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ABSTRACT
This dissertation develops rapid and accurate building energy simulations based on a
building classification that identifies and focuses modeling efforts on most significant heat
transfer processes. The building classification identifies energy use patterns and their contributing
parameters for a portfolio of buildings. The dissertation hypothesis is “Building classification can
provide minimal required inputs for rapid and accurate energy simulations for a large number of
buildings”. The critical literature review indicated there is lack of studies to (1) Consider synoptic
point of view rather than the case study approach, (2) Analyze influence of different granularities
of energy use, (3) Identify key variables based on the heat transfer processes, and (4) Automate
the procedure to quantify model complexity with accuracy. Therefore, three dissertation
objectives are designed to test out the dissertation hypothesis: (1) Develop different classes of
buildings based on their energy use patterns, (2) Develop different building energy simulation
approaches for the identified classes of buildings to quantify tradeoffs between model accuracy
and complexity, (3) Demonstrate building simulation approaches for case studies.
Penn State’s and Harvard’s campus buildings as well as high performance LEED NC
office buildings are test beds for this study to develop different classes of buildings. The campus
buildings include detailed chilled water, electricity, and steam data, enabling to classify buildings
into externally-load, internally-load, or mixed-load dominated. The energy use of the internallyload buildings is primarily a function of the internal loads and their schedules. Externally-load
dominated buildings tend to have an energy use pattern that is a function of building construction
materials and outdoor weather conditions. However, most of the commercial medium-sized office
buildings have a mixed-load pattern, meaning the HVAC system and operation schedule dictate
the indoor condition regardless of the contribution of internal and external loads. To deploy the
methodology to another portfolio of buildings, simulated LEED NC office buildings are selected.
The advantage of this approach is to isolate energy performance due to inherent building
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characteristics and location, rather than operational and maintenance factors that can contribute to
significant variation in building energy use. A framework for detailed building energy databases
with annual energy end-uses is developed to select variables and omit outliers. The results show
that the high performance office buildings are internally-load dominated with existence of three
different clusters of low-intensity, medium-intensity, and high-intensity energy use pattern for the
reviewed office buildings. Low-intensity cluster buildings benefit from small building area, while
the medium- and high-intensity clusters have a similar range of floor areas and different energy
use intensities. Half of the energy use in the low-intensity buildings is associated with the internal
loads, such as lighting and plug loads, indicating that there are opportunities to save energy by
using lighting or plug load management systems. A comparison between the frameworks
developed for the campus buildings and LEED NC office buildings indicates these two
frameworks are complementary to each other. Availability of the information has yielded to two
different procedures, suggesting future studies for a portfolio of buildings such as city
benchmarking and disclosure ordinance should collect and disclose minimal required inputs
suggested by this study with the minimum level of monthly energy consumption granularity.
This dissertation developed automated methods using the OpenStudio API (Application
Programing Interface) to create energy models based on the building class. ASHRAE Guideline
14 defines well-accepted criteria to measure accuracy of energy simulations; however, there is no
well-accepted methodology to quantify the model complexity without the influence of the energy
modeler judgment about the model complexity. This study developed a novel method using two
weighting factors, including weighting factors based on (1) computational time and (2) easiness
of on-site data collection, to measure complexity of the energy models. Therefore, this
dissertation enables measurement of both model complexity and accuracy as well as assessment
of the inherent tradeoffs between energy simulation model complexity and accuracy. The results
of this methodology suggest for most of the internal load contributors such as operation schedules
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the on-site data collection adds more complexity to the model compared to the computational
time.
The third objective deployed the developed building classification and energy simulation
approaches to two well-instrumented case studies. In the first case study, without the use of onsite data except the building energy consumption, the developed methods successfully predict the
natural gas consumption, while the electricity consumption requires additional inputs beyond the
building energy consumption. The second case study exhibited an opposite pattern of outcomes,
meaning the developed methods successfully predict the electricity consumption, while the
natural gas consumption requires additional inputs. For the first case study with additional site
visit data, and for the second case study with using monthly building indoor temperature readings,
the developed methods provide accurate predictions for both natural gas and electricity
consumptions that have met the ASHRAE Guideline 14 requirements, to have CV below 15%. It
is important to note this guideline provides accuracy measurement criteria for a well-calibrated
model for which an energy modeler typically performs multiple site visits and reviews detailed
building documentation to obtain inputs for the building model. In addition, with the exclusion of
three outlier months from the analyses, the results without any additional inputs have met the
accuracy requirement. The conducted energy simulations for the two case studies revealed that
there are key variables such as outdoor air fraction, infiltration rate, and monthly HVAC setpoints
especially for the shoulder months (April-May and October-November) that are not included in
the building energy database due to the difficulty of on-site measurements. Use of these variables
in the building classification and modeling can increase the accuracy of energy simulation to the
required level of acceptance.
Overall, this study provided specific data on tradeoffs between accuracy and model
complexity that points to critical inputs for different building classes, rather than an increase in
the volume and detail of model inputs as the current research and consulting practice indicates.
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Chapter 1
Introduction
Section 1.1 introduces this dissertation with the statement of the existing knowledge gap
in energy simulations of buildings. Section 1.2 provides a summary of important applications for
quantitative methods to evaluate energy efficiency of buildings. Section 1.3 summarizes the
limitations that are associated with using existing portfolio of buildings. Model complexity and
accuracy of energy simulations are presented in Section 1.4. Section 1.5 presents the need for a
building classification based on the energy use patterns. Section 1.6 addresses the need for
databases of the energy use patterns of buildings as test beds to analyze energy use of the
buildings and propose methodologies for building energy use classification. Section 1.7
summarizes the structure of this dissertation.

1.1 General Statement of Problem
Current building energy simulation techniques require a substantial amount of time and
effort to model the buildings without the consideration of the importance of different variables on
internal and external loads. The long process of model creation and calibration renders the
building energy simulations applicable to a case study approach. This approach is not applicable
to model portfolio of buildings to identify different energy saving measures or optimize building
performance based on simulations of the whole building. This study proposes focusing on the
relative significance of heat transfer processes to support the development of rapid and accurate
energy simulations based on the energy use pattern classification. The results of this study could
potentially offer several benefits in retrofits of buildings to save energy and Green House Gas
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(GHG) emissions. Such a methodology developed in this study can be used to (1) Model a large
number of buildings or a large number of alternative solutions in support of retrofit decisionmaking and (2) Provide opportunities for the city benchmarking and disclosure ordinance
programs to collect and disclose required variables identified in this study.

1.2 Quantitative Criteria to Evaluate Energy Efficiency of Buildings
Historically, buildings are the top consumers of electricity and significant contributors of
greenhouse gas emissions in the U.S. [1]. The percentage of primary energy consumed by
commercial and residential buildings comprises more than one fourth of the country energy use.
People residing within urban environments primarily use energy to cool, heat, and ventilate their
buildings. Currently, over half of the world’s population lives within urban environments [2]. In
addition, it is projected that human migration from rural areas to urban areas will increase by
2030 with roughly 60% of the world’s population residing within urban environments. As a
result, energy consumption of buildings within urban environments is expected to increase.

Table 1-1. Percentage of primary energy consumed by commercial and residential buildings by
nation [1, 3, 4]
Country

U.S.

China

EU

UK

Spain

Japan

Switzerland

Brazil

40%

26%

37%

39%

23%

25%

47%

42%

Percentage of energy
use in buildings

Figure 1-1 shows the historical and projected energy consumption in the U.S. buildings and
population in the U.S. cities with more than 750,000 inhabitants [1, 5]. A comparison shows that
the projected population is assumed to follow the same pattern before and after 2010 while the
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projected energy consumption is assumed to have different pattern before and after 2010. This
indicates that there is a need for quantitative criteria to evaluate energy efficiency of the
buildings; otherwise, using the existing criteria will not change the energy use pattern suggested
in Figure 1-1. This dissertation is part of long-term projects to support development of
quantitative criteria to evaluate the energy efficiency of buildings located in different climate
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0
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Number of People in the U.S. Cities with the
Population more than 750,000 (Millions)

Energy Consumption in Building Sector in the
U.S. (Quads)

zones.

Year
Energy Consumption in Building Sector

Population reside in urban environment

Figure 1-1. U.S. historical and projected energy consumption in building sector and population in
cities with equal or more than 750,000 residents (data from [1] and [5])

The influence of building energy use patterns as well as building systems, the indoor
environment, and occupants has not been fully understood yet. Figure 1-2 shows the connection
between the outdoor environmental conditions, buildings systems, indoor environment, and
occupants in urban environments. Typically, the research interests focus on each topic separately.
This study provides a connection between the outdoor environment, building systems, and indoor
environment with building energy use classification.
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Outdoor environment
Building systems
(Enclosure and HVAC)

Indoor environment

Occupants

Figure 1-2. Connection of outdoor environment, building systems, indoor environment, and
occupants

This dissertation considers three key elements: (1) Building energy simulation accuracy
(2) Building energy simulation model complexity, and (3) building classification based on energy
use patterns as requirements to provide a guideline that enables quantification of the building
energy efficiency. Two sets of building types are selected as test beds for this dissertation: (1)
campus buildings located in the Northeast of U.S. and (2) Leadership in Energy and Environment
Design New Construction & Major Renovation (LEED NC) certified buildings from the U.S.
Green Building Council (USGBC) database. The results and conclusions are based on these two
portfolios of buildings.
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1.3 Limitations Associated with the Use of Portfolio of Buildings
It is important to note there are limitations associated with using portfolio of buildings.
The limitations identified in this study for typical portfolio of buildings are:
(1)

Access to energy data for a portfolio of buildings is restricted: It is important to

notice that the access to energy data for a portfolio of building is typically restricted by
building owners, so access to such databases is unique, but still relatively limited when
considering the entire U.S. building stock. Recent city energy water benchmarking and
disclosure ordinances in Philadelphia, Chicago, San Francisco, Boston and others are
designed to alleviate the historic lack of systematic data on actual building performance.
Nevertheless, these initiatives are all relatively new and still do not require sufficient data
details to provide a basis for new energy simulation models.
(2) Require development of an Application Programming Interface (API) to automate the
download process: Since the accessibility to most portfolios of the buildings is restricted
by building owners, the portfolios are not designed to benefit from automated data
exchanges, meaning they are not designed to allow using APIs. Therefore, the user of the
databases needs to access to the building data manually.
(3) Need to extract the data from the submitted forms or monitored data manually: The
user of the data sometimes requires extracting the data from the submitted forms or
design documents manually that render the data extraction relatively slow. With the
development of the computational and storage capabilities, the building industry can
benefit from direct conversion of the submitted data or monitored data from the users or
sensors to sql-based or document-based databases in order to provide a better
interoperability.
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(4) Require data cleaning to remove the wrong readings or replace the missing data using
proper assumptions: One important step for using a large dataset such as portfolio of
buildings is to establish a good experimental design to consider such a methodology to
clean the wrong sensor readings or submitted documents. Currently, for most of the
building portfolios, this step is not automatically accomplished.
(5) Most of the time researchers are allowed to only report aggregate data: In most of the
situations, the confidentiality agreement allows researchers to report only aggregate
results rather than results for specific case studies. Although this kind of confidentiality
agreement tends to make difficulties for the most studies, it is aligned with the scope of
this study to consider portfolio of buildings and develop such a methodology applicable
for the entire reviewed building stock rather than a case study approach.
Therefore, the two databases, campus buildings and LEED NC, provide a unique insight
into operation of a large number of actual buildings as well as simulation approaches by highly
valued consultants in the building industry.

