change. From thetwedties century, it is
observed that human activities, majorly energy, has been the dominant cause of this eBange [7
Over the same period, higher latitudesluding Canada have been effected greater compared to
other regions. Generally, historical data show that Canada experienced a warming rate as much as
twice the global mean, and this has been triple in northern Canada [9]. According to the
information pesented by The Fifth Assessment Report of the Intergovernmental Panel on Climate
Change (IPCC) Working Group | [8], over the period of 1880 to 2012 the global temperature has
increased about 0.85 °C. A Canadian study calculated an annual temperatioe I&enajor

cities in Canada over the period of 1900 to 2013. For Montreal, QC, the average annual
temperature rose about 2 °C which 1.4 °C occurred in summer and 2.7°C in winter [9]. The main
reason for such major effectsspposediyhe global systemfavind transporting warm air from

the highly solatheated equator to the higher latitudes which is called the general circulation of the
atmosphere [8].

Typical meteorologicalyear data (TMY) is widely used for assessment of building energy
performance;he main problem with TMY is that it cannot be used for extreomglition analysis

and varying weather conditions. Knowing that building energy performance considerably
influenced by weather condition, building energy performance can be significantly el grater

the effect of climate change&nder the effect of climate change, a major challenge is that the
decisionmakers including designers, investors, and engineers of the project cannot select the best
design solution because they cannot foresee the consequence of uncertain eventstthia affe
payoff of each design solution. In fact for the owners of the project, an insight into the success of
the sustainable project is quite necessary which is ignored in typical building energy simulation.
On the other hand, isisuggested to use desiguilderintegrated design method of delivery for
high-performance energy buildings as a strategy to reduce the capital cost while to make sure the
target level of energy efficiency will be met [10]. In this method, the builders collaborate with
designerdrom the early stage and the deslgrilder team is legally responsible for the actual

performance of the higpherformance project. Therefore, every possible design solution together



with the probability of the success of the project should be includén ianalysis of the design

stage.

Although the climaticonditionvariationis not reducible, the building dgn can be improved
such that it meets the design goals with certain level of confidence which itself requires introducing

additionalperformane indicatordo help decisiormakers to properly choose a design solution

1.1 Objectives

The objective of this research is to develop a workflow to support decrsakimg for the design

of a sustainablebuilding accounting fonatural weather variation arttie longterm effect of
climate change. This workflow should be practical and sensible to deaisikers including
building energymodellers building engineers, architects, and investors. It should provide a
comprehensive information about the poterdegign optiongprocessing future weather dagad

the outcome of each design solution together with the suggested design solution. Meanwhile,

machine learningan be used to speed up the lasgale simulation.

The workflow employs aovel approach cosidering the variation in weather to minimize the
deviation of actual building energy performance from what is expected at the desigTkiage.
approachprovides the designers a means to differentiate designs not just on the predicted
performance but othe probabilityin achieving the performance target. The proposed workflow
should have the following features:

A Considers the effect of future climate

The future weather condition is represented as scenarios wiadhearesults derived from a
variety of parameters such as the economy, population, technology, and corresponding emission
scenarios. A range of future climate change effect with acceptable resolution should be considered,
at least fo the next 30 years.

A Considers a large scale range of building design options:

As a strategy to mitigate the effect of climate change, a large range of design options including the
architectural properties such amdow-to-wall ratio andbuilding enclosure parameters bugs

insulation levelsolar reflectance etshould be considered in the workflow.



A Provi des -tgrmrdjeatisucdesst y of | ong

The probability of success associated with each design combination over the lifespan of the
building should be presited.

A Suggests the solgiens appropriate design

From the energy performance point of view, the most acceptable range of design options should

be suggested for final decision making.

1.2 Outlines of the thesis

This thesis reports the authoros effort to de\
building under a longerm outdoor environment condition, namely, the natwesthervariation

andclimate change.

The second chapter is an overview & turrent building simulation approaches and the methods

to process climate change data for building energy simulation.

In the third and fourth chapters, buildings' energy performanitevarious design combinations
aresimulated with actual historical \&ther years to assess the variation of performance under
natural weather variations. The simulation results are also compared with the simulations with
Canadian weather year for energy calculation (CWEC) to investigate deviation of the CWEC from

actual yees and CWEC applicability to represent letegm energy performance.

In the fifth chapter, a novel machine learnimased method is introduced to reduce the deviation
of CWEC from the actual yearo0s energy perfor
algorithms to systematically find nemniversalweather parametergeighting factorgequired in

constructing a typical meteorological year.

In chapter six, a preliminary study of a building with multiple design combinations under an
extreme climate change scenario is conducted to investigate how building enclosure design
parameters can potentially mitigate the impaatveather variation andimate change. Since this

is a preliminary study, a simple downscaling method is used to construct future climate change

weather years.



In chapter seven, a novel machine learriiaged methodology is introduced to process climate
change data for buildingnergy simulation. The study deploys machine learning algorithms to
downscale climate change data to be used for building energy simulation. The method captures
both the intensity and frequency of climate change data; therefore,pbtamtiallybe alsoused

for extreme condition analysis.

In the eights chapter,reovelmethod is introduced to improve the building energy performance of
building undemveather variation anthe effect of climate change. The study uses simulation and
datadriven models to erde architects, engineers, and decisiakers to find the design

solutions to meet the targets with the most probability of success under climate change.

Finally, chapter nine concludes the thesis report and explains the future work of the research.



Chapter 22OVERVI EW ON CBRREMNTIQE BUI LDI NG ENERGY

SI MULAT,ICOMSI DERATICAN MM E CANIMATE CHANGE
Simulation programs use building characteristics and environment conditions data as input to
predict building energy performance. Thasguts include envelope and architecture properties,
operation schedules and occupancy patterns, as well as outdoor climate conditions. Some inputs
such as occupancy and climate conditions are stochastic but are used in a deterministic manner
with assumptins and simplificationan example isising a single weather year data representing
a climate condition. Depending on the | evel o
he/she wants to consider the uncertain parameters, different approachesusaa lbo conduct
simulations which are explained in section 2.1. One significant source of uncertainty in input
values is the outdoor environment including climate condition and climate change which can be
addressed through introducing them as weatheridptts to simulations; the latter are explained

further in sections 2.2 and 2.3.

2.1 Building energy simulation approaches
Generally, in engineering numerical simulations two approaches are applied:

1. Deterministic approach: Deterministic models expect single outcome where the
inputs are assigned with single values to model, and the same outcome is expected with the
same set of input values as the model is executed again.

2. Probabilistic approach: Probabilistic models t@& into account the uncertainty of
models by defining a random experiment in which outcome varies in an unpredictable
manner when the experiment is repeated for the same design. Probabilistic models result

in a stochastic outcome where inputs are assigitbdprobabilistic functions.

Deterministic models are simplified models which ignore the inherent variation and uncertainty of
input parameters and outcome might not reflect the uncertain reality. The advantage of this
approach is a faster and most&raghtforward performance. However, in building energy
simulation, most inputs affecting energy performance are stochastic in nature and stochastic
outcomes should be expected. Probabilistic approach in conducting building simulation can be
used in differenapplications including the hygrothermal performance of building enclosure [11]

and in building energy performance at design-142, calibration [1516], and retrofit [1718]



stages. The probabilistic approach is tioemsuming as it is required to be rafsa so many times

and preprocessing and pgsbcessing might also be required. However, when the case study is a
high-performance building, the decision makers might be interested to see more reliable designs.
The goal of a probabilistic approach in kaaing building energy performance is to minimize
uncertainty in predicted performance by offering designers and building owners the probability of
occurrence at each performance level. In other words, the probabilistic approach enables designers
to consder the probability that the buildings will perform at the very least the predicted
performance at the design stage if not more in actual operddioa. important source of
uncertainty in building energy performance is the uncertainty due to the natatbkweariation

and climate change that are considered in the system as weather year files as input in simulations.

2.2 Adopting typical meteorological year data (TMY) toconsiderclimate condition

A typical meteorological year weather file, supposedly repitesse the climatic conditions, is
commonly used as an input for building energy simulation to predict thetdomgperformance

of the buildings. These weather files are synthetically constructed on historical weather data over

a long period of time (usugl30 years) for an array of weather parameters, such as solar radiation,
temperature, wind speed, and others. The weather year consists of 12 representative months of
different years from historical hourly data based on statistical resemblance. Thecatatis
procedure to construct the weather files depends on the weights assigned to these weather
par ameters. Under current practice, these we
judgments, regardless of climatic locations. Previous literatureatedi that such an assignment

approach leads to energy performance predictions that deviate from theronaverages.

Usingdata analytic techniques, nomiversalweighting factors can bechievedn order to reduce
the resulted energy performance @dwans from expected values for different applications which

is addressed in chapter 5 of this study.

Other than the typical meteorological year data that represent the historical weather condition,
future weather files caalsobe introduced to simulatioprograms in the format of weather files

to consider future climatic conditions.



2.3 Considering dimate changein building simulation

The concentration of greenhouse gases in the atmosphere reduces the amount of energy radiating
back to space. In the lasvo centuries,t is generally believed thatuman activities have
contributed to an increase in the production of greenhouse gases emission leading to global
temperature rise which is also known as global warming or climate clighgdthough some

natuml factors such as volcanic eruption partially release carbon dioxide to the atmosphere, they
play only a minor role in climate change. Therefore, anthropogenic factors are expected to continue

making up a major reason of this effect in the fufBte

These activities are projected by possible future scenarios which are related to social, economic,
and technological states and corresponding radiative forcing (the difference between absorbed
insolation by earth and energy radiated back to space in theofoimrared radiation). In the
previous versions of Intergovernmental Panel on Climate Change (working group 3 and 4),
scenarios were presented as Al, A2, B1, and B2 [19] which were replaced with Representative
Concentration Pathways of RCP 3\8m?, RCP4.5W/m?, RCP 6W/m? and RCP 8.3W/m? in

IPCC working group 5 [8]. The numbers after R€Bsiefrom the relative difference of radiative
forcing at the end of 2100 compared to just before the industrial revolution (1750ap83. 2.1

explains the sociooenomic, and biotic condition under each scen@@j.

Table2.1: Explanation each scenario in case of future socio economic, and biotic conf#ipn

RCP Explanation

Global CO2 emissions peaks by 2020 and then reduce to about zero by 2080.
Concentrations in the atmosphere peaks at 440 ppm keenitiry and then starts reducing.
World population peaks to 9 billion in the migntury.

26 Global economy highly grows.

: Oil consumption decreases whereas other fossil fuels consumption increases. Bio fuel consumption is high ani

renewable energy increases but still remain low.
Cropping area increases faster and animal husbandry become more intensive.
Deforestation continues dte current rate.

Global CO2 emissions peaks by 2050 with 50% higher than that it was at the year 2000 reducing
continuouslyfor 30 years and then remains constant at about half of what it was at the year 2000.The trend of
concentration continues tB070 at about 520 ppm and continues with lower slope afterwards.
45 World population and economic moderately grows with slightly lower than that in RCP 2.6.
' Energy consumption would be higher than under RCP 2.6 and oil consumption remain constant tilbfloe ety
whereas use of nuclear power and renewables increase.
Cropping area considerably decreases whereas reforestation increases.

Global CO2 emissions double by 2060 then significantly drops but still above the current level.

The concentrationontinues increasing, reaching 620 ppm by 2100.

World population reaches 10 billion. Compared to other three scenarios, the economy growth is lower.
6 Energy consumption reaches a peak at 2060 then reduces to the level under REIP22.@0.

Oil consumptdn keeps at high level while biofuel and nuclear power will be less than other scenarios.

Cropping area remains at the current trend and natural vegetation would the same as under RCP 4.5.




Global CO2 emissionontinuouslyincreases to reach 30 gigahes of carbon in the year 2100 in
comparison to 8 gigatonnes in 2000.
The concentration rapidly increases to 950 ppm by 2100.
World population reaches 12 billion by 2100.

8.5 The economy growth would be similar to that under RCP 6 however, the incone®iaping countries will be

: significantly lower.

Energy consumptionontinuouslyincreases to 3 times the current level.
Oil consumption significantly increasastil the year 2070 before a deep decline afterwards. Coal will be highly u
to provide theequiredinclined energy consumption.
Cropping area increases while the deforestation continues.

General circulation models mathematically simulate atmospheric, oceanic, and biotic interactions
and combine them with radiative forcing scenarios to evathatéuture climates. GCM models
consist of grid cells resulted from latitude and longitudinal divisions, in which, the meteorological
data are calculated IR General circulation models outputs have a course resolution namely, a
spatial resolution of lger than 100 km * 100 km and usually a temporal resolution of-daily
average. Whereas, hourly meteorological data is required for building energy simulation.
Therefore, further process, called downscaling, is required to have finer resolution data. @ependin
on the availability of resources and expertise, two main approaches are used for downscaling,

dynamical, and statistical.

2.3.1 Dynamical downscaling

Dynamical downscaling requires an additional computationally intensive physical process which
is conducted foa specific region using regional or local climate models. This method is applied

in literature to project climate change on future weather condition used for building energy
simulation. Kikumoto et al. [ used GCM data as initial and boundary conditionregional

climate models namely, Model for Interdisciplinary Research on Climate (MIROC) and the
Weather Research and Forecasting (WRF) to construct the future weather data from 1931 to 1935
for a Japanese climate. Their energy simulation for a detaebiléntial building showed a 15%

increase in building sensible load compared to the year 2007.

Burger et al. [3] assessed the effect of climate change on cooling and heating demand of an office
building attributed to three epochs namely, built: befdforld War |, after World War Il, and

from 2000 onward in Vienna, Austria. They used REMO UBA regional climate model to
dynamically downscale A1B climate change scenarios with the resolution of about 10 km * 10
km. They evaluated the results for two tifn@mes of 20112040 and 203&065. In one case,



their result showed a 41% increase in cooling and a 56% decrease in heating load compared to the
years 19641990.