1.4 Model Complexity and Accuracy of Energy Simulation Results
Energy software tools have been successfully used in the design stage of buildings to size
the Heating, Ventilation, and Air conditioning (HVAC) systems [6]. Researchers have also shown
that calibrated energy simulation models can provide reliable energy simulation results close to
the actual energy use of the building [7]. Calibration is possible when energy bills or measured
data are available. There are many estimated variables in energy models that render the
calibration process often more of an art than a science [8]. Specifically, there has not been a
unifying procedure for building energy modelers to identify minimal required inputs and perform
sensitivity analyses on the accuracy and complexity of energy simulation models. This lack of
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unifying procedure sometimes results in unrealistic expectations for accuracy of the energy
simulation tools.
Various approaches exist to improve accuracy of currently used energy simulation tools.
One approach is to review inputs used in the energy models through the building design stage and
classify energy simulation models based on associated deviation from the typical used inputs [9].
This dissertation proposes another approach by identifying minimal required inputs for rapid and
accurate energy simulation based on the energy use pattern classifications presented in Chapters 4
and 5.

1.5 Need for Building Classifications Based on Energy Use Pattern
Statistical tools are the primary tools to analyze building energy and provide physical
models. However, without consideration of a building classification based on the energy use
patterns of a building, efficient on-site data collection and consequently rapid energy simulations
seem impractical. This dissertation suggests identifying different classes of buildings to include
similarities and differences between classes of buildings. Consideration of numerous variables
renders the on-site data collection inefficient when there is a need to model a large number of
buildings. Therefore, a practical way is to include a minimum number of variables that have the
most important effect on the energy use of the building. The proposed classification in this study
identifies minimal required inputs based on energy use patterns for typical classes of buildings to
provide a robust taxonomy of requirements. The results of this dissertation enable on-site data
collection and deploy rapid and accurate energy simulations that address model complexity and
accuracy for a large number of buildings located in a built urban environment.
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1.6 Need to Establish Database of Energy Use Patterns for Buildings
Unprecedented advances in computational power and data storage capability enable this
dissertation to use a large number of building energy data and energy simulation approaches to
quantify energy efficiency of buildings. Recently, there has been a major interest in
benchmarking energy use of building stock and therefore collect energy consumption for a large
number of buildings. A number of major U.S. cities such as New York City, Seattle, San
Francisco, Austin, Washington DC, and Philadelphia passed laws that ask building owners to
submit their building energy data to Portfolio Manager [10, 11]. The existing publicly available
data for the benchmarking ordinance programs only include the annual energy use of the building
without any energy detailed information on the influential variables or disaggregation of enduses. The cities need to work on the submitted data overtime to improve the quality of the
submitted data [12]. Therefore, analyses of building energy efficiency need to identify key data to
report for different building energy databases, such as the benchmarking programs.
Among the major stakeholders with detailed energy use data, campus buildings are one of
the best candidates due to the existence of sustainability programs that track energy consumptions
of buildings continuously. Therefore, this dissertation considers university campus buildings as a
starting point of this project to quantify energy efficiency of buildings since university campuses
are located in different climate zones, and they are built for different occupancy types.
A portfolio of buildings with tracked energy consumptions typically lacks detailed
information from the building operations and systems. In addition, any results from the data
analyses are subject to occupant behavior or operational schedules for the building systems. To
segregate the operational influence from the energy use, this study uses the submitted design
documents to the USGBC for the LEED certified office buildings that comprise detailed
information for the building systems, including different energy end-uses. Office buildings as a
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common space type are used to perform analyses. The results of this section can be deployed for
different space types of portfolio of buildings.

1.7 Structure of This Dissertation
Chapter 1 provides a general overview of the research approach. Chapter 2 presents a
literature review on important aspects of dissertation to identify the existing knowledge gap and
explicitly propose the methodologies to fill the knowledge gap. Then, Chapter 3 proposes
research hypothesis, objectives, and research methodology of this dissertation. Chapter 4 presents
the energy use patterns classification of campus buildings with detailed Chilled Water (CHW),
steam, and electricity energy use, and Chapter 5 deals with high performance office buildings to
narrow the scope of the reviewed buildings to typical office buildings. While Chapters 4 and 5
cover the first objective, Chapter 6 presents the methods developed to automate the energy
simulations and suggest different approaches to add complexity to the models based on the
energy use patterns of the buildings. Chapter 7 deploys the first and second objectives of this
dissertation for two well-instrumented case studies and provides recommendation for the
effectiveness of modeling based on energy use patterns classification. Finally, Chapter 8
concludes the dissertation with a summary, lesson learned, and recommendations for future
studies.
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Chapter 2
Literature Review
This chapter presents a critical literature review on the heat transfer processes for
building subsystem, building energy simulation tools, simple and detailed energy simulation
approaches that addresses model complexity and accuracy, as well as building classification and
energy modeling to identify the knowledge gap and define the scope of this dissertation to
address the gaps. Section 2.1 provides a summary of the heat transfer processes for the building
energy subsystems and categorizes the influential variables into different categories. Section 2.2
presents an overview of the building energy simulation tools. Section 2.3 reviews differences
between simple and detailed energy simulations, and Section 2.4 summarizes the building
classification. Section 2.5 presents common methods to analyze the building energy use, and
section 2.6 provides a summary on the identified gaps to conclude this chapter.

2.1 Heat Transfer Processes for Building Energy Subsystems
Heat transfer processes for building energy subsystems comprise influences of external
and internal boundary conditions at the external and internal surfaces of the building wall, roofs,
and floors. Weather conditions, urban environment, heat and mass transfer processes such as heat
conduction through the building walls, radiation through the glazing components, short- and longwave radiations, internal and external convection, infiltration, and internal heat gains provide
external and internal boundary conditions for the energy modeling [13]. Figure 2-1 depicts the
common heat transfer processes in a typical room, and Table 2-1 provides a summary of the main
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heat transfer processes with a typical formula. Detailed description of the processes with various
modeling formulas can be found in the existing publications [14, 15].
Recently, there has been interest in modifying the existing heat transfer processes
coefficients based on the urban environment influence [16]. This process requires usually static or
dynamic coupling of Computational Fluid Dynamics (CFD) and building energy simulations. The
results could lead to deployment of accurate local convective heat transfer coefficient (CHTC)
and infiltration rates in the building energy simulations. This dissertation does not include
coupling of CFD with energy simulations.

Figure 2-1. Representation of heat transfer processes in a typical room (Note: the figure was
adopted and modified from Novoselac 2005 [13])

This dissertation considers relative significance of heat transfer processes as the energy
simulation inputs. To address it, Table 2-2 summarizes important variables that are resulted in
significance of heat transfer processes [17]. These variables directly or indirectly are correlated to
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Table 2-1 heat transfer processes. The variables are divided into three categories of (1) common,
(2) external, and (3) internal boundary conditions. Although there are overlaps between these
categories, the categorization can enable building energy simulations to identify the focus of their
efforts. Common boundary conditions are variables and their values that are typical for the
specific building type, such as building use patterns or indoor temperature control set points..
Internal and external boundary conditions contribute more to the internal heat gain and external
heat transfer, respectively.
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Table 2-1. Summary of typical heat transfer processes for building energy subsystems [14, 15].
Internal /

Heat Transfer

External

Process

Typical Formula

(2-1)
Convection
2

Where h is external convective heat transfer in W/m -K and

is the local velocity in m/s.
(2-2)

Where

and

(2-4) show

are direct solar and sky diffuse radiation, respectively. Equations (2-3) and
and

correlations:

Solar radiation

(2-3)
(

)

(

(2-4)

)

are direct normal solar radiation, incident angle, sky diffuse radiation. The unit
for the solar radiation variables is W/m2.
(

External

(

)(

(

)
)

)

)(

(

(2-5)

)

(2-6)

Long-wave
Where
radiation

(

respectively.

)
(

and

(
)

)

(

are surface long-wave radiation from/to ground and sky,
are linearized ground and sky solar

)

radiation heat transfer coefficients in W/m2K and surface and ground temperatures in °C.
(

)

(

Conduction to
the ground

Where

(2-7)

)

are thermal conductivity of ground, distance, and floor surface

temperature in W/m-K, m, and °C, respectively.
|

(
Infiltration

Where

is the design infiltration rate in m3/s.

|
are coefficients based on the

urban environment in [-], 1/C, s/m, s2/m2, respectively.
Depending on the surface orientation and flow fluid, it is a combination natural and forced
Convection

convection as:
(

Internal

(

Long-wave
radiation

Where

)

)

(

)

(2-8)

(2-9)

are Stefan-Boltzmann constant equals to 5.67×10-8 W/m2-K4, radiosity in

W/m2, surface index, and emissivity.
Short-wave
Short-wave radiation is due to the internal heat gain from lighting and fenestration solar gains.
radiation
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Table 2-2. List of influencing variables that are consequences of heat transfer processes
1.

2.

3.

4.

5.

6.

7.

8.

Common Boundary Conditions
Systems Variables

Supply fan power

Energy Efficiency Ratio (EER)

Maximum supply air flow

Minimum outside air

HVAC systems (Absorption, vapor compression, …)
Internal Boundary Conditions
Internal Loads

Lighting power density

Equipment power density

Process power density

Miscellaneous power density

Occupancy density

Metabolic activity of occupants and clothing
Internal Load Schedules

Lighting schedule

Equipment schedule

Process schedule

Miscellaneous schedule

Occupancy schedule
Systems Schedules

Interior fans schedule

Space heating and cooling temperature set points and set backs

Days of operation

Outside fresh air schedule

Economizer
External Boundary Conditions
Building Geometry

Building Gross Floor Area (GFA) and building Conditioned Floor Area (CFA)

Building space types

Number of floors

Age of the building and equipment (contribute to other variables)

Building surface to volume ratio
Real Time Weather File

Dry bulb temperature

Relative humidity

Dew point temperature

Wind speed/direction

Atmospheric pressure

Horizontal infrared radiation intensity from sky

Diffuse horizontal radiation (Downwelling diffuse solar)

Direct normal radiation (Direct Solar)

Snow and liquid precipitation depth
Thermal Characteristics of Building Envelope

Window shading coefficient (SGHC)

Window U-value

Wall U-value

Floor

Wall to Window Ratio (WWR)

Internal thermal
Urban Environment Influence

Local convective heat transfer coefficients

Urban environment density
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2.2 Building Energy Simulation Tools
Department of Energy (DOE) pioneered the development and use of building energy
simulation tools. In 1980s and 1990s, DOE supported the development of two hourly building
energy simulation tools programs: (1) BLAST and (2) DOE-2 [18]. Then, DOE utilized the two
decades experience of developing whole building energy simulation tools in establishing the next
generation of energy simulation tool, EnergyPlus, that meets advances in computers and building
industry expectations. The first version of EnergyPlus was released in 2001. Although
EnergyPlus provides new functionality that can meet the building industry expectations, it lacks a
graphical interface. This setback renders usage of EnergyPlus more difficult for the building
stakeholders to perform quick energy simulations with less energy model preparation. Therefore,
public and private graphical interfaces such as Design Builder, Simergy, and OpenStudio are
being developed. Design Builder is being developed by a private firm [19]. DOE is co-funding
Simergy and OpenStudio. OpenStudio, an open source project developed by National Renewable
Energy Laboratory (NREL), is a set of software tools that serves as pre- and post- processors for
EnergyPlus and Radiance [20]. Lawrence Berkeley National Laboratory (LBNL) lead the
development of Simergy, a graphical interface for EnergyPlus [21]. The first version of Design
Builder, OpenStudio, and Simergy were released in 2005, 2008, and 2012, respectively. A
comparison between the energy simulation tools shows that there is a need to address unrealistic
expectations of existing building energy simulation tools. This dissertation considers
quantification of model complexity and accuracy of energy simulations with the building energy
use patterns classification to provide rapid and accurate energy simulation approaches.
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2.3 Simple and Detailed Energy Simulations
With the usage of energy simulation tools becoming more popular for building energy
modeling, there is a need to provide more reliable and faster energy simulation approaches. One
practical way to provide more reliable energy simulation approaches is to gain a better
understanding of energy simulation tools and simplify sensitivity of the energy simulation models
to the inputs [22]. Although these energy simulation tools could encourage designers and
engineers to have confidence on how to use a simulation tool according to the design
requirements and save more energy, energy simulation inputs could highly affect the accuracy
and reliability of a building simulation results [23]. Therefore, there is a need to provide fast and
reliable energy simulation approaches while accuracy of simulated results comply with the
metered data.
Recent studies have focused on developing new reliable and fast simulations [24, 25]. On
one hand, most studies suggest that complex energy simulation models could provide a better
agreement with the metered data than simpler energy simulation models. On the other hand, more
complex energy simulation models require accessibility to more detailed information about the
buildings while the computational time increases [26]. Therefore, quantification of tradeoffs
between model complexity and accuracy of energy simulation results is crucial.
This dissertation categorizes the simplifications made on the building energy simulation
models to assess effectiveness of simple models to (1) HVAC systems, (2) Thermal zones, (3)
Building envelope. Table 2-3 provides a summary of previous studies that they focus on the
calibration of building energy models. Majority of the energy simulation calibration publications
focus on estimating and minimizing error without creating actually applicable guides [8]. These
publications provide selected number of variables without consideration of internal/external
boundary condition effects in the process of variable selection. These publications can be
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categorized into (1) variation in the building operation schedules [27], (2) accuracy of existing
models in the energy simulation engines [18, 28, 29], (3) uncertainty associated with the inputs
[30], and (4) influence of actual weather data [27]. There is no guideline on when these four
major variables have influence on the energy simulation accuracy and model complexity.

Table 2-3. A selection of existing researches on the simplifications made in the energy models
Author

Year

Focus

Liu and Liu [25]

2011

Simplified HVAC systems

Flesmann et al. [31]

2013

Simplified HVAC systems

Dong et al. [32]

2013

Simplified thermal zones

Smith [33]

2011

Simplified thermal zones

Melo et al. [24]

2012

Simplified building envelope

Sarabi et al. [34]

2013

Simplified building envelope

ASHRAE Project 1051 report (RP-1051) and ASHRAE Guideline 14 are two major
publications that explicitly address the calibration of energy simulation models and accuracy
separately [26, 35]. RP-1051 has a calibration methodology that contains a fairly complete table
of variables that can be modified to achieve a calibrated model [7], while Guideline 14 provides
recommendations and statistical analyses to address accuracy of building energy modeling.
However, the existing publications do not address the quantification of building energy
simulation model complexity and accuracy.
This dissertation suggests that throughout the calibration of energy simulations, there is a
sweet spot that the energy simulation can provide accurate energy simulation data within a good
agreement with the building energy consumption while there is no need to include numerous
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hours to collect data. Figure 2-2 shows the schematic correlation between the complexity of the

Accuracy of energy simulation results

energy simulation models with the accuracy of energy simulation results.

Simple
Model

Detailed
Model

Computational
time increases
Complexity of the energy simulation model

Figure 2-2. Proposed correlation between the complexity of building energy simulation models
with accuracy of energy simulation results

2.4 Building Classification
Throughout the literature review, this dissertation categorizes the building classification
studies into four categories: (1) Space type classification, (2) Benchmarking of buildings, and (3)
Use of data collection, and (4) Key variables. Table 2-4 provides a summary of these studies. The
intent of different building classification studies is different, depending on the purpose of a
particular research study. Existing research studies typically classify buildings based on their
occupancy types, which are defined by a building’s purpose, function, or principal activity.
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Table 2-4. Focus of the building classification studies
Author

Year

Focus for Energy Modeling

Korb et al. [36]

2006

Space type classification

Davis et al. [37]

2012

Space type classification

Chung et al. [38]

2006

Benchmarking of buildings

Kunz et al. [39]

2006

Benchmarking of buildings

Filippin C. [40]

2000

Benchmarking of buildings

Lee and Chen [41]

2008

Benchmarking of buildings

Wang and Gorrsien [42]

2012

Use of data collection

Li et. al [43]

2010

Key variables

Harris and Higgins [44]

2012

Key variables

Narayanan et al. [45]

2012

Key Variables

Eisenhower et al. [46]

2012

Key Variables

Space type studies focus on the building space type classification in order to distinguish
the space functionality from each other. The aim of these studies was not on the building energy
use of the building.
The purpose of benchmarking studies is to categorize buildings based on their space type
and provide a fair score and comparison. Two types of these studies are (1) small-scale (usually
less than 50 buildings) and (2) large-scales (nationwide). The small-scale studies could provide
more detailed information for the reviewed buildings, although the results cannot be extended for
typical space types. Examples of small-scale studies are benchmarking campus buildings, hotels,
and schools. Large-scale studies typically require government run agencies to collect and analyze
the data in a nationwide or statewide. The setback of these studies is to assume same performance
for the buildings. Examples of benchmarking studies are Commercial Buildings Energy
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Consumption Survey (CBECS) [47], Energy Star Portfolio [48], DOE Reference Buildings [49],
Commercial Energy Services Network (COMNET) energy modeling [50] , and California
Energy-Use Survey (CEUS) [51]. The classifications may not explicitly address energy
consumption of the building [38].
The intent of building classification also could focus on the ease of on-site data collection.
Commercial Building Energy Asset Score is a tool that addresses on-site data collection and
variability of data inputs [42]. Table 2-5 shows the procedure of this classification. However, this
classification does not address when and where the focus is necessary. The classes of buildings
are defined as space types.

Table 2-5. Energy Asset Score data inputs classification [42]
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The fourth type of studies focused on identification of key variables to (1) install submeters or (2) determine inputs for the building energy simulations. Typically, existing studies rely
on a case study or limited case studies approach to install new sub-meters, to capture lighting,
plug loads, and HVAC consumptions. In addition, the method is only applicable to buildings that
have more well-organized panel distribution to segregate the end-uses; otherwise, the budget
cannot support this method. New Building Institute (NBI) tested out this method on two buildings
to identify new indicators and Key Performance Indicators (KPI) [44]. Another set of studies
focused on the outlier detection of the Building Management System (BMS).

2.5 Methods to Analyze Building Energy Use
Typically, buildings are considered as space types and different energy modeling methods
are used to analyze the building energy consumption for the specific space types. The energy
modeling methods vary in terms of the time/effort and accuracy/quality of results. Table 2-6
shows six common energy modeling criteria reviewed in this dissertation. Energy manager of
buildings usually use Methods (1) to (5) to evaluate the energy consumption of buildings due to
their simplicity, but the tradeoff is the accuracy. The whole building energy simulation method is
rarely used due to its complexity, but if it is properly calibrated, it can provide accurate results for
the calibrated building [6, 7]. For most practical applications, methods (1) to (5) that include
weather and a building-related variable are adequate [52-54]. Although the degree days method is
simple and reliable in most cases, a known disadvantage of the degree day method is that it
assumes buildings consumes energy uniformly during a day, which is a crude assumption. For
buildings with intermittent energy consumption during a day, this method is less suitable.
Nevertheless, for buildings that operate 24/7, such as typical university campuses and healthcare
buildings, this assumption is suitable. This dissertation uses/supplements the original ideas of
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Methods (1), (5), and (6) to develop the quantification tradeoffs between model complexity and
accuracy.

Table 2-6. Six common energy modeling criteria reviewed in this dissertation to analyze energy
consumption of buildings
Method number

Energy modeling criteria name

1

Degree day calculations

2

Estimated savings based on the utility bills (disaggregation)

3

Temperature bin spreadsheet calculations

4

8760-hour spreadsheet calculations

5

Energy Utilization Index (EUI)

6

whole building energy simulations

2.6 Summary
This section summarizes the knowledge gap relevant to the presented topic based the
literature review presented in this chapter and addresses solutions proposed in this dissertation.
The list of knowledge gap and solutions are:
1- Did not consider portfolio of buildings and primarily focused on case studies:
This dissertation considers two portfolios of buildings with 78 and 134 buildings to
demonstrate the methodologies. The existing studies consider case study approach,
meaning the methodologies are more appropriate for similar case studies. Although there
have been studies that consider portfolio of building to identify key variables, the results
are not summarized in a general classification.
2- Did not consider the sources of the heat transfer processes and contributing variables:
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This study uses a synoptic point of view to consider a large number of buildings with
focusing on the internal and external boundary conditions. The methodologies used in
this dissertation utilize the energy use patterns of buildings to identify the focus area.
3- Did not consider automated procedure to consider variability in model complexity based
on the building energy use:
One of the primary aims of dissertation is to provide procedures that can be automated to
facilitate the implementation of the methods for different types and/or portfolio of
buildings. A set of methods is developed to facilitate implementation of modeling
approaches for externally-load, internally-load, or mixed-load buildings.
4- Did not different granularity of energy and weather data:
This dissertation considers different granularity of the energy and weather data, including
15 minute, hourly, monthly, and annual. The methods are tested out for the two selected
portfolios of buildings to identify the advantages and limitations of the suggested
methods in this study.
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Chapter 3
Dissertation Hypothesis, Objectives, and Methodology
The goal of this study is to quantify tradeoffs between model accuracy and complexity
for energy simulations with a building energy use patterns classification. Sections 3.1 and 3.2
present the research hypothesis and objectives, respectively. Section 3.3 presents the proposed
methodology to identify sources of the dominant heat transfer processes. Section 3.4 provides an
overview of the tasks for this dissertation, and Section 3.5 presents the requirements that were
used to select the portfolios of buildings. Finally, Section 3.6 summarizes this chapter with the
selected variables.

3.1 Research Hypothesis
Table 3-1 presents the research hypothesis. The problem statement and the literature
review in Chapter 2 are used to define the research hypothesis. The results of this hypothesis can
support retrofit projects to assess different Energy Efficient Measures (EEMs) in a short period of
time. This dissertation assesses feasibility of using building energy use classification to determine
minimal required inputs and perform rapid energy simulations while the accuracy are quantified
to provide confidence on the preformed energy simulations based on the building energy use
patterns classification. This identification of minimal required inputs allows existing city
benchmarking and disclosure ordinance programs for major U.S. cities to collect required inputs
in order to provide a better evaluation of performance of building energy consumptions.
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Table 3-1. Proposed research hypothesis of this dissertation
Research Hypothesis:

Building classification can provide minimal required inputs for rapid
and accurate energy simulations for a large number of buildings.

3.2 Dissertation Objectives
This dissertation defines three objects presented in Table 3-2 to conduct the study. In the
first step, a framework is defined to identify classes of buildings for set of building portfolios.
Then, based on the identified classes of buildings, there is a need to develop approaches to
perform energy simulations. Effectiveness of the approaches is assessed by adding complexity of
the energy models. For the last objectives the results of objectives 1 and 2 are used to demonstrate
the developed methods for two case studies.