2.3.2 Statistical downscaling

This approach relies on the availability of observed weather datzaanuk used for all scenarios

of climate change while it provides postale climatic variables; in addition, it can be applied to
regional and /or global models. In statistical approach, a critical assumption is stationary which
means that, while the dtiate changes, the statistical relations among the meteorological
parameters data remain constant over tinde2f]. Statistical downscaling is categorized into
three main groups of linear methods, weather classification, and weather generators. Linear
methods including the delta method (also known as morphing) are easy to use and are widely used
in previous studies. In morphing, a changing factor is directly applied to the observed data to
calculate future data. This method is used to predict the futumatelicondition of American
climate [6-29] Canadian climate3-31], Swedish climate [3-33], Spanish climate [§, Italian

climate [3], and British climate [8].

Weather classification relates a class of future weather pattern to a local observed anettihe

future weather data are synoptically selected from the observed weather data. In this method, the
effect of climate change is estimated by evaluation of the frequency of the change of weather
pattern parameters from GCM output; moreover, itssiad that the characteristics of each class

will remain constant [3-38]. One challenging issue of weather classification may be dealing with
unprecedented increasing weather variables such as temperature which is quite significant in

building energy péormance. This issue is addressed in chapter 7.

Tian and de Wilde [g investigated the use of climate change projection for building energy
analysis for a British climate using statistic reduction (Finklesseinafer) applied to the output

of a weathegenerator for three different climate change scenarios. For the statistical method, the
CDF of the temperature and radiation with equal weight was used to project climate change for
the 2020s, 2050s, and 2080key used a linear metaodel develped withhistorical weather as

a tool to apply energy efficiency measures to reduce the effect of climate change

Weather generators are used for temporal downscaling; these statistical models generate numerous

possible timeseries weather variables using the satatistical characteristics such as correlation

10



coefficient of severayears historical data applied to the GCM models output. In addition, the
relationship between predictor and predictand is critically assumed to be stationary from the time
point of view [40]. In fact, the data generated from the generators are different from the observed
data and only keep the statistical characteristics of the observed data. Among the weather
generators, only a few are able to consider the relationship between therneaments when
multiple variables are predictedg]2 In addition, these weather generators are able to generate

only a few weather parameters such as temperature and solar radiftion [4

2.4 Summary and research direction

Building energy simulation whithas beensed for design decision making of new buildings, and
energy performance assessment of existing buildings requires hourly weathehelatarrent
practice is to use aingle typical meteorological data which is statisticallyestdd from the
historical data insimulations. This approach, although provides a faster process in decision
maki ng, doesndét capture the variation of ener
weather. Moreover, because of the effect of climate change, the anergy performance of the
building might significantly different from what is expected if historical data is used at design
stage; therefore, future climate change weather data should be used for energy simulation
especially for the higiperformance hildings. By reviewing the previous literatunelated to the
subject of climate change and building energy performanisefound that most of the literature
targets were quantifyinthe effect of climate change on building energy performance of existing
buildings; therefore, their methodologiéscused on quantification of loAgrm effect of climate
change on building energy performance in the form of long time fraBmse conclusions are

summarized below.

2.4.1 Future climate changeconsideration

Most of the studies focused on owlye future climate change scenario (the most extreme global
warming) while, other scenarios are ignored. Tlespartially due tathe lack of weather da
becausenost GCM models provide only one or two climate changeates.In addition,all the
previous literature used a single weather year as a representative of a long penedusually

two to three decades); although single representative year provides a holistic vision of energy
perfor mance, eithte natulevariationt of tbahpch might be quite significant

11



Using GCMs providing data for all scenarios and considering natural variation can be promising

for better building design solutions.

2.4.2 Downscaling techniques

Statistical downscaling isomputationally inexpensive and is able to capture the statiale
climate information therefore, it seems an efficient promising way to capture the effect of climate
change for building energy simulation at the design stage of sustainable ptdmeeser, he

linear method of temporal downscaling (morphing) largely usegravious studies [236]
althoughis easy to use and seem practical for longirame weather data construction, may not

be suitable to capture extreme eveatsthey only add theean future temperature rise to all the
observation hourly datdhis mightseem appropriatehen longterm frames are constructed but

not suitable whea yearby-year evaluation is required; because this makes all the historical data

warmer, while in relgty there might be some colder winters in the future.

In addition,the complicatedveather generatorssed in the literaturg89-41] generate hundreds

of possible future eventbor a given time period undesach scenarjotherefore, they are
computationdy expensiveand this makes pogtrocessing aextremelytime-consuming stagé\

novel weather classification method could be an efficient way to downscale the data with a
potential for yeaby-yearsimulation weather files creatipthe subject imddresed in chapter 7.

Once the future weather data are processed, multiplebyegrar simulations introduce logical
randomness to the approach then, the energy performance of various design options can be

assessed using a probabilistic approach based oargxsen

2.4.3 Design solution to mitigate the effect of climate change

At the design stage of the buildings, the decision must be made under uncertain future.situation
Building design solutions under climate change suggested by previous studies were higlly rela

to the method of climate changata processing arssessmenMo s t previous stud
consider all the climate change scenasos d t hey di dndét suggest desi
effectin a comprehensive studyn most studies, a singlepiesentative year was used to show a

couple of decades' climatic conditions. Therefore, finding the design solutions methodology was
limited to optimizations without considering the fluctuations and variations resulting from the
weather's natural variatiorA novel method to select the design variable that meets the

requirements with a high probability of success under different climate change scesmasetect
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those designthatmeet the energy efficiency levels most of the tifiiee methodcanpotentially
apply multiple constructed future climate change weather files under different scemaados
predict multiple design options' energy performance under the future clinaigchine learning
algorithm can be trained on simulation output to effdy find the design solutions that reduce
the building's cooling and heating demavtiile keepng the performance under different climate

change scenario$he methods addressed in chapter 8 of this study.

Before the effect of climate change arketa into account, preliminary studies are conducted to
evaluate the natural variation of weather on energy performance of building with various design

parameters in cold climate which is explained in chapter 3.
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Chapter3. THE EFFECT OF WEAMTUREAR. VARI ABIUODN DONNG ENERGY
PERFORMANGPBER VARENMWESLOPSI GN

Weather conditions account for a major source of deviation between simulation results and actual

energy performance of buildings. Typical meteorological year (TMY) weather data are commonly

used to evaluate building energy demand at design stage. Howeokrlata might overestimate

or underestimate the energy demand of buildings considerably depending on the building designs.

Also, TMY does not capture the yearly weather variations which is important for evaluating the

potential energy savings and penedtifor specific energy efficient measures in the longThis.

chapter aims to provide a better understanding ohtiteral weather variation on building energy

performance and the effect of building design to reduce the corresponding performancervariati

of climate conditions. The studiso investigates the deviation of results of simulations with

Canadian weather year for energy calculati@WEQ from the simulations with multiple actual

weather yearsor multiple design combinations in Montreal.

This chapter wagublishedin Energy and Buildingsyolume 145, Pages 28292 M. Hosseini, B.
Lee,S. Vakilinia, iEnergy performance of cool roofs under the impact of actual weathér @ata
Elsevier Ltd.2017

3.1 Introduction

The actualweather conditiorvariationsuch asvariation insolar radiation, ia temperature, and

wind speed affedhe performance of the building considerably. Hence, the idea of using a single
representative weather year was formed to generalize long term weather conditiopefaifia s
location. Typical meteorological year (TMY) and weather year for energy calculation (WYEC)
weather data are commonly used to evaluate building energy consumption at design stage.
However, these data, while typical as they are intended to be, taincgears, they might
overestimate or underestimate the energy consumption of the building and this can have a great
impact on predicting the amount of energy saving obtained from building energy efficiency
measures. The impact of -3@ar actual weathatata on HVAC source energy use, total source

energy use, peak electric demand, peak electric demand reduction and energy savings is
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investigatedin a previous studyl]. The impact of weather on the lotgrm performance of
buildings is also evaluatdidom a life cycle perspective [2Since TMY or WYEC are not taken
into account extreme weather conditiord; [actual data are suggested for building design,
especially when the building solutions are strongliugriced by weather conditions [4

3.1.1 TMY vs. AMY

Other literatures compared the long term mean energy consumptions of buildings according to
building codes using actual years with what estimated by simulation using typical meteorological
data. Hong et al.2] compared longerm actual meteorological ges (AMY) simulation from

1980 to 2009 with that of TMY3 for three types of office buildings according to two energy
efficiency codes namely, ASHRAE Standard 90.1, 2004 and ASHRAE Standard 90.1, 2010,
across 17 ASHRAE climate zones; Their results showetdrirmost cases TMY3 underestimated

long term annual energy consumption of the buildings where in one case the deviation amounted
to19%. They concluded that energy performance prediction based on TMY3 weather data is not
necessarily representative oétaverage energy use over a long period, and it can be significantly
higher or lower than that based on the AMY data. In addition, they suggested that the impact of
weather is greater for buildings in colder climates than warmer climates. In anotherystngy,

et al. b] conducted building energy simulation for office buildings in the five Chinese climate
zones namely severe cold winter, cold winter, warm winter, hot summer and cold winter, mild and
hot summer, using AMY from 1971 to 2000 to compare thg kerm energy consumption mean

with that simulated using TMY. They found the deviation came with a mean bias errors ranged
from 1T4% in Guangzhoumaarmsquéréerroranfron® 2 i) Hambigtoa% d r o

in Guangzhou.

This study investigates ¢hlong term performance of various roof design combinations and
compares the mean long term energy performance simulation from the year 1960 to 1989 with the
predicted energy performance of a typical meteorological (@&/EC). It demonstrates the
impactdue to the variation of weather on energy performance of buildings based on historical data

and identifies optimal roof designs
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3.2 Methodology

A large scale simulation considering various roof designs in the case of solar reflectance and
thermal resistancare conducted with actual historical weather data and a typical meteorological
year. For each design combination, the deviation of the results with the typical meteorological year
from the actual years are then calculated. The following sections desowii@dtorical weather

data are collected and imported to simulation program.

3.2.1 Weather data

Canadian Weather Energy and Engineering Datasets (CWEEDS) is a set of hourly weather data
for different locations in Canada [6]. Depending on the location (statiatdsets include the
weather data necessary for urban planning and energy efficient buildings between the years 1953
and 2005. Canadian Weather Year for Energy Calculation (CWEC), a variant of TMY and Weather
Year for Energy Calculations (WYEC) [7], isngle typical meteorological year including twelve
statistically selected months from CWEEDS. The selection is carried out by a comparison of
cumulative density function (CDF) of the monthly meteorological data such as solar radiation,
outdoor air tempetare, and wind speed for long term (usually 30 years) dataset. In this study, the
station of Montreal Trudeau international airport with station identification number 94792 was
selected to investigate. For this station, the months of CWEC are ddiectehe years 1960 to

1989 BJ]. Table3.1 shows the corresponding years of each month of CWEC for the weather station.

Table3.1: Corresponding years of CWEC months Montreal airport weather station

Month | Jan | Feb | Mar | Apr | May | Jun | Jul | Aug | Sep | Oct | Nov | Dec
Year | 1966|1970| 1961 | 1979 | 1971 | 1970| 1977 | 1978| 1979 | 1986 | 1984 | 1978

There are a few hours in some of the years of CWEEDS dataset that solar radiation data is missed,
especially the first few daylight hours thfe morning; to fill in the blank points, interpolation is
conducted to estimate the missing datae weather year files are then constructed with a weather

file creator tool for the simulation purpose.
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3.2.2 Weather file creator

Elements 9] a free opersource software tool is used to create weather file for energy simulation.
Elements enable users to create weather file in the formats of2Z0in, .fmt) and EnergyPlus
(.epw). A special feature of Elements is that some of the weather parameters witubeteal
automatically according to psychrometric chart as there are rational relations among some of the
meteorological data; for example, wet bulb and dew point temperature can be calculated with dry
bulb temperature, atmospheric pressure and relativeditynin addition, global solar radiation

is calculated with normal and diffuse solar radiation into Elements; moreover, wind speed and
wind direction are also included in the weather data (overall 10 weather pararAétar).
constructing the historicaleather years, the large scale simulations are conducted with multiple
historical actual weather years and the CWEC. For each design combination, the deviation of result
simulated with CWEC from the actual years are calculated which is explained inltarfgl

section.

3.2.3 Normalized root-meansquare deviation

The rootmeansquare deviation (RMSD) also known as rowansquare error (RMSE) is
frequently used to show the sample standard deviation of the differences between values predicted
by a model andhe actual measured values. The RMSD sums up the errors in predictions for
various times into a single measure therefor it is a good measure of accuracy, to compare
estimating errors of fferent models for a variable Q1. By analogy, for each design comdtion,

RMSD of annual energy demand resulted from CWEC compared to annual energy demand of

actuatyear is defined as the square root of the mean square deviation:

RMSD of CWEC can be calculated based on equ&ibn

RMSD (Ecwec) = 0 "YOD (3.1)

Where: MSE QO is the mean of the square of the errors and can be calculated from equation
3.2.

MSE (Ecwec) = - B O ©O (3.2)
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Where: Eis the annual heating, cooling, and total energy of each actual yeagi&the annual
heating, energy, and total energy resulted from simulation with CWEC, and n is equal to 30

representing the number of actual ywear

Normalizing the RMSD facilitates the comparison betweatagets with different scalesifj1
Common choice is the range defined as the difference between the maximum and the minimum

annual energy of the 30 actyadars simulations as equatidi3.

NRMSD= —— (33)

3.2.4 Case study

A full factorial simulation study is conducted to study the long term performance for a variety of

different roof designs and tlassociated deviation of CWEC prediction from actuedther years

in Montreal. The study is mostly focused on the deviation of results simulated with typical

meteorological data from long term energy performance of cool roofs considering the effect of

desgn variation namely, roof solar reflectance and roof thermal insulation level.

Since a bigbox building incurs a relatively large roof surface (as compared to wall surfaces), a
2299 nt floor area retail store prototypical building offered by U.S. Depantrof Enegy [12] is
selected as the case study. The building enclosure is modified according to the National Energy
Code of Caada for Buildings (NECB) 2011 8l. The design parameters are roof insulation and
solar reflectance of the roof. A parametriady of energy performance of the buildings of the
different design variations has been performed using JePlus, an EnergyPlus simdatgem

for parametric studies fil. For parametric study of each design variation, the CWEC weather data
are appliedogether with the actual weather data from 1960 to 1989. The results are 31 sets (based
on CWEC and the 30 actual years) of cooling, heating and total annual energy demand data.
Overall, 3906 simulations (14 roof insulation levels from 224Kitw to 15.4 n$-K/W with an

interval of 1 m-K/W, 9 roof solar reflectance levels from 0.1 to 0.9 with interval of 0.1, and 31

sets of weather data) are run using JePlus.

Since the focus is on roof performance rather than on HVAC system design, the energy demand
(heathg and cooling) rather than the energy consumption (considering the effect of HVAC system

efficiency) is investigated. Tab&2 shows the characteristics of the case study building.
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Table3.2: Building chaacteristics of the case study

Iltem Descriptions
General
Location Montreal
Building Prototype standalone retail
Form

Total Floor Area (square meter)

Building shape

Number of Floors
Windowto-Wall Ratio (WWR)

Thermal Zoning

Envelope
Exterior walls

Construction

R-value (n?K /W)
Roof

R-value (n?K /W)
Window

R-value (n?K /W)

SHGC

Foundation
R-valugm?K/W)

Air Barrier System
Infiltration

Lighting

Average power density (WAn
Plug load

Average power density (WAn
Occupancy

Area (nf)/Person

2299 (54.2m x 42.3 m)

1
25.4%on the south facing facade

Back Space

Core Retail

Point of Sale Entry Front Retail

SteetFrame Wallls:

Wood Siding + wall Insulation+1/2 in Gypsum Board

4.1

Built-up Roof:
roof membrane + roof insulation + metal decking
24t015.4

0.5
0.3

5.9

0.001024 ri's/n¥ of above ground envelope area

12.5, Core zone 36.2
3.2, Point of sale 21.5 and back space 8

6.2, back space 27.8
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3.3 Results and discussion

The results of the buildingbés annual heating,
for two different roof designs, one with solar reflectance of 0.9 and thermal resistance 6f 2.4 m

K/W (solid lines and curves) and the other with soldeothnce of 0.1 and thermal resistance of

15.4 n?-K/W (doted and dashed lines and curves) are shown in Féglire
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Figure3.1: Heating, cooling, and total demand of the prototypical buildingye&l's aaial weather data V.S.
CWEC for two designs. fAinso and Aref o represent in

FromFigures3.1.a,3.1.b, and3.1.c, generally there are larger difference between energy demand
simulated with CWEC and actual yearstoe first design with high solar reflectarosv thermal
insulation compared to that for second design with low solar reflectagbehermal insulation
However, this is not always trulgr instance, for heatingrigure 3.1.a shows that in 1987 which

has the minimum energy demand among all the 30 years, the difference is about 2% fdVh/m

the first design and 16 kWhfrfor the second design respectively; in contrast, in 1961which has
the maximum heating energy consumption among the thirty yeadifférence is only around 3
kWh/n? for the first design and 13 kWh#for the second design. Furthermore, in a few years
such as 1968, 1978, and 1989, CWEC overestimate the heating energy for the first design while it
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underestimates the heating energytfar second design although this inaccuracy is quite small
(around 1 KWh/rf)

As for cooling, generally, the Figure 1.b shows that the more insulation level and low solar
reflectance increases the cooling energy significantly. Moreover, with the first delsen
deviation between cooling energy simulated by CWEC and actual years is almost zero for the years
with the most cooling energy namely, 1973, 1975, and 1983; whereas with the second design the
difference increases up to round 6 kWhim1975. In addibn, in a few years such as 1970, 1984,
1987, 1988, and 1989 the cooling energy

Total energy is the summation of cooling and heating energy demariguke 3.1.c illustrates,

in some years such as 1960, 1964, and 1965, CWEC overestimates the toyatlemaegically

as a result of overestimation in both heating and cooling energy for both designs. In other years
such as 1972 and 1976, CWEC underestimates heating energy as much as it overestimates the
cooling energy consumption for both designs so thatdiscrepancies cancel out each other and

the total energy of CWEC would be very close to the actual year results. In another years including
1979, for the second design CWEC estimates the heating and cooling energy accurately therefore,
the total energgonsumption simulated with CWEC is very close to what simulated with actual
years. Unlike the second design, for the first design CWEC overestimates both cooling and heating
energy, consequently it overestimates the total energy in 1979. However, gehseaiys that,

the simulation with CWEC is much closer to the extreme events; nab®ély, 1972, 1976, 1978

for heating, 1973, 1975, 1983 for cooling, and 1961, 1972, 1976 for total energy. Unlikely, for the
second design, energy consumptions simulatil @VEC stands in the middle of the actual

years variation. Since different years represent various behavior compared to CWEC according to
design, deviation of energy simulated with CWEC from actual years for different design

combinations helps to havebatter understanding.

Figures3.2.a,3.2.b, and3.2c show the energy demand and normalized muedrsquare deviation

of CWEC for each design combinations of roof solar reflectance and roof thermal resistance.
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Figure3.2: Heating, cooling and total demand and normalized-nmeednsquare deviation of CWEC for different
roof design combinations.
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3.3.1 Effect on heating demand

As can be seen frofigure 3.2.a, heating energy demand of the buildingh@re influenced by

the level of insulation rather than solar reflectance. With low level of insulation, changing the solar
reflectance from 0.9 to 0.1 leads to a 12 kWAveduction in heating demand from 114 to almost
102 kWh/nt and this difference woulbde even much smaller (about 1IkWR)jrwhen high level

of insulation is used for roof. Increasing the level of insulation however, dramatically reduces the
heating demand of the building. For examgleanging the level of insulation from 2.4 to 15.4
m2.K/W results in a considerable heating demand reduction of 36 k¥dni27 kwWh/rfor high

reflectance (cool roof) and low reflectance (dark roof) respectively.

Meanwhile,Figure 3.2.a shows that deviation of CWEC from actual years, for higher reflectance
is just slightly bigger than that for lower reflectance. For example, for thermal resistance of 2.4
m2-K/W the heating normalized romteansquare deviation of CWEC is about 0.44 for reflectance

of 0.9 and 0.42 for reflectance of 0.1. Whereas, with roof theresistance of 15.4%#K/W the
rootmeansquare deviation of CWEC from actual years is 0.25 for both reflectance of 0.9 and 0.1.

For a constant level of solar reflectance, normalized-meezinsquare deviation of CWEC of
heating decreases significanths roof thermal resistance increases; however, this reduction will
not be influenced by changing the solar reflectance considerably. For instance, with solar
reflectance of 0.9 increasing level of insulation from 2.4 to 15K corresponds to reduotn

of normalize rooimeansquare deviation from 0.45 to 0.25 (0.2 difference) and similarly, for solar
reflectance of 0.1 these numbers change from 0.42 to 0.25 (0.17 difference).

3.3.2 Effect on cooling demand

As Figure3.2.b shows, for low solar reflectancea(l roof), the cooling energy decreases as the

level of insulation increases; lower solar reflectance increases the amount of solar radiation
absorbed by roof and makes the roof surface hot and this considerably increases the heat transfer
from outside tanside; therefore, extra level of insulation helps to prevent the heat transfer from
outside to inside of the building in warm days of the year. However, increasing the level of roof
insul ation doesnodot al ways r ed uane (coohreof) asteeer gy d ¢
of insulation increases, the cooling energy increases as well. This is mostly happens in commercial
buildings including retail stores where, because of high internal heat gain such as lighting, solar

heat gain through the windowsccupant, and miscellaneous load, inside temperature tends to get
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hot; because of low roof surface temperature, the most heat transfer is from inside to outside. In
these conditionmore level of insulation traps heat inside the building and increlasesbling

load.

Moreover, solar reflectance plays the dominant role in cooling demand of the buildiRigupes
3.2.billustrates, with low level of insulation (2.44K/W), changing solar reflectance from 0.9 to
0.1 drastically increases the coolingraind from 26 to 44 kWh/A{18 kWh/nt difference); even
with very high level of insulation of 15.4 %K/W, still the difference is considerable (5.5
KWh/m?).

By comparing Figur&.2.b and3.2.a, the normalized rooheansquare deviation of CWEC from
actualyears for cooling demand is larger than that for heating demand. In addition, for cooling,
design variation has a larger effect on deviation of CWEC from actual years. Solar reflectance
plays the major role also in cooling normalized rowansquare devigon of CWEC. It can be
observed that with a constant level of insulation, the cooling demand deviation of CWEC from
actual years is larger for higher reflectance designs (reflective roofs) compared with low
reflectance designs (dark roofs). For thermalstance of 2.4 fK/W, the cooling normalized
rootmeansquare deviation of CWEC is about 0.62 for reflectance of 0.9 decreasing to about 0.38
for reflectance of 0.1 (0.24 difference). Meanwhile, with roof thermal resistance of 15KAWn

the normalizedoot-meansquare deviation of CWEC remains at around 0.3 as solar reflectance
decreases from 0.9 to 0.1. Moreover, for a constant level of solar reflectance, cooling normalized
rootmeansquare deviation of CWEC considerably decreases as thermal insldaBbincreases

from 2.4 to 15.4 K/W for high reflectance (0.35 reduction) whereas it just slightly decreases

for low reflectance designs (0.15 reduction).

3.3.3 Effect on total demand

By using high solar reflectance design, reduction in cooling energgmttis larger than increase

in heating energy demand. In other words, cooling energy saving of cool roof is greater than the
heating penalty of that; this means a net annual energy saving of cool roof. For example, for low
level of insulation of 2.4 fMK/W, changing solar reflectance from 0.1 to 0.9 decreases the cooling
energy from 44 to 26 kWh/{18 kwh/nt) whereasit increases the heating energy by 12 kWh/m

, which implies 6 kWh/rhof net annual total energy saving for cool roof (FigBi&c). Thisis

because during winter in cold climates, the days are shorter, sun angle is lower, the sky is cloudier;
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which leads to less solar radiation available hitting the roof in winter. As the result shows, for
heating demand the insulation level plays the damtimole in roof design as less solar radiation

hits the flat roof in heating season, whereas in cooling season, solar reflectance plays the major
role in roof design. By comparing the results from cooling and heating, the importance of solar
reflectance verweighs the importance of insulation level in roof design. However, in terms of the
total annual demand, the best design combination is the low solar reflectance with high level of
insulation in cold climatesuch that itreduces the cooling demand inoting season while
decreases the heating demand in heating seasofigAse 3.2.c shows, the maximum total
demand belongs to the design with low reflectance (dark roof) with low level of insulation, and
the minimum total demand belongs to the design titih solar reflectance (cool roof) and high

level of insulation.

On the other hand, FiguB2.c shows that even though increasing level of insulation considerably
decreases rogheansquare deviation of CWEC from actual years by 0.3, changing solar
refled ance doesndt havuhtlattheroetaéan sqgliafeeeviatiororonCWEG a t ;
from actual years in worst case remains in the order of 0.55 with only a slight variation of 0.05 by

changing solar reflectance from 0.1 to 0.9.

3.3.4 Overall effect
Normalized rootmeansquare error only shows the amount of deviatlince it is a positive

number , it doesndét indicate overestimation or
time. Hence, by comparing the mean of the thirty actual year<OMtEC and also the difference

of CWEC and mean with standard deviation of the thirty yeare can determine the
appropriateness of applying CWEC for different desigmsong all the 135 designs the results of

6 designs are summarized in Table 3. The ssighs consist of: Design 1 with thermal resistance

of 2.4m?-K/W and solar reflectance of 0.9, design 2 with thermal resistance of?AW and

solar reflectance of 0.1, design 3 with thermal resistance ohBlk¥¢W and solar reflectance of

0.9, degin 4 with thermal resistance of 5#-K/W and solar reflectance of 0.1, design 5 with

thermal resistance of 15#4%K/W and solar reflectance of 0.9, and design 6 with thermal
resistance of 15.#>-K/W and solar reflectance of 0.1. Note that the levaisiflation for design

3 and 4 is based on national energy code of Canada for buildings (NECB, 2011).
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Table 33 presents the maximum, minimum, mean, variance, standard deviation, energy results

from CWEC and overestimation of CWEGH——-), for eah six roof design.