Table 3-2. Proposed research objectives of this dissertation
Research

1- Create a framework to identify classes of buildings

Objectives:

2- Develop different building simulation approaches for identified classes
of buildings and quantify tradeoffs between model accuracy and
complexity
3- Demonstrate building simulation approaches for two case studies

3.3 Proposed Solution to Identify Sources of Heat Transfer
To the best knowledge of the author, there is no study that explicitly quantifies tradeoffs
between energy simulation accuracy and model complexity with the building energy use patterns
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classification to demonstrate rapid and accurate building energy simulation approaches. This
dissertation considers the results of the relative significance of heat transfer processes as the
energy simulation inputs and provides a computational framework to classify building based on
their energy use patterns and deploy rapid and accurate building energy simulation with minimal
required inputs while the accuracy remain in good agreement with the measured data. The results
of this study could potentially offer several benefits in the design and retrofit of buildings to save
energy.
In order to considers heat transfer processes and resulted in the relative significance of
heat transfer processes shown in Table 2-1 and Table 2-2, this dissertation classifies buildings
into (1) externally-load dominated buildings, (2) mixed-load dominated buildings, and (3)
internally-load dominated buildings based on their energy use patterns. It is useful to determine
whether internal, external or mixed-loads dominate in a building in order to inform design,
retrofit and energy simulation efforts. Table 3-3 provides detailed descriptions of externally-load,
mixed-load, and internally-load dominated buildings: Figure 3-1 shows the variables and the heat
transfer processes occur for the internally-load, externally-load, and mixed-load buildings.
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Table 3-3. Definition of externally-load, mixed-load, and internally-load dominated buildings
Building types

Description

Externally-load

Externally-load dominated buildings have their energy consumption

dominated

controlled by the outdoor weather conditions and ventilation systems. In the

buildings

literature, externally-load dominated buildings are sometimes called
envelope-dominated buildings for which the envelope-dominated word
does not indicate the effects of the ventilation systems. Space types such as
warehouses and residential buildings tend to be externally-load dominated.

Mixed-load

In these buildings, external and internal thermal loads have the same order

dominated

of magnitude. Therefore, to predict energy performance of these buildings a

buildings

combination of externally-load and internally-load dominated building
methodology needs to be used. The results of this study show most of the
buildings are mixed-load dominated to the major influence of the HVAC
system and Building Management System (BMS).

Internally-load

Energy consumption in these types of buildings is not controlled by outdoor

dominated

condition; internal loads such as receptacle, occupancy, lighting loads and

buildings

their schedules control the energy consumption. However, this does not
necessarily mean other loads are insignificant; it means internal loads are
the primary driver of other loads. Space types such as office, hospitals, and
research laboratories tend to be more internally-load dominated [55, 56].
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Heat Sources
Internally-load
dominated

Usually
Associated
with:

(~ 40% radiation
~60% convection)

Transient
Heat
Transfer

2. Internal loads

dominated

Usually
Associated
with:

(~ 50% radiation
~30% convection
~20% conduction)
5. Actual Weather Data

Mixed-load
dominated

3. Internal load schedules
4. System schedules

Heat Sources

Externally-load

Usually
Associated
with:

Schedules

Transient
Heat
Transfer

Heat transfer
through the
building envelope
7. Thermal characteristics
of the building envelope
8. Influence of urban
environment

Combination of
variables in
externally-load and
internally-load
dominated buildings

Figure 3-1. Connection of heat transfer process variables specified in section 2-1 and the building
energy use patterns classification

For externally-load dominated buildings, external boundary conditions shown in Table
2-2 significantly influence the building energy use patterns. Similarly, for internally-load
dominated the internal boundary conditions indicated in Table 2-2 have higher impacts than the
external boundary condition on building energy consumption. For the mixed-load buildings, a
combination of these two boundary conditions affects energy consumption of the building. This
energy use patterns classification enable to use minimal required inputs and address accuracy and
model complexity of energy simulations. Figure 3-2 shows asymptotic tradeoffs between model
complexity and accuracy when appropriate boundary conditions are selected sequentially.

Accuracy of energy simulation results
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Simple
Model

Detailed
Model

Computational
time increases
Complexity of the energy simulation model

Figure 3-2. Proposed correlation between the complexity of building energy simulation models
with accuracy of energy simulation results (reprinted).

Throughout the modeling of different classes, this study identifies a potential correlation
between model complexity and accuracy. Equation (3-1) illustrates the proposed formula that
addresses model complexity and accuracy of energy simulations. Appropriate selection of the
building energy use patterns classification that is a function of the heat transfer processes could
lead to the asymptotic tradeoffs between accuracy and model complexity.

(

(

))

(3-1)

In Equation (3-1), accuracy is defined as the modeling uncertainty. Coefficient of
Variation of the Standard Deviation (CVSTD) and Normalized Mean Bias Error (NMBE) are
selected to address accuracy based on the ASHRAE Guideline 14 recommendation. Equations
(3-2) and (3-3) show definition of CVSTD and NMBE. NIV and MC are non-dimensional
numbers and stand for the Number of Influencing Variables and Model Complexity.
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building energy data, number of observations, and simulated building energy data.

3.4 Research Methodology and Overview of the Tasks within the Objectives
Each of the dissertation objectives has several tasks critical to the accomplishment of
specified objectives. Figure 3-3 summarizes the proposed tasks for three objectives of this
dissertation.

Objective 1:
Building
Classification

Steam of Chilled Water
Consumption
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Driven by
weather
Region (II)
Interpolation of
region (I) and (II)

Classify buildings based on
building energy
performance

Not driven by
weather
Region
Outdoor dry
bulb (I)
temperature

Objective 2:
Develop building
energy simulation
approaches

Identify minimal required
inputs to capture heat transfer
processes for energy simulation
approaches

Objective 3:
Demonstrate building
simulation approaches

Conduct energy simulations
of selected case studies

Figure 3-3. An overview of proposed tasks for three objectives
This dissertation uses a synoptic point of view instead of case studies to evaluate
statistically significant number of buildings and enable applicability of the results to campus
buildings located in the Northeastern part of the U.S. and typical buildings located in different
climate zones in the U.S. For the campus buildings, 78 buildings are studied in Penn State’s and
Harvard’s campuses. For the typical buildings in the U.S., around 500 certified LEED NC
buildings are studied. Only 134 office buildings are reviewed in details. Then, the approaches and
results of this study are deployed to case studies.
In Objective 1, two sets of buildings are used to develop classes of buildings. The first set
focuses on campus buildings located in the Northeastern part of the U.S., and the other set
focuses on high-performance LEED certified buildings located in the U.S. The first classification
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will develop a criterion for benchmarking the energy efficiency of buildings at university
campuses located in the Northeastern part of the U.S. The main goal of this energy performance
classification of buildings is to categorize buildings based on building energy consumption, rather
than a descriptive building occupancy types. The second classification of buildings is to extend
the developed classes of buildings to the typical high-performance buildings in the U.S. It is
important to note that there is a significant difference between the campus buildings and LEED
NC buildings. Campus buildings benefit from detailed energy use patterns, but they lack from the
limited information for the buildings. On the other hand, LEED NC buildings have detailed
information about the building, but they lack detailed seasonal energy use patterns. Table 3-4
summarizes proposed tasks for the first objective:

Table 3-4. Proposed tasks for the first objective
Tasks for the

1-1

First Objective:

Collect energy consumption of buildings including the electricity,
chilled water, and steam for campus buildings

1-2

Collect weather data for two campuses

1-3

Normalize the energy consumption of buildings in response to the
outdoor air conditions

1-4

Develop a classification methodology for the campus buildings

1-5

Extend the classification to LEED certified buildings

1-6

Collect weather data for the LEED certified buildings

1-7

Normalize the energy consumption of buildings in response to the
outdoor air conditions, thermal components of building envelopes,
and occupancy pattern

1-8

Develop a classification for LEED certified buildings

While Objective 1 focuses on the energy use patterns classification of buildings,
Objective 2 focuses on the building simulation approaches to assess correlations between the
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indoor and outdoor environments. Rapid and accurate energy simulation are being developed to
perform energy simulation for a whole neighborhood based on selection of necessary boundary
conditions to be defined for different building classes identified in objective 1. This study uses
weather data to utilize outdoor boundary conditions for the energy simulations. Based on the
proposed classifications, this research study establishes a guideline to determine a required
complexity level to capture the dynamic building heat transfer phenomena. Furthermore, a
guideline is developed to determine effectiveness of external/internal boundary conditions for
simple and detailed energy simulations with the use of detailed information and boundary
conditions that addresses the relative significance of heat transfer processes. For less complex
simulations to model, this research study utilizes rapid energy simulations of buildings. The
proposed approaches in this study for simple energy simulations can potentially be used to model
entire neighborhood of building. Table 3-5 lists the proposed tasks to conclude the second
objective.

Table 3-5. Proposed tasks for the second objective
Tasks for the

2-1

Second Objective:

Deploy a set of statistical tools on the building energy end-uses,
weather data, thermal components of building envelopes, and
occupancy pattern

2-2

Identify minimal required inputs for the identified classes of
building in Objective 1

2-3

Adjust identified minimal required inputs based on comparison
between simulated buildings and metered buildings

2-4

Develop simple and detailed building energy simulation approaches
to predict energy consumption of buildings

2-5

Establish accuracy criteria for simple and detailed building energy
simulation approaches that address model complexity
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Objective 3 includes demonstration case studies with the use of proposed approaches
established in Objective 2 to investigate building energy performance. Table 3-6 illustrates the
proposed tasks for the third objective.
Table 3-6. Proposed tasks for the third objective
Tasks for the

3-1

Identify three demonstration suitable case studies

Third Objective:

3-2

Perform detailed and rapid energy simulations based on identified
minimal required inputs on specific case studies

It is important to note that developed energy simulation research approaches in this study
address the thermo-fluid aspect of the predictive models for energy consumption of buildings.
Predictive models to estimate energy consumption of buildings have to include three aspects: (1)
Thermo-fluid, (2) automation (control), and (3) occupant behavior. This dissertation only
addresses the first part of this aspect.

3.5 Requirements for the Selection of Building Portfolios
The building space type usually determines expectations from the energy use of the
buildings. Currently, depending on the purpose of the classification, existing building databases
classify buildings’ space type based on the building principal activity (e.g. the building
characteristics) or the coding regimes (e.g. census or surveys). For example, LEED version 3 and
CBECS 2012 use the building principal and coding regimes to classify buildings, respectively.
These types of classification could provide unrealistic expectations if the building energy use is
the primary factor of the building classification. These kinds of building classifications based on
the space type usually do not consider only the energy use the building and correlated variables to
develop the classification. There is a need to include a complimentary classification next to the
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existing building classifications based on the building’s space type to reflect the energy use of the
building.
Common building classifications explicitly or implicitly consider three levels of
arrangement to develop the building classification (as it is shown in Table 3-7). In the first step,
the building is selected based on the sector; then, the building space type and sub-space type are
used in the next levels of classification. This study uses five existing building classification
methods: (1) CEUS 2006 [51], (2) Energy Star Portfolio Manager [48], (3) LEED Version 3
(version 4 is similar to version 3) [57], (4) ASHRAE Standard 90.1 [58], and (5) CBECS 2012
[47]. Selection of this building classification enables transferring the developed methodology in
this study to other databases.

Table 3-7. Three levels of building classification
Classification Levels

Classification types and description

Level 1

Classify building based on the sector that the building is used. Usually,
the following sectors are considered:
1234-

Level 2

Commercial sector
Residential sector
Industrial sector
Federal sector

Classify building based on the building principal activity that the
building serves. Depending on the different classifications, different
space types are considered (Number of space types are shown in Table
3-8). Common space types are:
1234-

Level 3

Office
Public Assembly
Retail
Warehouse

Classify building based on the building sub-type. Table 3 illustrates the
sub-space types for the office buildings.
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Each of the selected building classification categorizes buildings into building space
types and building sub-space types. Table 3-8 summarizes total number of building space types
and sub-space types. Among reviewed building classification methods, Portfolio Manager and
ASHRAE Standard 90.1 do not provide building sub-types. LEED V3, CEUS 2006, and CBECS
2012 have detailed sub-space classification. This detailed sub-space classification enables energy
modeler and facility managers to get an insight into the principal activity of the building and
energy use expectations of the building.

Table 3-8. Total number of space type and sub-space types in the reviewed principal building
activity classification
Classification Method

Energy Star Portfolio ASHRAE Standard 90.1 (2010) LEED V3

CEUS 2006

CBECS 2012

Total number of types

15

33

15

12

22

Total number of sub-types

0

0

50

61

92

It is important to identify potential portfolio of buildings for this study to determine the
scope of the building space type selection. This dissertation is a part of a project that has started a
long-term collaborative effort to create a building energy database for the building stock located
in different climate zones with various occupancy types, areas, ages as well as fuel types for
multiple years to reclassify buildings based upon their energy use. Large university campuses are
good case studies that contain a diverse collection of buildings for which energy consumption
data are regularly collected [59, 60]. A practical approach to develop a comprehensive database
for energy consumption of university buildings considers energy consumption data from various
universities located in different climate zones [54]. There are several previous studies that
included several universities in an exchange of building annual energy consumption data to
develop a classification methodology [39]. In addition, U.S. Department of Energy (DOE) offers
Building Energy Performance (BEP) Taxonomy that is designed to support building energy
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consumption data exchange between building stakeholders [61]. However, this data exchange
procedure covers different aspect of building data exchange that renders the procedure
complicated for building stakeholders to exchange data frequently. Recently, Building Dashboard
is another tool that offers building energy data exchange [62]. Still, there is no unifying
evaluation methodology or a large-scale exchange of data for monthly and daily energy data. As a
starting point in generating a comprehensive database for the U.S., this study selects two
university campuses located in the Northeastern United States climate zones. From more than 300
buildings at Penn State’s University Park campus and 600 buildings at Harvard’s Cambridge
campus, this research study used seventy-eight buildings with well-documented energy
consumptions to define new classes of buildings based on their energy use and demonstrate the
classification methodology. In the next step, LEED certified buildings are considered in this
dissertation as the extension of university campus buildings to consider different building types
and sizes, as well as different climate zones.

3.6 Summary
This chapter provided the research hypothesis, objectives, and methodology to conduct
the study. This dissertation requires identification and classification of the influential variables on
the building energy use. The next step is to determine the availability of the data and accessibility
to the key variables. Table 3-9 rearranges the variables identified in Table 2-2 based on the
selected portfolio of buildings and case studies. It is important to note that the variables from the
neighborhood and human behavior categories are left of the analyses in this study based on the
proposed scope of the dissertation. Future studies can consider these variables to quantify the
influence of these variables on the building classification.
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Table 3-9. Variable selections in this study based on the selected buildings
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Chapter 4
Campus Buildings
This chapter presents the results of building classification for the campus buildings.
Section 4-1 presents features of the campus buildings that render them as unique case studies.
Section 4.2 provides a summary for the process of data selection, and Section 4.3 describes the
processes that were developed to develop the building classification framework. The developed
methodologies are developed in Section 4.4 to determine an energy use patterns for steam, CHW,
electricity, and total energy consumption. Section 4.5 discusses the energy use pattern results, and
Section 4.6 summarizes the results and discussions of this chapter with its implications for other
chapters.

4.1 Why Campus Buildings
Campus buildings have unique features that render these buildings special. Campus
buildings:


Have sustainability programs that monitor energy consumption of buildings and record
interval energy commodities with different level of granularity such as 15 minutes,
hourly, monthly.



Open to share monitored energy consumption of buildings with the research community.



Have real time monitoring system of the data enabling to perform building retrofit and
have access to pre-retrofit and post-retrofit energy data.
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Entail buildings with different building principal activity, age, shapes, sizes, HVAC
systems, and occupancy types rendering the campus buildings as one of the best
candidates.



Operate with different energy commodities such as electricity, natural gas, steam, and
chilled water, enabling better disaggregation of end-uses without sub-metering end-uses.



Require substantial amount of energy (e.g. the analyses show that close to $2 billion each
year [63]).



Endeavor to construct new buildings or renovate existing buildings to meet the
requirements for energy efficient buildings (e.g. university campuses have set minimum
requirements such as LEED Silver for the energy efficiency of the buildings).



Entail buildings with different energy use patterns such as buildings with energy intense
laboratories and office buildings.
All of the features specified renders the campus buildings as a unique portfolio of

buildings and enables opportunities to retrofit buildings and save energy consumption of the
buildings.

4.2 Process of Data Selection
This dissertation considers 78 campus buildings from Penn State’s and Harvard’s
campuses. The number of studied buildings was dictated by the availability and quality of energy
consumption data. Even for these well-maintained and monitored systems, this study observes
that irregularities in the data collection process have occurred. To eliminate integration of
anomalous data into the energy benchmarking of buildings for five years, 2008-2012, energy
commodities, including steam, chilled water, and electricity consumptions are considered for
Penn State’s and Harvard’s campuses. For both campuses, daily and monthly energy consumption
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data collection has been implemented into the energy monitoring policy since 2008 for most
buildings. However, there are large discontinuities in the 2008 datasets and small discontinuities
in other years. Therefore, this investigation cleans daily energy commodity and weather data
irregularities with several assumptions explained in the subsequent sections and develops the
classification methodology on the monthly basis.

4.3 Classification Framework
The evaluation of the building energy consumption dataset includes weather data to
enable normalization and therefore direct data comparison. Table 4-1 outlines four steps in the
proposed methodology to benchmark campus building energy consumption. In the first step,
weather data is characterized based on the outdoor cooling degree days (CDDs) and heating
degree days (HDDs). Then, hourly HDDs and CDDs are converted to average daily and monthly
HDDs and CDDs. Additionally, sol-air based and dew point temperature based CDDs are
derived. In the second step, this study classifies buildings based on their occupancy type to
compare the proposed benchmarking methodology to the existing ones. In the third step, three
building energy commodities, including chilled water, electricity, and steam consumption, are
collected. In the fourth step, the collected weather and energy data are correlated as normalized
energy consumptions of buildings at different university campuses.
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Table 4-1. A four step methodology to normalize the building energy consumption in response to
environment conditions


Step 1

Weather data
characterization






Step 2

Building selection

Step 3

Energy consumption
database

Step 4

Normalized energy
consumption







Collect hourly weather data variables:
1. Outdoor air temperatures
2. Dew point temperatures
3. Solar radiations
4. Wind speeds
Average daily weather data to monthly data
Derive monthly HDDs, CDDs as well as sol-air based and dew point
temperature based CDDs
Select five primary building categories:
1. Classrooms/Offices
2. Office Areas
3. Research Laboratories
4. Laboratory Mixes
5. Residential Facilities
Select eight secondary building categories:
6. Student Activity Centers
7. Health Facilities
8. Sports and Gym Facilities
9. Auditoriums and Theaters
10. Residential Facility Mixes
11. Hospitality Services
12. Libraries
13. Museums
Collect three main energy consumption commodities:
1. Chilled water
2. Electricity
3. Steam
Normalize energy consumption with weather data
Interpret the normalized energy consumption results with response to
environmental conditions
Derive different classes of buildings based upon their energy consumption

4.3.1 Step 1: Weather Data Characterization
The study used weather data from the closest reliable weather stations that provide easily
accessible weather station data to the public and have standardized reporting and instrument
maintenance protocols [64-67]. Based on the American Society of Heating, Refrigeration, and
Air-conditioning Engineers (ASHRAE) classification, Penn State’s and Harvard’s campuses are
located in “cool-humid” climate region [68]. Figure 4-1 shows distribution of the outdoor air
temperature at Penn State’s and Harvard’s campuses for the five selected years. Although both
campuses have similar distribution, Penn State’s campus temperature readings tend to be smaller
than the Harvard’s campus.
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Figure 4-1. Daily outdoor air temperature comparison between Penn State’s and Harvard’s
campuses
For each day in a year, HDD and CDD are defined as:
∫(

)

∫(

)

for

4-1

for

4-2

is Heating Degree Days for one day [oC] ([oF]),
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18.3

(65
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respectively,

(50

) and

is the daily

average temperature [oC] ([oF]) calculated from the hourly weather data.
Figure 4-2 shows HDD and CDD comparisons between Penn State’s and Harvard’s
campuses for 2010. Since both campuses are located in the same climate zone, CDDs and HDDs
(

satisfy the following criteria (ASHRAE 2006):
(

)

(

)

(

)

). Although

regular outdoor temperature for Penn State’s campus is lower than the Harvard’s
based on dew point temperature as well as

(

) and
based on the
, the

based on the sol-air temperature
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for the Penn State’s campus is higher than the Harvard’s campus. Differences between the dew
point and sol-air temperature CDDs shows that for the cooling season, CDD based on the sol-air
and dew point could provide more insight into cooling energy use of buildings. The differences in
CDDs and HDDs are minor for the two campuses, but still significant for the direct comparison
of energy consumption to be conducted.

Figure 4-2. Total HDD and CDD comparison between Penn State’s and Harvard’s campuses for
2010
It is important to note that the selection of the weather data requires careful consideration.
Appendix B provides a summary of the methodology that this study uses to select and clean
weather data.

4.3.2 Step 2: Building Selection
Current building energy consumption benchmarking techniques usually categorize
buildings based on the building’s principal activity. One of the primary resources to classify
university buildings is the Postsecondary Education Facilities Inventory and Classification
Manual (FICM). A more practical classification methodology developed new building categories
based on a combination of FICM categories [37, 39]. Based on these existing categorization
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efforts, the present investigation proposes an extended building classification that divides the
buildings into thirteen categories based on their building’s principal activity detailed in Table 4-2.
Furthermore, this table also contains definitions of these thirteen categories:

Table 4-2. Definitions of building categories based on the building’s principal activity
Primary categories
1. Classrooms/Offices

This category is a combination of classroom and office areas that none of the classroom or
office areas occupies more than 60% of the building area.

2. Office areas

It is a category that more than 80% of the building area is dedicated to the academic and
administrative office areas.

3. Research
laboratories

This category contains buildings that exhibit high-intensity in terms of energy consumption
and more than 40% of the building area is occupied by research laboratories.

4. Laboratory mixes

Laboratory mixes category is the building area with a combination of classroom/office,
office, and research laboratory areas. In this category more than 20% of the building area is
used for research laboratories, and each of the categories occupy at least more than 15% of
the building area.

5. Residential facilities This category includes students, staff, and faculty housing buildings.
Secondary categories
6. Student activity
centers

This category contains buildings where 40% of the building area is used for student
activities.

7. Health facilities

Health facilities are buildings that provide patient care within university campuses.

8. Sports and gym
facilities

It is a category dedicated to indoor student recreational activities and fitness centers.

9. Auditoriums and
theaters

This category is used for exhibition and performance buildings within university campuses.

10. Residential facility
mixes

This category is a combination of residential facilities and areas allocated for food and
cooking purposes.

11. Hospitality
Services

Hospitality services category contains temporary accommodation facilities, such as
university hotels within university campuses.

12. Libraries

This category defines university libraries.

13. Museums

This category includes museum buildings within university campuses.

The present study also initially categorizes buildings based on the building principal
activity presented in Table 4-2. These buildings will be re-categorized based on their energy
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consumption in the results and discussion section. Table 4-3 shows building categories applied to
buildings on each studied campus within a specific category, their gross area, and ages.