Table3.3: Statistics of energy demand of the building iny&ars V.S. CWEC for six different roof design
combinations

Design Numbe| Thermal resistance ~ Solar Max Min Max-Min Mean Variance Standard CWEC CWEC-Mean Overestimation (%)
(MKW ) reflectance deviation

Heating (kwh/m?)
1 24 0.9 119 93 26 105 42 6 114 10 9
2 2.4 0.1 108 82 27 93 40 6 102 9 10
3 54 0.9 101 76 25 86 37 6 91 5 6
4 5.4 0.1 9% 71 25 81 36 6 86 5 6
5 154 0.9 91 66 25 76 34 6 78 2 3
6 15.4 0.1 89 64 25 74 34 6 76 2 3

Cooling
1 24 0.9 27 17 10 21 9 3 27 6 29
2 2.4 0.1 48 35 14 40 12 3 44 4 10
3 54 0.9 35 24 11 28 9 3 32 3 12
4 54 0.1 46 33 12 38 11 3 41 2
5 154 0.9 40 29 11 34 9 3 35 2
6 15.4 0.1 45 33 12 38 10 3 39 1

Total
1 2.4 0.9 146 110 36 125 42 7 141 15 12
2 24 0.1 156 116 40 133 39 6 146 13 10
3 54 0.9 136 100 36 114 39 6 123 8 7
4 54 0.1 142 104 38 119 37 6 126 7 6
5 154 0.9 131 95 36 109 37 6 113 4 4
6 154 0.1 133 97 37 111 36 6 115 4 8

From Table 3B, for different designs, the difference between maximum and minimum heating
demand among the 30 actual years remains almost constant at around 25 kVimatter what
roof design it is; whereas, for cooling, solar reflectance has a considerable effect on this difference.
With low level of insulation (designs 1 and #)e difference between maximum and minimum is
smaller for cool roof compared to that fdark roof although increasing the level of insulation

reduces this difference.

As can be seen from Table33for heating, with low thermal resistanaegigns 1 and)2the
simulation conducted with CWEC deviates from the mean of thirty actaas considerably (10

kWh/n? or approximately 10 % overestimationyich that it is located out of the first standard
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deviation. On the contrary, with high level of insulatiolegigns 5 and)6heating energy of the

building simulated with CWEC is close the mean of the thirtyear simulations (2 kWh/fror

3% deviation). With a standard constant level of insulationr(6-&/W as suggested by NECB,
2011,designs 3 and)4, changing the solar reflectance fr
impact on deviation of CWEC from the mean of thirty actual years for heating demand (6%

overestimation for both designs), and both designs are within the standard deviation.

In addition, although more solar reflectance and thermal insulation reduces the cooling energy
demand of the building, it increases the overestimation of CWEC for cooling demand. As can be
seen from table 1, for design 1, the simulation result with CWE@riveyond the standard
deviation (by 6 kWh/rhor 29% overestimation), In other words, CWEC can underestimate the
cooling energy saving of a reflective low insulation roof by 29 %. Design 2 however, makes the
CWEC closer to the mean of thirjear simulabns yet, out of the standard deviation with 4
kKWh/m? or 10 % overestimation.

Moreover, as it is illustrated, with standard level of insulatd@signs 3 and)4although lower
solar absorption reduces cooling demand of the building, it increasesstivetion of CWEC
suchthat the difference between the simulation run with CWaa@ the mean of thirty years is
larger than the standard deviation. Whereas, lower solar reflectance decreases the overestimation
of CWEC yet, the simulation with CWEC fallsthin the standard deviation. This means that with
standard level of insulatipnrCWEC overestimatethe cooling energy of the building with

reflective roof by 12 % whereas it overestimatestfor dark roof by around 6 %.

Overall, Table 3 shows that, for heating, with a constant level of standard insulatesigns
3 and 4, the difference between the results simulated with CWEC and the mean of thirty years are
almost the same for cool roof and dark roof; while for the same condition, coolingy esfer
building with cool roof(design 3)s lower than what is expected from simulation with CWEC, in
comparison to what is expected from dark r@tEsign 4). Consequentlya higher energy saving

can be obtained in real life by an application of coof modhe long term
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3.4 Conclusion

A parametric study of energy performance of the buildings of the different design variations has
been performed. For each design variation, the CWEC weatheisdgplied together with the

long term actual weather dataiin 1960 to 1989. The mean performance of the 30 years is also
compared to that of CWEC for the different design variations to fully assess the appropriateness

of applying a TMY weather file to evaluate different roof designs with building energy simulation

The results show that, the best design combination is the low solar reflectance with high level of
insulation in cold climate. Moreovethe appropriateness in applying TMY weather data to
building energy simulation is highly dependent on the roof desighich can result in significant
underestimation or overestimation of the energy savings. Although using cool roofs instead of a
regular dark roof decreasthe predicted cooling and total energy demand of the builditig

TMY, the deviation between sh prediction and the mean energy demand as evaluated with AMY
weather data is also increased. However, such deviation is fairly small compared to the absolute
value of the total energy demand of a dark roof. It is only through this comparison of energy
peformance evaluated under TMY and AMY weather data, insight on the long term energy
performance of different roof configurations (notably cool roof and dark roof) can be obtained.
The result also indicates that a higher than predicted energy saving obatained in the long

term by deploying cool roof based on a conventional TMY weather data based simulation.
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Chapter4. THEAPPLI CABI LCAMADFYWATHEYEAR FOR ENERGY
CALCULAT{ CGWE,GHE EFFECT OWGBWDESIDEN ANE CLI MAT

The intended purpose of a singlear typical meteorological weather file is to assess the-long
term average performance, whiésregarding yeato-year fluctuations and extreme conditions.
This chapter aims to provide a better understanding ofajy@icability of current Canadian
typical meteorological year (CWEQ@9)r building different building design and under different
cold dimate conditions.The study explores design parameters that are seldom prescribed in
energy efficiency standards and codes but have great impact on cooling and heating energy
demands. The studied design parameters include wtolovall ratio (WWR), windev solar heat
gain coefficient (SHGC), floor construction (concrete or wood), and solar reflectance of exterior
walls and roof. These design parameters are applied to two different buildingdtypesll and

large office buildings, and two different climatocationsd Montreal and Vancouver, Canada.

This chapter is submittetb the journal of Urban ClimatéM. Hosseini, A Bigtashi, B Lee
AEvaluating the applicability of Typical Meteorological Year under different building designs and

climate conditions , 2021

4.1 Introduction

Typical meteorological year (TMY) data, is developed to estimate thetésngbuildings
energy performance or solar energy conversion systems performance through computer
simulations. Although the file is created to estimate the-teng average weatheiata, many
studies have found TMY data to be an inadequate representation when evaluating specific energy
system applications or building critefty, 2] . The methodology behind the TMY file generation
has also been found to play a significant role in re$8Jtd] putting into questin the reliability

of these files.

The artificial single year is composed of 12 typical months which contain actual hourly weather
data. Each month is selected based on the similarity to median weather conditions as a means to

best represent lorgrm weaher data. A variety of different file formats including International
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Weather year for Energy Calculations (IWIE&}) Typical Meteorological Year (TMYB], TMY2
[7], TMY3 [8], Test Reference Yed®], and Canadian Weather Year for Energy Calculation
(CWEC)[10] are readily available.

There are a few methods to generate the typical meteorological data including, but not limited to,
Sandia Nabnal Laboratory method, 11], the Danish metho®] and the Festa and Ratto method
[11]. A study conducted by Janjai and Degyidievaluated the three abeweentioned methods;

the statistical test results showed a minor difference between thtelongverage of the weather
parameters and the corresponding TMY generated from the different methods. The TRNSYS
energy simulation conducted for two solar watertingasystems and two photovoltaic systems
with varying sizes in four tropical climates showed a good agreement between the solar fraction
and electricity resulted from the TMYs and the average-teng data. The Sandia method is the
most weltknown and commonly applied method for generating TMY files. Individual months are
selected from the pool of available meteorological data, where the Cumulative Distribution
Function (CDF) is applied to each parameter considered for bothtsharand longerm daily

mean valuefl2]. The parameters considered gnedry bulb temperature, relative humidity, wind

velocity and global solar Irradiance, where the min, max and range are considered when applicable.

There have been many studies conducted on the effects of different typical weather year generation
method on simulated building performanfk 3, 13] as well as the impact for applications in
different climateg14i 21].

In an earlier study, Crawld®22] found an annual energy consumption variation between the long
term average and the typical weather year ranging between 7.0% and 11.0% for a simulated
prototypical office building while using different weather files for varying climatasely; TRY,

TMY, TMY2, WYEC, and WYEC2. The authors stated that an identical building model was kept
for energy simulation of all climates; furthermore, the older and/or lower energy efficiency
standards could contribute to higher amount of deviationerQOétudies have expanded their
research to include the effects of different typical weather years on different building design

aspects, such as daylighting, and energy system applicg2i&§.

Another study was conducted by Ebrahimpour & Maerdfpto assess the difference between
TMY files generated using different methods. The Sandia method, as wed Eeteonorm and

Weathergenerator software were used to generate TMY files which were subsequently compared
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to the longterm average measured data. The goal was to determine which generation method
would provide minimal difference to the logrm averageneasured data. The results show that
the Sandia method, as well as the data generated from Meteonorm, best met tmeeatioved

criteria.

Questioning whether a single typical meteorological year can properly represent the range of
climate conditions oer a period, Crawley & Lawrif24] suggested generating files by selecting
extreme climatic months to create an eXtreme Meteorological Year (XMY). Gu¢2S]applied

a similar concept, which they refer to as typical-year (THY) in order to assess the indoor

environment during extreme heat waves.

Yang et al[26] conductedh study where a typical office building was simulated for five different
climate zones in China using actual meteorological year (AMY) data from 1971 to 2000 to
compare the longerm mean to typical meteorological year results. The results showeneaat

square errors ranging from 3% to 5% between the AMY average and TMY. Furthermore, Hong et
al.[27] evaluated the impact of using-§6ar actual weather data for simulation in terms of HVAC
source energy use, total source eneigg, peak electric demand, peak electric demand reduction
and energy saving. They also analyzed the impact of weather on theetongerformance of
buildings considering three types of office buildings according to two energy efficiency codes
acrossl7AHBRAE <cl i mate zones. The study highlighte
extreme weather conditions or regular events was dependent on climate. However, the intended
use for TMY files are to represent typical weather conditions rather than exegants.
Moreover, building configuration, purpose and other design combinations were ignored in this
assessment. Their results showed that TMY3 underestimatedtelong annual energy

consumption of the buildings by 9%.

Cui et al.[28] assessed the lorigrm representation of a typical year by comparing it to-peath
actual weather data set for an office building simulated for 10 large ciiesing all climate
zones in China. Their results indicated that the typical year simulations overestimated or
underestimated the energy use and peak load in many cases, including 2.7 KWhénvo)

difference in cooling load in one case.

A study by Hoseini et al[29] evaluated various roafesigns for a Canadian cold climate, where

a variety of parameters such as roof solar reflectance and thermal insulation were considered. The
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results from the case study conducted on a single storey retail store office building indicated a
smaller deviatio between the CWEC and lotgrm average results for design with high solar

reflectance (cool roofs) and higher thermal insulation.

A majority of commonly used TMY files focus on the thermal aspects of the climatic environment.
Other studies have expandéeir research to include the effects of different typical weather years
on different building design aspects, such as daylighting and energy system appli@&]o8an

et al.[2] conducted an analysis on the impact of uglifferent TMY data files for daylighting
simulations.The study considered three different TMY data files (CSWD, SWERA and IWEC)
for four cities in China with varying climates. The study found little difference in results between
the different TMY data fés when static metrics, such as Daylighting Factor (DF), were
considered. However, when considering dynamic metrics, such as Daylight Autonomy (DA) and
Useful Daylight Index (UDI), a significant divergence was noted, indicating that the TMY
generation metid must be taken into account when assessing results of daylighting studies.
Similarly, Realpe et a[23] evaluated the application of various TMY datasets for Concentrated
PV (CPV) systems. In the study, five different TMY data files weneegated using the Sandia
method, two simplified drivers which solely considered Direct Normal Irradiance (DNI) and two
filtered drivers which took into account the characteristics of the CPV system. The study
determined that the Sandia method was noablgtfor simulating CPV systems, while driver

based files better represented the lemgn average for both monthly and annual cases.

As previously mentioned, most studies conducted on typical meteorological year data and the
impact of their generation rtteds utilize a single prototypical building set in varying climates. In
most cases, only the climate based building envelope thermal properties are considered; with the
exception of two studies conducted by Hosseini €f28l. 30] which evaluated the deviation of
results of CWEC from longerm average results of actual years considering a variety of roof
designs. However, variations inhet building properties such as WWR and window solar heat
gain coefficient (SHGC) are neglected. This paper evaluates the applicability of typical
meteorological year by considering building design properties, including WWR and SHGC, for
two office buildirgs located in two cold climate cities.
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4.2 METHODOLOGY

Building energy simulation is used to evaluate the applicability of the CWEC file in
representing longerm average energy performance. The lagge simulation involves a variety
of building designsun once with 36/ear actual historical data and once with CWEC. Design
options include WWR, window solar heat gain coefficient (SHGC), floor type, and wall and roof
solar reflectance, which equates overall to 16 design combinations, where each desigteparam

has two possible options.

The historical weather data of Montreal and Vancouver is extracted from the Canadian Weather
Energy and Engineering Datasets (CWEEDS). The dataset includes the weather data necessary for
urban planning and energy efficientiloling application for a period between the years of 1953

and 2014. The historical data is taken for a period ranging from 1960 to 1989 in order to compare
to the acquired Canadian Weather Year for Energy Calculation (CWEC) file. CWEC is a single
typical meteorological year which includes twelve statistically selected months. The selection is
carried out by comparing the cumulative density function (CDF) of monthly meteorological
parameters such as solar radiation, outdoor air temperature, and wind spgkeedangterm

average (usually 30 years) dataset.

The probability density function for the heating and cooling energy consumption overybar30
period is calculated for each design option. The averages of each distribution are then compared
to the reults from the single CWEC simulation for each design combination.