Table 4-3. Primary building categories at two studied campuses
Range of building ages
(Years)

Building
Type

Building number(s)

Approximate Building
Gross Area
m2 (ft2)
Penn State
Harvard

Penn State

Harvard

Penn State

Harvard

Classrooms/
Offices

5 – 108

19 – 113

1P* – 6P

1H** – 6H

4000 – 21000
(43055 - 129167)

5000 – 8000
(53820 – 86111)

Office Areas

10 – 107

21 – 112

7P – 12P

7H – 13H

3000 – 13000
(32292 - 139931)

4000 – 18000
(43056 – 193750)

Research
Laboratories

6 – 81

6 – 131

13P – 18P

14H – 19H

8000 – 13000
(86111 - 139931)

5000 – 20000
(53820 – 215278)

Laboratory
Mixes

8 – 91

5 – 112

19P – 24P

20H – 25H

7000 – 17000
(75347 - 182986)

6000 – 50000
(64583 – 538196)

Residential
Facilities

47 – 87

5 – 124

25P – 35P

26H – 31H

3000 – 20000
(32291 - 215278)

6000 – 23000
(64583 – 247570)

*. **

P and H stands for the Penn State’s and Harvard’s campuses, respectively. For example, 1P means, building number 1 at the
Penn State campus.

In addition to the buildings selected in Table 4-3, Table 4-4 shows secondary categories
to include eight more types of buildings. For this purpose, thirteen campus buildings within Penn
State’s campus were selected.

Table 4-4. Secondary building categories at Penn State campus
Range of building
ages (Years)

Building number(s)

Penn State

Penn State

Approximate Building
Gross Area m2 (ft2)
Penn State

Student Activity Centers

57

36P

23000 (247570)

Health Facilities

4

37P

6000 (64583)

Sports and Gym Facilities

45 – 83

38P – 39P

8000 – 29000 (86111 – 312153)

Auditoriums and Theatres

38 – 109

40P – 42P

2000 – 10000 (21528 – 107639)

Residential Facility Mixes

45 – 55

43P – 45P

2000 – 7000 (21528 - 75347)

Hospitality Services

81

46P

22000 (236806)

Libraries

72

47P

24000 (258334)

Museums

41

48P

5000 (53820)

Building Type
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4.3.3 Step 3: Energy Consumption Database
Typically, for the buildings located in the Northeastern part of the U.S., based on the
measured outdoor air temperatures, a year is divided into heating and cooling seasons. A threemonth-long cooling season (June to August), during which there is a need to cool indoor spaces
of buildings, and a nine-month-long heating season (January to May and September to
December), during which there is a need to heat the indoor spaces within buildings. However, for
the campus buildings, this study observed steam and chilled water consumptions in both heating
and cooling seasons. Therefore, there is a need to use another approach to validate the
assumptions. Table 4-5 illustrates the approaches used to analyze the cooling and heating energy
use for the campus buildings.

Table 4-5. Two approaches used in this study to analyze space cooling and heating
Approach

Heating Seasons

Cooling Seasons

1

January to May & September to December

June to August

2

All year

All year

Currently, sensors that are installed in each building send steam, chilled water, and
electricity consumption data to a data management client. Specifically, the two studied campuses
use central cooling and heating plants as a source of steam and chilled water. Therefore, for a
heating season, steam consumption is normalized with outdoor air temperatures. Similarly, for the
cooling seasons, the chilled water consumption is used for the energy normalization with the
outdoor air, sol-air, and dew point temperatures. As expected, the electricity consumption of these
types of buildings does not correlate to the outdoor weather conditions, so it was normalized with
the building area. Then, the normalized annual electricity consumption is used to determine
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overall energy use patterns of the building. For case studies where the electricity is the primary
source of heating and cooling effect instead of the steam and chilled water, this electricity proxy
can be deployed.
Availability and accuracy of energy consumption commodities are vital for a proposed
new benchmarking methodology based on the building energy use. For Penn State campus, two
options for collection of the energy commodity consumption include: (1) metering and (2) bill
tracking. The metering option captures the actual hourly energy commodity consumptions. The
bill tracking is an option that record monthly commodity consumptions. To assure data accuracy,
the following database cleaning assumptions were made:
(1) When the steam or chilled water meters have reached their upper or lower bound of
meter accuracy, the readings are not accurate; consequently, these out-of-range
readings were removed.
(2) Monthly data from the metering option were compared with the bill tracking values.
Readings more than 15% difference was replaced with the bill tracking reading.
(3) For the first approach, full year heating and cooling for buildings are not considered in
this study. Also, some buildings use steam for the hot water usage during summer time;
in this research study, summer steam consumptions have not been included. The results
of this extra steam consumption elimination appear in the normalized variable.
Figure 4-3 shows energy consumption breakdowns for the primary space types of the
both campuses. Research laboratory space type consumes a significant large amount of energy
compared to other space types. Total energy consumption and the standard deviation of total
energy consumption for the research laboratory space type are very similar for both campuses,
although the steam, CHW, and electricity energy consumptions are different. After the research
labs, lab mix buildings are high energy intensity, and the lab mix buildings have very similar
energy consumption pattern. Classroom/Office, Office Areas, and Residential Facilities have
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slightly different energy consumptions for both campuses. Table 4-6 provides a summary of the
statistics for the energy consumptions for both campuses. In general, for high energy intensity
space buildings such as research laboratories and lab mix space types, the total energy
consumption has very similar consumption patterns, and the type of research laboratories
determines the distribution of steam, CHW, and electricity consumptions. For low to medium
energy intense space types such classroom/office, office area, and residential facility buildings
have different patterns and consumptions for both campuses, and the energy consumptions are
within the same order of magnitude.
Table 4-7 provides a statistical summary of the energy in the Penn State’s campus for
five years. The results show that except 2012, the selected buildings have a similar energy use for
all four years. Figure A-1 provides a detailed energy use patterns for all of the 48 buildings
selected at Penn State’s campus.
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Figure 4-3. Energy consumptions of five primary space types for both campuses: (a)
Classroom/Office, (b) Lab mixes, (c) Office areas, (d) Research laboratories, and (e) Residential
facilities [Note: Majority of the Residential Facilities do not have CHW consumptions]
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Table 4-6. Statistical summary of the energy consumptions for both campuses (Note: “P” stands
for Penn State and “H” stands for Harvard)
Classroom/Office
Steam EUI

CHW EUI

Electricity EUI

Total EUI

P

H

P

H

P

H

P

H

Min

69.1 (21.9)

59.6 (18.9)

38.5 (12.2)

15.5 (4.9)

30.6 (9.7)

44.2 (14.0)

175.8 (55.7)

143.6 (45.5)

Mean

172.6 (54.7)

94.1 (29.8)

99.8 (31.6)

59.2 (18.8)

106.1 (33.6)

77.5 (24.6)

367.3 (116.4)

211.1 (66.9)

StDev

76.5 (24.2)

23.7 (7.5)

66.5 (21.1)

37.9 (12.0)

40.7 (12.9)

25.1 (8.0)

127.9 (40.5)

68.9 (21.8)

Median

150.2 (47.6)

89.2 (28.3)

81.6 (25.9)

53.7 (17.0)

119.7 (37.9)

79.1 (25.1)

350.2 (111.0)

191.3 (60.6)

Max

410.6 (130.1)

148.3 (47.0)

320.6 (101.6)

146.1 (46.3)

170.4 (54.0)

113.9 (36.1)

746.4 (236.5)

400.8 (127.0)

Lax Mixes
Min

126.9 (40.2)

86.2 (27.3)

31.6 (10)

19.6 (6.2)

72.3 (22.9)

100.4 (31.8)

352.8 (112.0)

277.4 (87.9)

Mean

262.2 (83.1)

308.8 (97.8)

115.9 (36.7)

104.4 (33.1)

182.8 (57.9)

148.9 (47.2)

568.5 (180.1)

562.1 (178.1)

StDev

138.0 (43.7)

258.5 (81.9)

55.1 (17.4)

66.3 (21.0)

70.1 (22.2)

33.8 (10.7)

170.3 (53.97)

263.7 (83.5)

Median

199.3 (63.1)

226.9 (71.9)

116.8 (37.0)

92.9 (29.5)

177.7 (56.3)

139.5 (44.2)

509.1 (161.3)

470.6 (149.1)

Max

567.7 (180)

894.7 (283.5)

222.5 (70.5)

239.5 (75.9)

312.1 (98.9)

220.0 (69.7)

974.9 (309.0)

1098.9 (348.2)

Office Areas
Min

43.6 (13.8)

52.7 (16.7)

5.7 (1.8)

12.0 (3.8)

34.4 (10.9)

51.1 (16.2)

198.2 (62.8)

164.1 (52.0)

Mean

173.3 (54.9)

107.2 (34.0)

90.0 (28.5)

48.7 (15.4)

100.8 (31.9)

97.3 (30.8)

323.3 (102.4)

245.2 (77.7)

StDev

67.3 (21.3)

41.1 (13.0)

71.7 (22.7)

20.3 (6.4)

31.5 (10.0)

28.7 (9.1)

93.8 (29.7)

79.2 (25.1)

Median

183.0 (58.0)

102.1 (32.4)

78.0 (24.7)

50.5 (16.0)

98.5 (31.2)

96.3 (30.5)

313.1 (99.2)

208.6 (66.1)

Max

310.6 (98.4)

205.1 (65.0)

261.6 (82.9)

87.1 (27.6)

166.6 (52.8)

142.3 (45.1)

579.8 (184.0)

397.0 (125.8)

Research Laboratories
Min

119.9 (38.0)

58.1 (18.4)

13.3 (4.2)

165.4 (52.4)

55.2 (17.5)

143.3 (45.4)

287.2 (91.0)

464.9 (147.3)

Mean

442.0 (140.1)

332.4 (105.3)

281.6 (89.2)

330.1 (104.6)

212.4 (67.3)

358.5 (113.6)

953.8 (302.2)

965.6 (306.0)

StDev

215.8 (68.4)

257.9 (81.7)

282.5 (89.5)

156.5 (49.6)

124.0 (39.3)

116.0 (36.8)

470.5 (149.1)

490.9 (155.6)

Median

393.2 (124.6)

68.2 (215.2)

217.8 (69.0)

265.7 (84.2)

165.4 (52.4)

369.7 (117.2)

848.0 (268.7)

748.8 (237.3)

Max

899.5 (285.0)

790.3 (250.4)

1076.5 (341.1)

679.2 (215.2)

479.4 (151.9)

552.3 (175.0)

1861.1 (589.7)

1892.0 (599.5)

Residential Facilities
Min

111.4 (35.3)

81.4 (25.8)

N/A

N/A

34.4 (10.9)

22.4 (7.1)

161.0 (51.0)

106.7 (33.8)

Mean

237.2 (75.2)

172.3 (54.6)

N/A

N/A

80.9 (25.6)

97.2 (30.8)

318.1 (100.8)

247.8 (78.5)

StDev

108.4 (34.3)

46.5 (14.7)

N/A

N/A

47.5 (15.1)

85.5 (27.1)

135.9 (43.1)

116.9 (37.0)

Median

203.6 (64.5)

192.5 (61.0)

N/A

N/A

59.6 (18.9)

74.8 (23.7)

290.0 (91.9)

243.3 (77.1)

Max

424.5 (134.5)

228.5 (72.4(

N/A

N/A

176.4 (55.9)

352.8 (111.8)

540.9 (171.4)

499.3 (158.2)
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Table 4-7. Statistical summary of the energy consumptions for Penn State’s campus in kBtu/ft2
(kWh/m2)
Building-weighted

Standard Deviation of building-

Standard error of building-

mean EUI

weighted mean EUI

weighted mean EUI

2008

165.1 (521.0)

139.3 (439.5)

20.2 (63.4)

2009

172.0 (542.5)

145.0 (457.3)

20.9 (66.0)

2010

166.8 (526.1)

135.6 (427.7)

19.6 (61.7)

2011

163.1 (514.5)

135.3 (426.8)

19.5 (61.6)

2012

150.3 (474.2)

120.2 (379.2)

17.4 (54.7)

4.3.4 Step 4: Normalize Energy Consumption Data
The last step normalizes the energy consumptions with outdoor condition and building
volume/area to define a building classification that enables using utility bills to determine focus
areas for the building energy simulations. Existing studies have extensively used weather
normalization of building energy consumptions to develop (1) goodness of a regression model fit
for different energy consumptions [6], (2) inverse modeling approaches [28], and (3) methods to
evaluate potential energy savings [52]. Since this study uses energy consumption commodities for
the evaluation, two-parameter normalization model using a linear regression can determine
significance of regression coefficients. The two-parameter linear regression model for the steam
and chilled water consumption is as follows:

{

Parameters in the Equation 4-3 are:

4-3
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or

are the slope of the normalized steam or chilled water consumption

associated with HDD or CDDs. Parameter

and

represent the response

pattern of the building envelope to the changes in outdoor conditions. In other words,
parameter

stands for the thermal mass of the building especially during the heating

season.


or

are the steam or chilled water y-axis intercept constant. This value

represents a minimum required steam or chilled water consumption of a building. For
example, for the minimum required steam consumption in university campuses,

is

usually a combination of: (1) hot water usage of the building, (2) steam consumption for
space heating purpose, and (3) steam use for research facilities inside of buildings.

Results of the two parameter model provide required inputs for the building classification
based on energy consumption. It is important to note that for the CHW and specific buildings due
to use of economizers, three parameter model works better. This investigation introduces three
types of buildings in terms of the energy consumption in response to the outdoor weather
conditions. These types are: (1) externally-load dominated buildings, (2) mixed-load dominated
buildings, and (3) internally-load dominated buildings. For externally-load dominated depending
on the response of the building to outdoor environmental condition, this study proposes two types
of (1) slow-response and (2) rapid-response, reflecting the influence of their thermal mass and
surface to volume ratio.
Existing research studies show that outliers can greatly reduce the linear regression fit for
the linear regression modeling of building energy consumption [69]. Therefore, two coefficients,
including coefficient of determination (

) and coefficient of variation (CV), need to be used to

predict whether a building is externally-load, mixed-load or internally-load dominated.

greater

than 0.65 indicates the energy use of the building has a good correlation with the outdoor air
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temperature, but it does not necessarily mean the building is externally-load dominated.
Therefore, this study compares the differences between the model predications with using Typical
Meteorological Year (TMY3) and Actual Meteorological Year (AMY) data. If the model has a
CV less than 15% means the building is not function of outdoor air temperature, although it has a
positive response to the outdoor condition. This building is classified as mixed-load dominated.
For a building with

greater than 0.4 and smaller than 0.65, the building has a mixed-load

dominated pattern. Finally, those buildings that cannot be modeled with the linear regression are
internally-load dominated buildings. In the subsequent sections, this classification will be used to
categorize buildings in the heating and cooling seasons, and provide quantitative measure of their
performance.

4.4 Results of the Campus Building Classification
This chapter presents the results of building classification developed for the steam, CHW,
electricity, and total. The results are presented in this section with different energy use interval
data. The following procedure is used for each section to report the energy use patterns:
1- Provide examples of the monthly energy use patterns for daily and monthly for both
campuses
2- Determine the building classification of the end-use based on the first approach for
both campuses
3- Conduct the monthly analyses in the previous step for the Penn State’s campus with
the second approach to consider all year
4- Present detailed differences between 15 minute, hourly, daily, and monthly data in
the discussion section for Penn State’s campus
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4.4.1 Steam Energy Use Patterns
The classification of the heating requirements for each building uses both daily and
monthly steam consumption data. Figure 4-4 shows the monthly and daily normalized steam
consumption of building 1P. For this particular building, monthly and daily normalized steam
data have well-defined correlations with the outdoor weather data, represented by HDD. There
are a few daily anomalous results for which the steam consumption is close to zero that occur
during warm days in the heating season. Therefore, only in these special few cases, the steam
consumption is not really correlated to the outdoor air temperature, but the rest of the data
exhibits a strong correlation.
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Figure 4-4. Normalized steam consumption for 2009 and 2010 for building 1P at Penn State
Campus; (a) monthly, and (b) daily normalized steam consumption
The same investigation has been done for building 7H at Harvard’s campus. In this
particular building, the steam consumption is correlated to the outdoor air temperature. Although
this building is classified as a Laboratory Mixes building, the results are similar to building 1P at
Penn State’s campus. Figure 4-5 shows the comparison between monthly normalized steam
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consumption for 2009 and 2010 for building 7H at Harvard’s campus and building 1P at Penn
State’s campus.
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Figure 4-5. Normalized monthly steam consumption for 2009 and 2010 for building 7H at
Harvard’s Campus and building 1P at Penn State’s Campus
These results indicate that a linear regression can be used to normalize the steam
consumption of buildings with HDD for most of studied buildings during a heating season. Based
on the developed linear regression model, with most of the buildings at Penn State’s and
Harvard’s campuses, there is a positive correlation between steam consumption and HDD. The
results confirm that the energy requirement of buildings during the heating season is strongly
related to outdoor weather conditions and other factors have minimal effects. Figure 4-6 shows
the CV with the R2 for Penn State’s and Harvard’s buildings, and Figure 4-7 illustrates the results
of slope and y-intercept for the model. It is important to note that for all of the buildings, the two
point model provided a better correlation.
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Figure 4-7. Slope (a) and Y-intercept (b) for Harvard and Penn State buildings (with using the
heating and cooling season method)
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Figure 4-6 and Figure 4-7 results provides the results for the proposed classification
system. Based on the normalized steam per volume results, the buildings can be categorized into
externally-load dominated, mixed-load, and internally-load dominated:


Buildings with

are externally-load dominated (46% of buildings). Most of the

buildings during heating seasons are externally-load dominated. This study proposes to
(

categorize buildings with
Also, buildings with

(

) as rapid-response externally-load dominated.
) are categorized as slow-response externally-load

dominated buildings.


While parameter “a” provides insights for the response of the building thermal mass to
the outdoor condition, parameter “b” determines either the internal loads are significant.
Based on the results of this study, parameter “b” higher than 1.5 (

) indicates the

internal load is also important.


Parameter “a” and “b” needs to be considered together to determine how the energy
simulation approaches has been focused.



42% of buildings within the Penn State campus during the heating season are classified as
mixed-load building. In these buildings, both external and internal loads have the same
order of magnitude.



12% of the buildings are internally-load dominated during the heating seasons.

The results of this research study show that most of the buildings during the heating
season can be classified as an external-load-dominated building. For the studied buildings, other
effects such the human behavior, do not have any major effects on the energy use. Around 20%
of buildings at Penn State’s and Harvard’s campus are classified as mixed-load buildings. Among
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a total of seventy-nine buildings at both campuses, only one building is internally-load dominated
during the heating season.
The second approach used in this study uses the entire year data. The results are similar
to the heating and cooling seasons; however, it provides a better understanding of the buildings
since the buildings use energy for the entire year. Figure 4-8 illustrates examples of two campus
buildings. Figure 4-9 summarizes the results for the coefficient of determination, slope, and yintercept for the models. The results are similar to the heating/cooling seasons.

(a)

(b)

Figure 4-8. Representation of the entire year model for the steam consumptions for buildings: (1)
1P and (b) 19P
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Figure 4-9. Representation of the model response variables (slope and y-intercept) and R2 for the
monthly steam consumptions for the entire year model

4.4.2 Chilled Water Energy Use Patterns
Although the energy performance of buildings during the heating seasons at studied
campuses are correlated to the outdoor weather condition, the energy requirements of buildings
during the cooling seasons is not as strongly correlated to the outdoor weather. Figure 4-10 shows
a chilled water consumption case study at Penn State’s campus. For this particular building, 1P,
functionally categorized as a classroom/office, the chilled water consumption and CDD are
poorly correlated for 2009. The daily chilled water consumption and outdoor air temperature have
a better correlation for 2010. Most of the buildings at Penn State’s campus have a similar
relationship with CDDs. Figure 4-11-a and Figure 4-11-b confirm this pattern at Harvard’s
campus.
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Figure 4-10. Normalized daily and total monthly chilled water for building 1P at Penn State
campus during 2009 and 2010 cooling seasons; (a) monthly, (b) daily

12

15

0

500

140000
120000

400

100000
300

80000
60000

200

40000
100

20000

5

10

15

20

25

7000

600

Chilled water (kWh/day)

9

Chilled water (IP) = 32.27×CDD + 68.76
R² = 0.56

160000
Chilled water (kWh/month)

6

Chilled water (MMBTU/month)

180000

3

6000

20

5000

16

4000
12
3000
8

2000

Chilled water (IP) = 0.4115×CDD + 8.71
R² = 0.57

1000
0

0
0

2

4

6

8

Chilled water (MMBTU/day)

CDD (F)

CDD (F)
0

4
0

0

2

4

6

8

10

12

CDD (C)
CDD (C)

(a)

(b)

Figure 4-11. Normalized monthly and daily chilled water for building 7H at Harvard campus
during 2009 and 2010 cooling seasons; (a) 2009 and 2010 monthly, (b) 2010 daily
Figure 4-12 and Figure 4-13 summarize the influence of different CDDs on the CHW use
of the building. Among the CDDs, sol-air based CDDs slightly provide a better prediction;
however, in general, monthly CHW consumptions are not strongly correlated with the CDDs.
Therefore, most of the buildings (50%) at Penn State’s campus during the cooling season are
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internally-load dominated based on the monthly energy and weather data. Results for Harvard’s
campus buildings confirm that the internal loads are dominant in defining the cooling energy
requirements. 36% and 14% of the buildings are mixed-load and externally-load dominated based
on the monthly CHW consumptions.
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Figure 4-12. CV and R2 for the Penn State and Harvard buildings; (a) CDD10 based on dew point
based, (b) CDD10, (c) CDD18.3, and (d) CDD18.3 based on sol-air temperature
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Figure 4-13. Slope (a) and Y-intercept for Harvard and Penn State buildings
For the second approach, the results show that 29% of the buildings have economizers,
meaning the building does not use CHW if the temperature drops below a certain temperature.
For these types of building, there is a need to normalize the CHW consumption with a three point
model. Figure 4-14 illustrates two campus buildings. In Figure 4-14-a, the building has a baseline
and the CHW use changes after 50F. Figure 4-14-b also slightly confirms the same pattern for
building P19.

(a)

(b)
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Figure 4-14. Representation of the entire year model for the CHW consumptions for buildings:
(1) 1P and (b) 19P
Figure 4-15 summarizes the findings for the second approach. The results show that using
this approach, more buildings are classified as mixed-load dominated rather than the internallyload dominated.