4.2.1 Case Study
4.2.1.1 Weather condition

Two cold climate Canadian cities, Montreal (QC) and Vancouver (BC), are considered in
this study. Generally, Vancouver has a milder climate and is classifiR@HRAE as zone 5,
whereas Montreal, which exhibits colder winters, is classified as zone 6. The ASHRAE cooling
and heating degree days of these two cities are shown inZabMancouver is overall cloudier
and, generally, has less solar radiation available throughout the year than Montreal4Bigure
compares the availability of solar radiation for both cities.
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Table4.1: HeatingandCooling Degree Days of the two studied cities

City HDD18 CDD10
Montreal 4603 1192
Vancouver 3157 853

Figure4.l illustrates a histogram plot of 30 years of dailyeraged horizontal solar irradiance for
Montreal and Vancouver. There is a greater frequenegloés exceeding 200 Whfor Montreal,

indicating sunnier skies for the region, in comparison to Vancouver.

12000 I:Vlontrea:l : 12000- : V:ancouvegr
11 . B S I o . e
E 8000 --------------------------------------------------------------- 8000- -------------------------------------------------------------
g 6000 Mo CTeJi (o] | TN ORI S U S —

o
= 4000 B -- -~~~ ---~--="r=--=nmenoopmoeenene ETTIE | TR S——————— S ————
21000 J e 2000 T e
0- i | | | ‘ 0- ; | ; i ‘
0 200 400 600 800 1000 0 200 400 600 800 1000
Global Horizontal Irradiance (W/m2) Global Horizontal Irradiance (W/m2)

Figure0.1: 30 years of hourly global horizontal solar Irradiance for Montreal and Vancbowerl961 to 1989

In this study, the stations selected for investigation are the MoiTinedéau International airport,
identification number 94792, and the Vancouver International airport, identification number

24287.

4.2.1.2 Building Properties
To evduate the effect of varying designs on the overall applicability of CWEC, a single

storey small office building and a -s2orey largeoffice building are simulated. The two buildings

are based on the US Department of Energy (DOE) prototypical office imysI(IDOE) with
associated EnergyPlus input files, which are publicly avail§Bld. The building envelops are
based on the level of efficiency measures set by the National Energy Code of Canada for Buildings
(NECB)[32]. The original building specifications are availabtehe DOE website, however, the

updated NECB specifications are summarized in TéRle
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Table0.2: Properties of the studied buildings

Building Prototype

Small Office Large Office

Floor Area (m2)

Building Shape

Number of Floors

Thermal Zoning

Floor to floor height (m)
Floor to ceiling height

(m)

Exterior Wall

Construction

Exterior Wall U -factor
(W/m2-K)

Roof Construction

Roof U-factor (W/m2-K)
Window
(W/m2-K)

U-factor

511

3567(46356 total conditioned)

12
(plus basement)

Perimeter zone depth: 4.5m.

Perimeter zone depth: 5m.

Each floor has four perimeter zones, one core zone ¢

Four perimeter zones, one core zone and an & one IT closet zone.

zone. Percentages of floor area: Perimeter 29%, Core 70%
Closet 1%

Percentages of floor areg@erimeter 70%, core ~ The basement has a datacenter zone occupying 28%

30% the basem floor area
3 3.96
3 2.74

Woodframe walls (2X4 16 in): 1in. Stucco + 5/i
in. gypsum board + wall Insulation+ 5/8 in.

Mass (precast concrete panel):
8 in. heavyweight concrete + wall insulation + 0.5 in.

gypsum board gypsum board

0.246 (Montreal), 0.316 (Vancouver) 0.246 (Montreal), 0.316 (Vancouver)

Attic roof with wood joist: Built-up roof:
Roof membrane + roof insulation + metal decking

0.183 (Montreal), 0.227 (Vancouver)

Roof insulation + 5/8 in. gypsum board

0.183 (Montreal), 0.227 (Vancouver)

0.39 (Montreal), 0.42 (Vancouver) 0.39 (Montreal), 0.42 (Vancouver)
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In this study, four primary design parameters were selected; witmoall ratio (WWR), solar

heat gain coefficient (SHGC), flooring and roof and exterior wall solar reflectance. The WWR is
the ratio between the total glazed area (window) and the exéen@iope wall area. The value
ranges between 0 and 1, where full window coverage is considered as being 1 or 100%. In this
study, the two considered WWR values are 0.8 and 0.2. The solar heat gain coefficient refers to
the characteristic of a window taatrsmit heat directly or indirectly into the building. The value

for the parameter is a fraction ranging from 0O to 1; the closer the value is to O, the less heat the
window transmits into the building. In this case, the selected values for SHGC are 0.32afwt
Montreal and 0.45 and 0.35 for Vancouver. The flooring types selected in this study are concrete
and wood. In this study, heavy weightrg@h concrete slab or wood were selected for the small
office building cases, while 200mm normal weight coteeoe wood were used for the large office
building cases. The exterior wall and roof solar reflectance represents the fraction of solar radiation
which is reflected back from the wall and roof. This parameter allows to reduce the overall
absorbed solar ergy. Thus, a roof or wall with a high solar reflectance will absorb less energy
and will be cooler than a regular wall or roof. The values range between 0 and 1, where light
colored surfaces which have high solar reflectance approach 1 in value, whie slafiaces
approach 0. In this study, the walls and roofs are assumed to have a solar reflectance of 0.8 or 0.4.

Each parameter assessed in this study has two possible values as summarizedti8. Table

Table4.3: values of ésign parameters used in the study

Windows
WWR Floor Roof and wall solar reflectance
SHGC
High Low High Low High Low High Low
Small office Montreal 0.8 0.2 0.4 0.32 Concrete Wood 0.8 0.4
Small office Vancouver 0.8 0.2 0.45 0.35 Concrete Wood 0.8 0.4
Large office Montreal 0.8 0.2 0.4 0.32 Concrete Wood 0.8 04
Large office Vancouver 0.8 0.2 0.45 0.35 Concrete Wood 0.8 0.4

The focus of this case study is to evaluate the applicability of the CWEC file for a variety of
building designs rather than for HVAC system design, therefore, the efficiency of the HVAC

system is kept constant among different building designs.

PythorEnagyPlus (EPPY) package is used for the lasgale simulation. Each of the 16 design

configurations is run with 30 actual historical year and the CWEC weather files. Overall 496
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simulations were run for each building typlecation. The results for the CREDS actual years

are then compared to the CWEC results.

4.3 Results and discussion

After conducting the simulations, the outputs are processed in order to be analyzed. For each
design option, the probability density function (PDF) of they8@rs cooling and heating energy
consumptions are calculated, and the mean is compared to thgpooling results from CWEC.
Figures4.2 to 45 show the results for each building located in each studied location. SHGC
represents the solar heat gain coefficient of the window, F stands for the floor type which can take
the characteristic of concret€)(or wood (W), and REF stands for solar reflectance of the exterior
walls and roof. The dark blue shows the distribution of the-tenm cooling, the light blue line
shows the mean of the distribution, and the green line shows the cooling resulte W By

the same tokerthe red color illustrates the distribution of the ldagn heating, the orange line
stands for the mean of the distribution, and the gold color represents the heating resulted from
CWEC. In eactlset offigures, a) presents theight scenariowith small windowgWWR of 0.2

andb) presents theight scenariosvith larger windowgWWR of 0.8). In addition, the subplot
located on the right shows the deviation of results of CWEC from thetdomgmean, in which a
positive value indices underestimation by CWEC whereas a negative value signifies an

overestimation.

4.3.1 The effect of climate (weather)

The cooling and heating energy consumption in Montreal for all simulated cases are larger
than in Vancouver, as seen in Figade2 to 4.9. The wider distribution for the Montreal cases
indicates harsher weather conditions in contrast to the cooling and heating distributions exhibited
in the Vancouver cases, which are much closer together, indicating a milder climate.

A greater deviation of #th CWEC results from the lortgrm average results was noted for the
Vancouver cases. An overall assessment for all small office building cases show cooling energy
consumption ranging from 10 to &h/n? for Montreal and 7 to 5RWh/n?¥ for Vancouver. For
heating energy consumption, the Montreal cases range between 50 tONIGOY, while

Vancouver cases range between 25 t&\ViB/n?.
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Moreover, for the simulated large office buildings, the cooling energy consumption for Montreal
and Vancouver fall betweeneanges of 10 kWh/frand 50 kwWh/rAand between 5 kWh/fand

45 kWh/nt respectively. The heating energy consumption ranges between 20 k\Afun60
kwWh/m? for Montreal and &Wh/nm? and 35kWh/m? for Vancouver.

Montreal, Small Office, WWR=0.2
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Figure4.2: Montreal, small office with small windows
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Montreal, Small Office, WWR=0.8
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Figure4.3: Montreal, small office with large windows

Vancouver, Small Office, WWR=0.2
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Figure4.4: Vancouver, small office with small windows
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Vancouver, Small Office, WWR=0.8
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Figure4.05: Vancouver, small office with large windows

Montreal, Large Office, WWR=0.2
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Figure4.06: Montreal, large office with small windows
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Montreal, Large Office, WWR=0.8
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Figure4.7: Montreal, large office witharge windows

Vancouver, Large Office, WWR=0.2
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Figure4.8: Vancouver, large office with small windows
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Vancouver, Large Office, WWR=0.8
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Figure4.09: Vancouver, large office with large windows

Although the buildings in Vancouver exhibit a smaller range for both annual heating and cooling
energy consumption, the deviation noted between the CWEC results and that of ttexriong
average is greater than for Montreal. The deviation of the CWEQsédsukooling in Montreal
ranges from slightly below 2% to 3%, while heating ranges from 0% to 2%. Vancouver exhibits
slightly higher deviation values, which range from 2% to more than 4.5% for cooling and slightly
below 2% to 3% for heating. This sliginicrease in deviation can be explained by the greater
number of cloudy days and the smaller amount of solar radiation available in the region.

4.3.2 The effect of building type

As shown in Figure4.2 to 45, the cooling energy consumption for both Montread an
Vancouver is smaller than the heating energy consumption for the typical use of a small office
building in cold climate. However, in the Vancouver small office cases, the heating and cooling
di stributions are much c¢| oe dimate. Sinhlarlg, Riguedss du e
and 4.7show larger heating energy consumption in comparison to the required cooling for a large
office building in Montreal. In this case, the heating and cooling are closer in value compared to
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the small office building. However, Figur®4.8 and 4.9 illustrat¢éhat for a large office building

in Vancouver, the heating energy consumption is less than the cooling energy consumption, despite
Vancouver being a cold climate region. This is a common phenomenon which occurs in many cold
climates for large office buildgs with large internal heat gain. The large office building contains
datacenters on each floor, which contributes to a considerable amount of internal heat gain; the
increase in internal heat gain leads to an increase in cooling consumption whilegduhating

energy consumption. Considering the milder climate of Vancouver, the high internal heat gain
makes the cooling larger than the annual heating.

The type of building also influences the deviation of the CWEC from-leng average results.
Comparng Figures4.2 to 4.5 with 4.6 and4.9, a greater deviation is noted for the large office
building cases. The largest deviation noted is for the large office building in Vancouver, with more
than 4.5% deviation. In larger office buildings with a relativalge amount of internal heat gain,

the total cooling or heating energy consumption can be more sensitive to fluctuations in internal

gain, infiltration, and fresh air required in thermal zones.

4.3.3 The effect of design

Building design can play an importaote in cooling, heating, and deviation of the CWEC
results from that of the lorggrm average. In this study, the selected design options are parameters
which have been considered as being mostly neglected in previous literature, building codes and
stanards. These parameters include WWR, window solar heat gain coefficient, floor type and roof
and exterior wall solar reflectance, which can have a direct relationship with solar radiation in
building energy performance. Design, building type and climaticlitons are related to each
ot her considerably. I n other words, a design
condition and building type. Figurds2 to 4.9 illustrate larger variations in performance for the
small office buildings in comparisoto the large office building cases. This variation in
performance is due firstly, to the fact that small office buildings typically possess lower occupancy
and lower internal heat gain and can therefore be more sensitive to the outdoor environment
condiion. Secondly, the total roof and exterior wall area in contrast to the conditioned area is
greater than for large office buildings, which cause a larger heat transfer to occur through the

building enclosure.
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Figures 4.2 to 4.5 show that for the small offe building, increasing the WWR from 0.2 to 0.8
increases the cooling energy consumption considerably; for Montreal and Vancouver an increase
of about 20 kWh/rhis noted, while the reduction in heating energy consumption is about 10
kWh/n?. The reasoningehind the heating energy saving being only half of the cooling increase

is that the heating occurs during the Fall, Winter and part of Spring, when the sun angle is lower.
On the other hand, cooling occurs at the end of spring and during the summer mbath#)e

sun angle is higher, and therefore, allows for greater amount of solar gains. In other words, a higher
amount of solar radiation is allowed into the thermal zones of the building, leading to a higher
amount of cooling demand during this periocorgover, a closer inspection of Figuke2to 4.5

show that making use of solar gains has the potential to bring cooling and heating distributions
closer. In this case, a lower roof and wall solar reflectance paired with high thermal capacity
flooring andincreasing the SHGC of the windows to allow for more solar radiation to enter in the

thermal zones would allow to bring the distributions closer.

In addition, increasing the use of solar gains in the design reduces the deviation between the CWEC
and llmg-term average results for cooling. A larger WWR makes the deviation of the CWEC results
smaller. An example of this can be seen in FiguBa, where the cooling deviation for the
AWWR=0. 2, window SHGC=0. 45, c oncrie slightlyflesso o r S
than 4%, while the same design with a | arger
concrete floor, solar reflectance=@ 60 ) exhi bi ts a 4d5% viation of 2%

In another example, replacing the concrete floor with wood causestiegion between the

CWEC and longerm average results to increase for cooling and decrease for heating. This can be
seen in Figure4d4, wher e AWWR=0. 2, window SHGC=0. 4
refl ectance=0.80 desi gn h dabouad%cando2boiraspectiveelp,d h e s
whil e AWWR=0. 2, window SHGC=0.45, wooden fl oo
the cooling value to 4.5% while decreasing the heating deviation to 1.5%. This change can be
attributed to the fact that there is a kaayailability of solar radiation which becomes stored in the
concrete floor, which behaves as a thermal mass. In cold climates, the solar radiation availability

is quite different between seasons, where the solar gain potential is much greater during the
summer in comparison to winter which has limited solar radiation. The concrete behaves as a

thermal mass by storing the solar gains and releasing them later in the day. The application of a
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thermal mass is useful during the cold winter months as a meaeduce the overall heating
consumption, since the gains are stored and released later in the evening when the outdoor
temperature begins to drop. However, for office buildings with typical operating hours, this benefit

is negligible given that most occuga have vacated the building during this time. Furthermore,

the limited solar radiation available during the winter months presents an issue for the concrete
floor which has a high thermal capacity. In this given case, the deviation variation is ralyst lik

due to the high weighting factor (40%) attributed to solar radiation in the generation of the CWEC
file. The large weighting factor indicates that solar radiation is supposed to play the most
significant role in the thermal performance of a buildingefEfore, if a building is less sensitive

to the solar radiation according to its design, climate and use, there is an increase in uncertainty

and the deviation of CWEC results from the ldagm average results increases.

Furthermore, as Figures64to 4.9 show, when the type of building changes from a small office
building to a large one, the influence of the selected design properties decreases, especially in the
case of Vancouver. As described in secddh2, for larger office buildings with largerternal

gains, the cooling and heating energy consumption are less sensitive to the design of the building.
The roof and exterior walls represent a smaller percentage of the total building area, therefore,
energy efficiency measures such as solar refleetanwvindow SHGC would not be as effective.

Even in the case of WWR, which is the most effective considered design parameter, there is little
effect. Increasing the window area does allow for an increase in solar gains, however, the affected
area represestonly a small portion of the total floor area, reducing its effectiveireisis case,

other weather parameters such as temperature and wind might play more important roles, as they
deal with infiltration, required fresh air and HAVC systems. As Figdi@$o4.9 show, for large

office buildings, no matter the design, cooliagd heating deviation of the CWEC results for
WWR=0.2 is about 3% and 2% in Montreal and 4.5% and 3% in Vancouver respgétigales

4.6 and4.8). These numbers change to around 2% and 1% for Montreal and 2% for both cooling
and heating in VancouverWWR = 0.8 is usedFigures4.7 and4.9).

Previously in the study, the historical weather data simulation results were compared to the CWEC
simulation results. In order to further assess the applicability of CWEC in simulation, the peak

demand for 98%, 3% and 99.6% were evaluated for small office buildings. These values were
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selected following the ASHRAE Design Day Fundamentals, which uses these percentiles when
evaluating temperature for HVAC design. Figurd0 and 4.11 show the percent difference
cumuhtive distribution function, for select designs, between the peak load for each year of the
historical weather data and CWEC simulation results for all abwaioned percentiles. The x

axis represents the percent difference between the CWEC and histsidts, where a negative
percentage indicates that the CWEC results are below the historical weather data results. In other
words, data points located to the left of thaxys indicate underestimation of loading by the

CWEC results, where theakis stows the proportion of years (a total of 30 years are represented).
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Figure 410: Percent difference cumulative distribution function for Montreal and Vancouver heating.
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Montreal Small Office Cooling

1.0 1.0
WWR:0.8 SHGC:0.40 F:C REF:0.8 WWR:0.8 SHGC:0.40 F:W REF:0.8
= Historical 0.4% = Historical 0.4%
= Historical 1.0% m— Historical 1.0%
== Historical 2.0% 0.8 = Historical 2.0% 0.8 q

T T K=o T T T
—20 -10 0 10 20 —20
% Difference

% Difference

Vancouver Small Office Cooling Vancouver Small Office Cooling

1.0 1.0
WWR:0.2 SHGC:0.35 F:C REF:0.4 WWR:0.2 SHGC:0.45 F:C REF:0.4
= Historical 0.4% = Historical 0.4%
= Historical 1.0% = Historical 1.0%
== Historical 2.0% 0f 1 == Historical 2.0% 0.911

fa¥al
o

o0

T T T T o
—20 -10 0 10 20 —20 -10 0 10 20
% Difference % Difference

Figure 411: Peacent difference cumulative distribution function for Montreal and Vancouver cooling.

The selected designs were among the cases which had the greatest overall deviation from the
CWEC simulation results for heating (Montreal) and cooling (Vancouver). The corresponding

heating and cooling figures for the same designs were then selected.

The graphs in Figure4.10 and 4.11llustrate the ratio of number of historical years where the
CWEC simulation results underestimate the load. The Montreal cases ranged between 62.7% and
82.1% of the years having underestimated loads during the heating $aate 98' percentile.

This represents 18 to 25 years, depending on the design, where the CWEC results are lower than
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that of the historical weather data results. Vancouver designs exhibit a smaller number of years
where the results are higher thanttbiithe CWEC results, with the percentage ranging between
39.9% to 60.7%, namely, 12 to 18 years for tH& @&centile. During the heating season, designs
which are considered sensitive to solar radiation fluctuations are more susceptible to be
Aundteirnekast edo by the CWEC results. Designs sens
of years where the simulation results are higher than the CWEC simulation results. The
discrepancy between the historical weather data results and those of CWEC attapined to

the weighting factor applied during the CWEC file generation process. In the case where a greater
importance is attributed to solar radiation in contrast to another parameter, for example
temperature, the expected amount of information plexviby the specified weather parameter is
expected to be greater. In this case, when a design is sensitive to solar radiation fluctuations, the

influence of sol ar radi ation is increased, an

During thecooling season, a larger percentage of years have results which are higher than CWEC

for the Vancouver cases, with the exception of th® @&centile which lies below Montreal;

however, it exhibits a larger range in years (5 to 18 years). In all cases for the Vancouver cooling
season, designs which are sensitive to solar radiation are subjected to a drop in percentage of years
where the simlated results are above CWEC results. Thus, designs less sensitive to solar radiation
cause an increase in the number of years whic
behavior as Vancouver, where designs with a small wirgewall ratio andlarge solar
reflectance exhibit results which fall above CWEC for a greater number of years. These
observations align with those previously made for the heating season. For the cooling season, less
sensitive designs restrict the quantity of informatioovpted by the file, increasing unknowns.

The reason that Vancouver experiences a great
to the amount of solar radiation the region receives, which is lower than Montreal. It appears that
during the cooling seas, when the information provided by solar radiation is greater, the
frequency of Aunderestimatedo years is decrea:
season have led the authors to suspect that there may be an issue in the attributimacengor

solar radiation (greater) and/or temperature (lower).

52



Although the deviation of the CWEC results from that of the {mmm average results changes

due to the climatic condition, buil ding type
remains under 5%. However, the deviation can be reduced with updated weighting factors
depending on the application.

4.4 Conclusion

A largescale simulation was conducted in order to assess the impact on energy
performance prediction between deployirtgmcal meteorological year (CWEC) file and actual
meteorological year (AMY) files. The study was conducted using data for two cold climate cities,
where two building types with varying design parameters were simulated. The effect of varying
design paramnters was further investigated in order to fill the void in existing studies which have
ignored the selected parameters. These design parameters were among those neglected by
standards and codes.

The results of the larggcale simulation are summarized lvelo

1 The deviation of the results simulated with CWEC from the H@ngn average results for
all the building types and designs were noted to be larger in Vancouver, where lower solar
radiation is available.

1 The large office buildings generally showed a leigtieviation of the CWEC results from
that of the longerm average.

1 The designs considered less sensitive to solar radiation fluctuations generally showed
higher deviation of results when comparing to the {targh average. For example, for a
small officebui | di ng i n Vancouver, the design @AWW
fl oor, sol ar reflectance=0.60 showed a de
AWWR=0.8, window SHGC=0.45, concrete floor
deviation of less t#n 2%.

A yearby-year evaluation of the 899" and 99.8 percentile of the heating season found
that CWEC simulation results were lower than the historical data simulation results for a
greater number of years for designs sensitive to solar radidtie cooling season showed

a greater discrepancy for designs less sensitive to solar radiation.

53



The building design and configuration may significantly impact the deviation of the CWEC results
from that of the longerm average. This impact is especiaignificant when smaller buildings

are considered, since they are often heavily influenced by minor changes in design parameters. In
one case, a change in the WWR was able to reduce the deviation of the CWEC results by more
than half. The study also notaddecrease in deviation between the CWEC results from the long
term average results for designs exhibiting higher sensitivity to solar radiation fluctuation. A high
weighting factor of 40% for solar radiation during the generation of the CWEC file might
exacerbate over/underestimation of the CWEC results. In addition, considering the lower amount
of solar availability in cold climate and the fact that larger buildings are less susceptible to
conduction and radiation, the solar radiation weighting facto4@¥% might lead to an
overestimation in energy prediction. Although, all the aforementioned factors play role in the
deviation between the CWEC and letggm average results, all the deviations remained below
5%. This indicates that the CWEC may still leiable to be used for estimation of cooling and
heating energy performance. Furthermore, when comparing the percentile results chya year
year, the CWEC results were found to be below a large proportion of the years for the historical
data simulation. Bwever, modifications of the weighting factors might reduce the deviation of
results. By doing so, the uncertainty can be reduced for cases with less solar radiation effect on

building.
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Chapter5. ASYSTEMATI C APIPROGCMSTRUCTICRG TYPI

METEOROLOGI CAWEVXYWEAMER FI LEBAUHI NBE LEARNI NG
The singldypical meteorological yedile is composed of hourly resolution data from the most 12
representative calendar months of 30 years which are selected based on statistical similarity to
longterm weather daihaveraged data. These weather files are synthetically constructed on
historical weather data over a long period of time for an array of weather parameters, such as
solar radiation, temperature, wind speed and others. The statistical procedure to construct the
weather files depends on the weights assigned to these weather pasarbetger current
practice, these weighting factors are universally assigned regardless of climatic locations nor the
building application. This approach leads to energy performance predictions that deviate from the
long-term averagesThis chapter introdues a novel machine learning algorithim extract the
feature importance of the weather parameters in order to assign weighting factors straightly
proportional to their impacts on energy performance of buildings. Weather files were constructed
with these sstematically assigned weighting factors which are climatic location depeniaant.
typical meteorological year weather file based on the novel approach offers better prediction (with
statistical significance) on energy performance ¢ertain climatic As aresult, the suggested
method avoids potential under/oversizing of equipment and promotes energy conservation.

This chapter is published in Energy and Buildings, Volume 226, 11087Blosseini, A. Bigtashi,
B. Lee, A systematic approach in constructitygpical meteorological year weather files using

machine learningy © Elsevier Ltd,2020

5.1 Introduction

Although typical meteorological year weather files are meant to be a representationtefhong
weather, some studies have noted deviations betewergy performance simulated with the
typical meteorological weather file and that through measurement unddgetomgctual weather.

A study by Hosseini et al. [Xprevious chaptergjemonstrated that the deviation could be quite
considerable dependiran the designs of buildings. On the other hand, another study conducted

by Janjai and Deeyd?] showed minor differencebetween the longerm average energy
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performance and the corresponding energy performance simulated with typical meteorological
year weather files. However, the study focused on the simulated energy performaota of
related technologies, such as water heating systems and photovoltaic systems, without considering
the energy performance of the whole building. The limited scope might explain the negligible
deviation between the lortigrm averagesnergy performancand that predicted withtypical

meteorological weather files.

In building energy simulation, typical meteorological year weather data is usually a synthesized
single year of weather data that represents multiple years of historical weather data owet a peri
of thirty years, if not more, from which typical meteorological weather files are cr@deck are

a fewexistingmethodsusedto generate the typical meteorological data includmg not limited

to, theSandia National Laboratory methdd], the Danish methof@l], the Festa and Ratto method

[5] andthelSO 159274 standardg].

The Sandia method is one of the most frequently used methods, where the Finkelsaéan

(FS) [3] statisticis calculatedto determine typical weather months of a yddere is a brief
description of a generic generation procedure to generate typical meteorological year weather file
in CWEC format. The FS statistic is used to find the absolute value of theddébetween long

term data and each of the historical candidate months. In other words, for each weather data month,
all historical months are evaluated and the month which matches most statistically to-tieernfong

weather pattern is selected. The maure is summarized below.
For each month of a year:

i. The cumulative distribution function (CDF) of each of theveather parameters,
namely, horizontal solar radiation, average temperature, maximum temperature,
minimum temperature,average dew point tempdure, maximum dew point
temperature, minimum dew point temperaturegerage wind speed, and maximum
wind speed are calculated.

il. The FS statistic is calculated for each parameter according to equation 1:

FS=P:)B | (1)
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Where:] is absolute differencéetweenthe longterm dataCDF and thehistorical
candidate montldataCDF, and nis the number of readings in a mor{tsually 30,
representing a 3Qear period).

iii. Wei ghting factors of the weather paramete
judgmentsaccording to their importance on building enedigmand. The weighting
factors from previous studies are summarized in Taldldor different wedter file
types.The monthwith minimumweighted sum of FS displays the most similar weather
pattern to the longerm historical weather that is selected according to equation 2,
where the weighted sum is calculated for each candidate month:
WS =B0 "OY (2
Where:0 ds theweighting factomttributed to each parameter (shown in Table 1), and
"O"Ys index FS statistic

V. The hourly weather datéelonging to the minimum WS is used to fill up the

corresponding month of the twelmeonth weather file.

The same procedure will be repeated for each month of the representative year until all the 12

months of the year are selected.

Table5.1: Weightings factors of weather parameters in previous studies

T™MY[3] TMY2 &37,8] IWEC & CWHEE  (Kalogirou, 200310]  (Chan, 2016)11]

Maximum dry-bulb temperature 0.042 0.050 0.050 0.031 0.061
Minimum dry-bulb temperature 0.042 0.050 0.050 0.031 0.003
Mean dry-bulb temperature 0.083 0.100 0.300 0.063 0.258
Standard deviation ofiry-bulb 0.031

temperature

Maximum dew point temperature 0.042 0.050 0.025 - 0.106
Minimum dew point temperature 0.042 0.050 0.025 - 0.008
Mean dew point temperature 0.083 0.100 0.050 - 0.017
Maximum relative humidity - - - 0.031 -
Minimum relative humidity - - - 0.031

Mean relative humidity - - - 0.063

Stan_dgrd deviation of relative 0.031

humidity

Maximum wind speed 0.083 0.050 0.050 0.031 0.146

Mean wind speed 0.083 0.050 0.050 0.063 0.082
Standard deviation ofvind speed - - - 0.031 -
Air pressure - - - - -
Globalhorizontal solar radiation 0.500 0.250 0.400 0.250 0.319
Direct normal solar radiation - 0.250 - 0.250 -
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As presented in Table 5.1, depending on weather file formats, the weighting factor attributed to
each weather parameter may vary slightly. Global horizontal solar radiation always carries the

most weight regardless of the file formats. Teh®providesikt of terms used in this study.

Table5.2: List of terms used in figures, tables, and texts

Terms Abbreviation Explanation

Maximumdry-bulb temperature max_temp Maximumdry-bulb temperature in a day (°C)
Minimumdry-bulb temperature min_temp Minimum dry-bulb temperature in a day (°C)
Meandry-bulb temperature temp Mean dailydry-bulb temperature (°C)

Maximum dew pointemperature  max_dew Maximum dew point temperature in a day (°C)
Minimum dew pointemperature  min_dew Minimum dew point temperature in a day (°C)
Meandew pointtemperature dew_temp Mean dailydew point temperature (°C)

Maximum wind speed max_wind Maximum wind speed in a day (m/s)

Meanwind speed wind Meandaily wind speed (m/s)

Solar radiation rad Mean dailyglobal horizontal solar irradiance (W#n
Gooling demand cooling Mean dailycoolingenergydemand (kWh)

Heating demand heating Mean dailyheatingenergydemand (kWh)

Total demand total Total of daily averageooling and heatingnergydemand (kWh)

An important issue with the current typical meteorological weather file generation methods is the
subjectivity behind attributing weighting factors. This process reliesxom guddmerisn order

to determine the importance of each weather parameter on the performance of the system.
Furthermore, the level of importance attributed to each weather parameter is designated regardless
of the climatic location or the applicatidbifferences inveighting factors not only affect building
energy performance as shown by the previous studies but may also lead to changes in the
composition of typical meteorological weather filesthe study conducted yeorgiou et alf12]

a change in the weighting factahowed a considerable change in the selected months for the
typical year, which led to a smaller differerfoetween longerm average and actual years. The
study conducted a simulation for cooling and heating energy consumption of a building, as well
as that for the solar collector, and wind turbine. The studytheedbitrary weighting factors and
concludedhat weighting factors should be optimized based on intended use of the weather file to

enhapceciisi on @afrsichulagioncesuttsa c y 0O

A few studies applied optimization and sensitivity analysis to find the importance of each weather
parameter with respect to a specific performankalamees et a[13] conducted aensitivity

analysis to weigh the weather parameters by changing the monthly average value of the parameters
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for each month and observing the change in morabbling and heating demand of a building
through simulations for climate zones 1 to 4. ChHL) used genetic algoritherto optimize the
weighting factors according to the applicatidihe study focused on four primary applications, an
air-conditioned building and three renewable energy systérkiding a building integrated
(attached) photovoltaic (BIPV or BaPV) systearwind turbine and a concentrated solar power
generation (CSP) systerfheir results showed a very good agreement between thedong
average and the simulation results with tparal weightedtypical meteorological year weather
file. However,the gengéc algorithm used in this study requires a codmptimization algorithm

with building energy simulation (EnergyPlus in this case) for new mutation. In other words, the
procedure would be based on trial and error which requires multiple time gersecht@w se$

of weighting factors that make a new atleer file This is followed by energy simulation to
minimize the uncertainty between lotgyrm average of the output and the output of the
corresponding weather file in each mutation stddeerefore, this procedure can be fairly time
consuming as it regues numerous simulatisnwith the demonstrated uncertainty associated with
expertsdéd judgments based weighting factors, i
yet faster approach in properly assigning weighting factors to weather paraace@mding to

their importance to the performance of specific applicatidifferent sets of weighting factors for

investigations of different types of performance).

In data mining and machine learning, a similar concept is applied to find how usefidlde/es

at predicting a target variable (feature importance). The Sandia methodneardést neighbor

machine learning algorithm for classification which is currently using p ejudgnseltsfor

defining weighting factors. Applying another supervisegression machine learning algorithm

can fit the data and extract the features importaait®ving for systematic selection of weighting
factors,which canthenbe introduced to the FS. Applying the machine learning algorithm requires

the simulation toun only once and wonot require repe’

considerable processing time.

Depending on the data and type of problem, various machine learning algorithms can be used to
find the feature importance. In its simplest form in lineadels, such as linear regression or
logistic regression, the importance of each variable is simply the weight or coefficient for each
input variable 14]. In fact, these are the weights that are used for predictionliiar, individual
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models such as dison tree and its ensemble model, Random Forest, find the importance of
vari ables based on t hearignaenthadutpue]d 45. The Ramdoimnn r ed
Forest algorithm is particularly effective ittending to regression models [Hince the algorithm

considers a small but random subset of features at each level and avoids the potential bias that

could be introduced if the dataset contains agexdominanteatures.

The current study introduces a novel method based on machine dgeaonsystematically
determine weighting factors in proportion to feature importance of weather parameters according
to the climate and application in which the typical meteorological year weather file is applied. In
the case of this study, the Canadian Wean year for Energy Calculation (CWEC) typical
meteorological year weather file was selected, with the period ranging betweeantlBiB9.

The CWEC file applies the same set of weighting factors used in the original International Weather
year for EnergyCalculation (IWEC)[9]. The proposed novel method was applied to a small
prototypical office building to improve the quality of CWEC and reduce the deviation from the
long-term average. The reduction in deviation is evaluated usiegoot mean squarerer
(RMSE) Forthe purpose of this study, a small office building wlasserdue toits higher surface

to volume ratigthat is, it ismore sensitigto weather conditiasin comparison ta largebuilding.

It must be noted that the methodolazanbe apjtied to other types of buildingend applications

as well

5.2 Methodology

5.2.1 Weighting factors

The purpose of weighting factors in the generation of typical meteorological year weather files as
suggested by Wilcox8] is to reduce the uncertainty, in this case deviation from the average,
caused by representing multiple yelaysone singular year. The value attributed to each weighting
factor depends on the importance of the sel e
assigning values to weighting factors is to be replaced by machine learning algorithm through a
systematic approach proposed in this study. Weather data arprgeessed to determine the

feature importance. Feature importance in this case is the importance of each weather parameter

on the building energy demand; that is, the amount of energy demandritiz attributed to each

weather parameter. The identification of such importance will help reduce the uncertainty in

building energy performance as it makes the FS procedure (in Sandia method) more adaptive to
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the problen{17] which will become apparent later in the discussion. The building energy demand

is climate and application specific. To demonstrate the applicability of the proposed approach, the
case study builing was based upon DOE prototypical small office buildik&) with the building
envelope adapted to the specification of the National Building Energy Code of Gafjdad

was simulated with EnergyPlus (version 8.9) simulation program. The case study building was
studied for two locatiorés Montreal and Vancouver. Thidyear actual historical weather daita

the respective airports, ranging from 1960 to 1989, were used. Energy performance was evaluated
in terms of hourly cooling, heating, and total energy demand for the thirty years. The methodology

is explained in the following sections.

The datasets aresampled to daily average data as the FS (equation 1) are calculated over daily
averaged resolution data. Figukes and5.2 present the scatter plot, histogram and the projection

of distribution of the 38/ears historical daihaveraged weather parametand the corresponding

total energy demand for Montreal and Vancouver respectively. The upper diagonal section shows
the scatter pair plot of the variables; the diagonal midsection shows the histogram of data for each
variable together with their corresping mean, standard deviation, maximum, and the minimum.
Finally, the lower diagonal section shows the projection of distribution of pair data. There are three
groups of correlations that can be observed in Figbifeand5.2. The first group relates tge

weather parameters among themselves. For example, from the data of Montreal, it can be observed
that the temperature parameters are highly correlated among themselves, mildly correlated with
radiation, and not quite correlated with wind. The secondpgrelates the 3 energy performance
parameters with the 9 weather parameters. There exists a high linear correlation between total
energy demand and temperature, in contrast to wind speed, which exhibireeaorelationship

with the total energy deménThe third group relates the energy performance parameters between
themselves. In this case, a higher correlation is noted between total energy and heating energy for

Montreal, which is explained by the cold climate.

From Figure5.1, it can be observetthat drybulb temperatures (max, mean, min) and the dew
point temperature are linearly correlated in Montreal, whereas from Fdlrihe correlation is

not clear in Vancouver. The more frequent humid weather in Vancouver helps explain the
situation. Ony heating energy demand is more or less linearly correlated to temperatures. All other
forms of energy demand and weather parameters ardingamly correlated Although both
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locations are considered cold climates, there are different correlations atierehportance

among the weather parameters and between weather parameters and the energy demands.

The bottom of Figure 5.1 displays two samples of the figures in a larger size for better resolution.
The two high resolution kernel density estimate (KDE)grams present the probability density
function of a continuous variable, in this case solar radiation and temperature respectively, in
relation to total energy demand. The warmer colors indicate a higher density function. From the
figure, in Montrealdry-bulb temperatures within the range of 10 to 15 °C leads to minimum total
energy demand whereas the values larger or smaller than this range increases the total energy
demand as cooling and heating energy demand increases, respectively. The figutbaies

data is denser (more frequent) within the range of about 7 to 20 °C and 5 to 10 kWh (red region).
During the heating season, a total energy demand of up to 30 KWghioted in instances where

the solar irradiance is less than about 130 $VArsolar irradiance higher than 200 W/leads to

a total energy demand of less than 15 kWhwiiich occurs mostly during the cooling season. The

red region in the density plot suggests that the most frequent solar irradiance is within the range of
around 5@o 200 W/n% which is associated with a total energy demand of about 5 k¥vh/m
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Figure5.1: The distributions of 30 years historical weather data together with corresponding energy demands of the
smalloffice building in Montreal; the bottom figures are two samples of the above figures for better resolution.
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Figure5.2: The distributions of 30 years historical weather data together with correspondigy demands of the
small office building in Vancouver.

The correlation between the doylb and dew point temperatures are stronger in Montreal than in
Vancouver which is explained by the difference in relative humidity levels in the two cities, as
mentoned above. Some variables exhibit almost linear relationships, such is the case for
temperature, min/max daily temperature and the total energy demand, as well as wind speed and
maximum wind speed in a day, while others have-livear relationships. Theelationship
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between variables is important to consider in the process of selecting an appropriate model to

capture nodinearity of the relationship among the independent and dependent variables.

5.2.1.1 Random Forest algorithmand correspondingfeature importance
Due to its simplicity and lower hyperparameters (parameters in machine learning algorithms for

more accurate and robust results; for example number of trees in the forest) involved in the model,
the Random Forest regression algorithnused to statistically find relationships between the
attributes and the dependent variables, as it can capture tHmemmrelationship among the
variables. The energy demands are the dependent variables, while the nine weather parameters are
considerd as continuous independent variables. A Random Forest model includes many
regression trees splitting a dataset into smaller and smaller datasets on decision nodes while the
tree develops. The classification amdjression tree (CART) model [RQsed in tls study is a

binary tree, meaning that each decision node representing an input variable splits into two branches
and the splitting continues until it reaches the leaf nodes, where the cost function reaches the
minimum error between the prediction and #wtual result. The leaf nodes have output values

(this can be cooling, heating, or total energy demands) that can be used for prediction. In a simple
explanation, the whole algorithm recursively finds the variable and the corresponding value which
has thegreatest potential to reduce the variance of the dataset and splits it at tha2@jaltiei§

way the searching will have the lowest cost.

In the case study, there are nine weather parameters which are considered as variables. The
algorithm evaluated bihe variables iteratively. The algorithm offered by Breirfie4] is usedn

this study. Figure.3 shows how a regression tree of the Random Forest model works for the
multivariate problem. At every node, all the weather parameters are evaluated with their values to
find the best split point where the corresponding prediction shows minimum error. édre m
square error is defined as equation 3:

Mse=2 T 3)

Where:w is the corresponding total energy demand, cooling atitng of each level of a weather
parameter in the samplaljs the mean of all the corresponding total energy demands in the sample

(predicted energy demand of the sample), and n is the number of samples.
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Figure5.3: A tree of Random Forest; the blue scatters show the data; the vertical dash are the split points of the
variables, and the horizontal dash lines show the prediction of total energy demand after splitting. The number of
depths are reduced td@ better presentation

Since each node must be divided into two other nodes, MSEs must be weighted according to the

number of samples. Therefore equation 4 is used to weight the MSE of feature levels as follow:

z z

0 YO 4)

In each node) "Y'Ois calculated for all the values of each weather parameter (features) and the
minimum value is selected as the split pahthe node; the split point divides the parent node
into two child nodes on the left and the rightand¢ of equation 4 are the numbers of left and
right samples (child nodes),"Y'GandD "Y'Qare the MSE of left and right samples (chilwtes),

and n is the number of parent node samples. This process persists until the variance is reduced to
approximately zero.
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Figure 5.3hows a single tree of the Random Forest displaying only three levels of depth for better
illustration; for the first nde of the original dataset, average temperature is the best feature to split,
at-3.5 °C. If the temperature is belo®.5 °C, the predicted total energy demand was about 16
kWh, as defined by the dashed horizontal line from FiguBgNode 0). If the temperature is
above-3.5 °C, the predicted total energy demand was ab&W/!8 For each split, two branches

are created with opposing ranges, where the units are defined by the defined parameter. The range
is defined by the split poingnd each branch has an associated predicted energy demand. This
procedure continues till the terminal node (leaves) are reached, where the MSE will be almost
zero. When the tree is constructed, an unseen data traverses the entire tree till it relehesthe
where it can find the predicted value. The details are further explained below and with equations
571 8.

An interesting feature of the tree is the calculation of the importance of each of the weather
parameters in predicting the total energy demAndyvery node j of a decision tree, the importance

of the node, dnoted by "Qs evaluated to split the dataset into two child nodes:
€Q0"YO DYO 0°7YO (5)

where 0 "YG=0 "Y'@t node j0 "YO =0 "Y'Oof child node from left split on node(, "YO =
0 "Y'Oof child node from right split on node j.

Then the importance for each feature is calculated as:

Q0 2i— (6)

Where:"Q"@s the importance of feature i, abd'@® the importance ofade j for a single tree.

The feature importance can be divided by the sum of all feature importance values in order to

normalize to a value between 0 and 1.

€ €1 a0 (7)

Finally, the average feature importance of each feature is calculated based on the number of trees
in the forest.

Yo (8)
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Where:Y "O"(&1he average feature importance i from all the trees of Random Foerést, a "QQ

is the normalized feature importance of feature i in tree j, arglthe number of trees in the

Random Forest model.

As mentioned above, Random Forest is an ensemble model which contains multiple decision tree
models. As a datdriven model, trees have randomness nature and are trained on random subsets
of the dataset. Aerefore, the output of the model and the feature importance can slightly change
when new models are trained. As the number of the trees in the Random Forest model increases
to a high number, the feature importance converges to a constant value as dveyaged from

multiple trees feature importance. Therefore, a larger number of trees, in this case 1000, is

considered in this study in order to have a stabilized result.

5.2.2 Application of Random Forest: feature importance extraction
The algorithm oRandom Forest and the method of feature importance calculations are described
in the previous section. As a summary of the methodology, Figdishbws the flowchart of the

proposed method in comparison to the current Sandia method.

Historical weather ~ Historical weather Ly Building energy
[ ] data (hourly) data (hourly) simulation
v v v
Historical weather Historical weather ™ Trainlﬁng R:ndc_)m Forest
data (daily) data (daily) App "“"";‘pp;;;g””“"’“‘
Expert’s judgment Syste.ma'fic approach Feature imp.orta nce
weighting factors weighting factors extraction
v v
FS-WS FS-WS
Recognize Recognize
representative month representative month
Corresponding hourly Corresponding hourly
> >
data data
v v
Typical Typical
meteorological meteorological
weather year weather year

Figure5.4: Contrasting the steps taken under the current Sandia method with those of the proposed method and
indicating where the additional steps of random forest modeling takes place and supports the systematic weighting
factors assignment.
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The left side of the flowchart shown in blue is the current Sandia method which is explained in the
introduction. The right side shown in orange shows the process in identifying the feature
importance of the weather parameters. Theti@ecn green presents how the process is
incorporated into the Sandia method. Thirty years of hourly weather data (from 1960 t01989) are
fed into the building energy simulation program (EnergyPlus, in this study, as described under
section5.2.1) to geneaate the hourly cooling and heating energy demands. The hourly outputs are
converted to daily average values. The daily data, together with theaglallgge weather data

(from daily averaged dataset), maximum and minimum temperature in a day (from labasksty
maximum and minimum dew point in a day (from hourly dataset), and maximum wind speed in a
day (from hourly dataset) and hourly solar irradiance are then used to train the Random Forest
model. The trained data is taken from both the hourly dadaskthe dailyaveraged dataset; some
parameters such as average temperature is selected from the daily averaged dataset whereas, other
parameters such as maximum temperature (max temperature in a day at an hour) is taken from
hourly dataset. Since heréetgoal of using Random Forest is to extract the features (feature
importance) from the dataset and not for prediction, 100% of the dataset is considered as training
data. The model can be trained with different approaches which is explained in S&tfidn

Once the model is trained, the importance of each weather parameter is extracted from the trained
model using equations 5 to 8 in sectibi2.1. The extracted importance from the feature
importance process are used as systematic weighting factéesdnef the current Sandia

wei ghting f act or sjudgmentsThenew sydteynatically assignpdeweighing
factors, together with the daigveraged data from the original Sandia method, is introduced to
the FSWS (equations 1 and 2) in ord® find the representative months. The 12 representative
months of different years are identified and the corresponding hourly weather data are extracted
from the original dataset and joined to form a typical meteorological year.

Random Forest is used this case solely to extract the feature importance, and therefore, the
entirety of the dataset is used to train the model. The testing phase is not necessary in this
application since Random Forest is not used for prediction, which is also applicalaled®where

the goal is to evaluate the fit of the data. Once the feature importance is extracted, the weights are
applied to the FSVS equations, which are a form of thenéarest neighbor algorithm. The k

nearest algorithm has no explicit training phaseorporates the whole dataset, and simply
generates values from the dataset. Once these values are generated, the CDF is taken and compared
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to find the most similar candidate month. The similarity is exadiglated by minimizing the error

by adopting dferent training approaches to be explained in the next section.

BI2i2Ml Training approaches
Thirty years of historical weather data of the nine weather parameters is used as training input,

while the corresponding energy simulation results are aségining output. As mentioned in the
previous section, the corresponding cooling, heating, and total energy demands of the buildings,
which are converted to daily averaged data in order to apply th&$Procedure. Different
approaches can be usedttain the Random Forest model and extract the respective features
importance. The proposed systematic approach in assigning weighting factors attends to the
problem that, under certain applications and for certain climatic conditions, a universal set of
weighting factors might cause discrepancy in kiegn energy prediction. In most building
projects, total energy demand is the main concern. There are also cases that cooling and heating
energy demands would prefer to be identified separately, as coatifgeating might be provided

by different energy sources (and thus at different prices). There are also cases that, for some
climatic locations, a single set of weighting factors might not fully reflect the variations in
influence of each weather parametdnoughout the year. To properly train the random forest
model, five different training approaches, investigating potentially different applications and

climatic characteristics, are suggested. Details of each of these approaches are presented as follow:

1) Cooling Energy Based: the original dataset of 30 years energy demand is reduced to a
subset of daily cooling having values larger than zero; the cooling energy demand serves

as the output for training.

2) Heating Energy Based: the same approaabage where heating energy demand serves

as the output for training.

3) Total Energy Based: the same approach as above where the total energy (summation of
cooling and heating) is used as the output for training.

4) Month-by-Month (MBM) Cooling or Heating=nergy Based: the original dataset are
rearranged based on the months, which means 12 subsets of the original dataset are
generated such that each subset represents a particular month of all 30 years of data.

Afterwards, two subsets are generated, onk @obling energy demand greater than zero
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and another with heating energy demand greater than zero in order to train the random
forest model for cooling and heating respectively. The feature importance is then extracted
from either the cooling or heatingaael with larger Rvalue. Consequently, 12 monthly
feature importance are extracted for each weather parameter.

5) Monthby-Month (MBM) Total Energy Based: the original dataset is rearranged based
on the months (overall 12 subsets) and each subsetusee to the sets having a total
energy demand larger than zero; for each subset a model is trained with the target of total
energy demand which leads to 12 monthly feature importance for each weather parameter.
This approach is considered as a strategyse the model that is trained with greater
numbers of data.

The accuracy of the models in different approaches are shown in $e8tibnOnce the models

are accurately fit to the output, the features importance are extracted. Once each model is trained,
the feature importance is extracted from the model following the five approaches. For each
approach with new feature importance, a typical meteorological file is created. The output of the
building energy simulation for each of the five approaches aredhmpared to the results from

actual years. The root mean square error (RMSE) between the simulations from actual years and
the new weather years is calculated; this is shown in see8dh

5.3 Results and Discussion

5.3.1 Models performance

The comparison dhe simulation results and the trained model results for the first three approaches
for Montreal are presented in Figure$to 5.7. The accuracy of the models is confirmed by a

very high R value. The bottom of the figures zoom into the first year (1866)shows that there

is a good agreement between the simulation results and the model results. Vancouver data display

similar R? value and are therefore omitted from presenting.

73



Cooling Energy Based

Simulation
-=--- Random Forest model

g

R2=0.99

g

019'60 1964 1968 1972 1976 1980 1984 1988
Time

%]

H N N W W &
S u S

Cooling Energy Demand (kWh)
(%))

Simulation
-=-=-=- Random Forest model

o

2
5. R“=0.99

o

Cooling Energy Demand (kWh)
o= N u w w b

o_
5_
0 H Ry
4. n‘,"“.:' 5"'!'-'-'.'-'%.‘.’;: A
5 Amingey w? R N oA
AV v Tt
- \ L m——— A , “'o‘-sqh ...........
01950-01 1960-03 1960-05 1960-07 1960-09 1960-11
Time

Figureb5.5: Results otrained models in comparison to the simulation results for coblasgd approach for
Montreal; the bottom zooms into the first year (1960) of the top (approach 1)
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Heating Energy Based
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Figure5.6: Results of trained modeils comparison to the simulation results for heatiaged approaches for
Montreal; the bottom zooms into the first year (1960) of the top (approach 2)
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Figure5.7: Results of trained models in comparigorthe simulation results for totahsed approaches for
Montreal; the bottom zooms into the first year (1960) of the top (approach 3)

Table5.3 shows the performance of the trained models based on the-bhembnth (MBM)

cooling or heating energy babsapproach (approach 4) and mebihmonth total energy based in
Montreal and Vancouver. For MBM cooling or heating, the dataset is rearranged to the 12 separate
months and for each month a cooling (with cooling data) and a heating model (with heajng dat
are trained, then the model with a largénBlue is selected for further analysis. Due to the fact

that during the cooling seasons, the number of data having positive cooling demand is larger than
for the heating demand in the datasets, the mauéiscooling energy demand show larger R
values and are therefore selected for the those particular months (May to August for Montreal and
May to September for Vancouver); for the same reason, heating energy models are used for those
heating predominant omths (January to April and September to December for Montreal). Aside

from the number of data, the variability (larger variance) can be a reason for the fovedudR
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for some months. For example, the January model in both approach 4 and 5 has?lower R

comparison to other months for Montreal.

Table5.3: Performance of the trained models for mebghmonth cooling or heating energy based and mdyth
month total energy based in Montreal and Vancouverr(ggbhes 4 and 5)

Montreal Vancouver
MBM Cooling or Heating Based

Cooling Based Heating Based R2 Cooling Based Heating Based R2
Jan 0.95 0.96
Feb 0.98 0.97
Mar 0.98 0.95
Apr 0.98 0.94
May 0.98 0.96
Jun 0.98 0.96
Jul 0.97 0.95
Aug 0.98 0.97
Sep 0.98 0.95
Oct 0.99 0.97
Nov 0.98 0.97
Dec 0.98 0.98

MBM Total Based

Jan 0.95 0.97
Feb 0.98 0.97
Mar 0.98 0.95
Apr 0.97 0.92
May 0.98 0.94
Jun 0.98 0.96
Jul 0.97 0.95
Aug 0.98 0.97
Sep 0.97 0.95
Oct 0.96 0.96
Nov 0.98 0.97
Dec 0.98 0.98
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5.3.2 Features importance: systematic approach to defining weighting factors

As defined in the methodology section, the feature importance for each parameter was generated
using Random Forest for all five approach@sce the models from different approaches are
trained, the feature importance of each model is extracted beforariessed in FS statistic.

Figure 5.8 shows the feature importance calculated for the weather parameters using cooling,
heating, and total energy (approaches 1 to 3). The bars show the importance of each weather
parameter on cooling, heating, and totalrggedemand for the two locations. In each of the
diagrams, the green line represents the cumulative importance while the grey line shows the 95%
threshold. The cumulative threshold can be inferred as the level where 95% of the information can
be achievedrFor example, for the cooling energy based approach, temperature, solar irradiance ,
and wind speed contribute 95% of the energy demand uncertainty in Montreal whereas, in
Vancouver, temperature, solar radiation, maximum temperature, and wind speed teo@&#6u

of the total uncertainty. For the heating energy based approach in Montreal, temperature alone can
almost account for 95% of total uncertainty. In the case of the total energy based in Vancouver,
the five weather parameters of average temperat@dammm temperature, solar radiation, wind,

and dew temperature lead to the threshold.
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Figureb5.8: Feature importance extraction from Random Forest Regression (approaches 1 to 3)

Table5.4 summarizes theesults from MBM cooling or heating energy based model and MBM
total energy based model for Montreal and Vancouver (approach 4 and 5). In both cases, the
weather parameters have various values in different months. Depending on the climatdymonth
month \ariation of solar angle, temperature, humidity, and wind can lead to various effect on
cooling or heating energy demand which is noted in Talfle Although these values have a
relative importance on energy demand, some interesting points are notedkaRgles in

Montreal, in the month of July, using the MBM cooling or heating based approach, the average
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