Figure 4-15. Representation of the model response variables (slope and y-intercept) and R2 for the
monthly CHW consumptions for the entire year model

4.4.3 Electricity Energy Use Patterns
This study utilizes results of normalized steam and chilled water consumption of
buildings to extend applicability of externally-, mixed-, and internally-load dominated
classification to use normalized electricity of buildings with an area as a proxy to classify
building energy use patterns. One way to interpret the electricity consumption of the university
buildings is to determine the variation of electricity consumption during summer and winter
seasons (

). Table 4-8 summarizes the result of statistical

analyses for the ratio of electricity consumption per month during summer to winter. The results
of Table 4-8 illustrate that there is no significant difference between the summer and winter
electricity consumption per month. A 95% confidence interval for the Penn State’s campus and
Harvard’s campus show that for the majority of buildings in both campuses the schedule of
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equipment and lighting do not change over the summer and winter seasons. This fixed electricity
consumption per month during the heating and cooling seasons indicates that there are
opportunities to retrofit existing buildings with deploying more energy saving methodologies
such as relying more on daylight during summer season to save electricity consumption.

Table 4-8. Statistical analyses for the ratio of summer to winter per month electricity
consumptions (ElectricitySummer/3months)/ (ElectricityWinter/9months)
Campus

Min

Mean

Median

Standard Deviation

Max

95% Confidence Interval

Penn State

0.80

0.99

0.99

0.11

1.34

(0.95 , 1.03)

Harvard

0.62

0.94

0.95

0.17

1.42

(0.89 , 1.02)

In terms of building principal activity, 83% and 66% of classroom/office and office
buildings have lower summer electricity to winter electricity consumption ratios than the 95%
confidence interval, meaning there is less electricity consumption during summer for these two
space types. This lower summer to winter electricity ratios for classroom/office and office
buildings may originate from scheduling fewer classes in the summer and using more daylight in
summer season. 66% of lab mix buildings are within the 95% confidence interval of summer to
winter electricity ratio. Closeness of mean and median for the summer to winter electricity ratio
indicates that there is no significant variation in the electricity ratio for the majority of buildings.
Thus, the results of the steam and chilled water classification are used to summarize the
electricity consumptions.
The second approach for the monthly electricity use confirms for most of the building
(except three buildings), electricity use is not function of weather, and it does not vary in different
seasons. Figure 4-16 illustrates the electricity use for buildings 1P and 19P. The lower
consumption during warmer months may be associated with the vacancy of the buildings in
summer semester. Figure 4-17 confirms this statement for the reviewed buildings.
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(a)

(b)

Figure 4-16. Representation of the entire year model for the electricity consumptions for
buildings: (1) 1P and (b) 19P

Figure 4-17. Representation of the model response variables (slope and y-intercept) and R2 for the
monthly electricity consumptions for the entire year model

4.4.4 Discussions on the Total Energy Use Patterns
Interestingly, the results of monthly classification show that the building energy use
patterns for steam and CHW consumptions change. This change can be associated with the
management of the campus buildings. HVAC system provides simultaneous heating and cooling
of the entire buildings. Figure 4-18 shows that the total energy use of the building is a function of
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weather for some of the buildings, indicating one of the energy commodities is the primary driver
of the building energy use patterns.

(a)

(b)

(c)

(d)

Figure 4-18. Representation of the model response variables (slope and y-intercept) and R2 for the
monthly total consumptions for the entire year model; (a) steam, (b) CHW, (c) electricity, and (d)
total (Note: figures (a), (b), and (c) are shown before)

Interestingly, the results of monthly classification show that the building energy use
patterns for steam and CHW consumptions change. This change can be associated with the
management of the campus buildings. HVAC system provides simultaneous heating and cooling
to the buildings for the entire. Figure 4-18 shows that the total energy use of the building is a
function of weather for some of the buildings, indicating one of the energy commodities is the
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primary driver of the building energy use patterns. This pattern is confirmed in Figure 4-19-a.
Steam consumption for this building is the major contributor to the total energy use of the
building.

(a)

(b)

Figure 4-19. Representation of the entire year model for the total consumptions for buildings: (1)
1P and (b) 19P

4.5 Discussions
This section discusses additional observations on the energy use patterns of CHW, steam,
electricity, and total consumptions as follows:

4.5.1 Discussions on the Chilled Water Use Pattern
The results of the CHW consumption during the cooling seasons show that the
normalized monthly CHW consumptions with weather data do not solely depend on the monthly
CDDs. This study suggests that there are four other factors that need to be considered besides
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monthly CDDs. Further study is necessary to evaluate credibility of the four suggested factors in
this study. These four factors are:
1- Granularity of CHW Consumptions: This section considers CHW consumptions
with four different granularities including monthly, daily, hourly, and 15 minute data in order to
determine appropriate granularity data selection. Among forty-eight selected buildings at Penn
State’s campus, eight buildings are selected. The results show that normalized daily, hourly, and
15 minute CHW consumptions with CDDs have a stronger correlation than normalized monthly
CHW consumptions with CDDs. Figure A-5 in the Appendix Section (Appendix A and C)
illustrates a comparisons between the hourly and daily CHW consumptions. In addition, Figure
4-20 shows weekly CHW use for weekdays and weekends based on the 15 minute interval data.
Surprisingly, among the normalized 15-minute, hourly, daily, and monthly CHW consumptions,
daily CHW consumptions have the strongest correlation with outdoor air. Therefore, the level of
data granularity may not entirely correlated with the outdoor air correlations. This is due to the
occupant behavior and BMS.

(a)

(b)

Figure 4-20. Weekly presentation of 15 minute CHW interval data; (a) 5 days (Monday to Friday)
for the weekdays and (b) 2 days (Saturday and Sunday) for the weekends (Note: y-axis is in kWh
and x-axis is number of 15 minute readings)
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Table 4-9 summarizes the benefits of different level of CHW consumptions for the
campus buildings.

Table 4-9. Summarization of the 15 minute, hourly, daily, and monthly CHW consumptions for
the energy modeling and building classification
Granularity

Description

Level
Monthly



Monthly CHW consumptions are not strongly correlated with the monthly average
CDDs or temperatures using the first approach to include June to August months in
the analyses. Although in the second approach, the all year approach, CHW
consumption provides a better correlation with outdoor conditions, the monthly
CHW consumptions still lack a strong correlation with the outdoor condition.



Monthly CHW consumptions are frequently accessible data in the building industry
for the majority of existing buildings. Utility bills usually provide monthly
consumptions, and existing benchmarking tools such as Portfolio Manager requires
submitting monthly energy consumptions [48]. Therefore, until availability of utility
consumptions with finer granularity for majority of existing buildings, it is
reasonable to develop methodologies based on monthly energy consumptions.

Daily



Daily CHW consumptions have the best correlations with the outdoor condition,
meaning the daily data average the noise caused by the BMS or occupants.



Currently, in the building industry, there is no tradeoff between the level of sampling
rate for the energy use of the building. One building may have monthly utility data
or sub-metering systems to monitor 15 minute interval data. Installation of the 15
minute sub-metering systems is very expensive. Instead of 15 minute, this study
proposes using sub-meters with less sampling rate to measure daily energy use more
accurately.



15 minute sub-metering requires careful consideration to monitor the system which
the building industry lacks; therefore, daily sub-meters could be a substitution to
save the installation budget and install additional sub-meters to measure other enduses.

15 Minute
and Hourly



Hourly and 15 minute have the same responses and benefits. They can provide
accurate schedules for the interior loads and HVAC systems. However, for the CHW
consumptions, the results of this study shows they do not provide significant
contribution to classify buildings based on their energy use patterns.
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2- Use of Temperature or CDD: Among normalized steam and CHW consumptions,
normalized CHW consumptions are sensitive to the selection of temperature or CDD as the
normalization variable. Although use of CDD is very common among facility managers and
researchers, CHW consumptions show a stronger correlation with the outdoor air temperature
rather than the CDD. This study also considered CDD to use common normalization variable
similar to the existing researches.
To study another weather climate and another university campus, this research study uses
the CHW consumption for one of the buildings located at Texas A&M campus [70]. Figure 4-21
illustrates differences between CHW normalization with the outdoor average air temperature and
CDD. Normalized CHW consumptions with outdoor air temperature have 10% higher R2 than the
normalized CHW consumptions with CDD. Further study is necessary to confirm the findings of
this study.

60,000

CHW = 1415.9×T + 4401.4
R² = 0.61

CHW Consumption (kWh/Day)
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Figure 4-21. Normalized chilled water consumption for a building at Texas A&M campus with:
(a) outdoor air temperature, (b) CDD [70]
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3- Effects of HVAC System(s): HVAC systems are designed to meet the cooling and
heating loads of the buildings. However, there are some factors that affect the design conditions
and lead to change the correlation of CHW consumptions with the outdoor condition:
a. In common ventilation system designs, economizers are added into the Air Handling
Units (AHUs) to save energy when it is suitable to utilize the free cooling. However, in
most of the buildings in university campuses, there are research laboratories and
computer labs that need to be continually ventilated. Therefore, similar to data centers
around the U.S., these specific rooms do not use economizers [71].
b. HVAC systems in the buildings mostly use return air instead of outdoor fresh air. It is
most likely that these campus buildings use more return air than outdoor air. In these
two university campuses due to cold winter and humid summer conditions, the fraction
of return air (RA) to supply air (SA), is relatively high to save energy.
c. The other reason is related to the operation schedule changes. The HVAC systems utilize
sensors to control the performance of HVAC systems; however, there are buildings that
the occupants or the building managers have overridden the HVAC system set points.
Occupants or building managers usually fine tune the HVAC temperature set points
based on the occupants’ feedback to provide a thermally satisfactory indoor
environment.
d. This study observes that for the chilled water consumption during summer, there is
different schedule for weekdays and weekends. Figure 4-22 illustrates a comparison
between weekdays and weekends for a Lab Mix building in addition to Figure 4-20.
Therefore, when average monthly CHW is used in the analyses, the average CHW
consumptions do not appropriately correlate with the average monthly CDDs.
Separation of weekdays and weekends correlations could lead to better correlations.

Daily Chilled Water
Consumption Per Building
Voulme (kWh/m3)
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Figure 4-22. Daily chilled water per building volume for a Lab Mix building for weekdays and
weekends
4- Human Behavior: Recent researches show that human behavior is an important factor
for the energy consumption of buildings [72, 73]. On one hand, during a cooling season, if the
inside of a building is colder than the occupant thermal comfort level requirement, occupants
typically open windows. On the other hand, during a heating season, when inside of the buildings
is warmer than the thermal comfort level requirement for the occupants, people inside of the
buildings will, again, open windows. For some buildings, occupant behavior is obviously
detectable. For instance, after August 11 in 2010, there is a significant increase in chilled water
consumption even though there is no detectable weather change (Figure 4-23). In this case, it is
worth noting that, for most universities, mid-August is the orientation period in which the
university formally opens its doors to students.

Daily Chilled Water per
Building Volume (kWh/m3)
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Figure 4-23. Daily chilled water per building volume for an Office/Classroom building for two
different time period

4.5.3 Discussions on the Steam Use Pattern
Unlike the normalized monthly CHW consumptions, normalized monthly consumptions
have strong correlations with the monthly HDDs due to (1) the location of the studied buildings
that are located in cold climate in the Northeastern part of the U.S. and (2) contribution of internal
heat gains as a positive factor to the space heating. Figure 4-24 illustrates a comparison between
daily HDDs and CDDs for both campuses. The result of this comparison indicates the reviewed
buildings are located in the heating dominated region. It is important to note the HDDs are based
on 18.3ºC (65ºF) and CDDs are based on 10.0ºC (50ºF).
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Figure 4-24. Comparisons between HDDs and CDDs for: (a) Penn State’s campus and (b)
Harvard’s campus
Figure A-6 illustrates that daily steam consumptions provide a better understanding of the
building energy use compared to the monthly consumptions; however, using daily consumptions
slightly increase the accuracy, and there is no need to consider daily consumption unless the data
is available. In addition, it is very difficult to interpret the hourly consumptions. Figure 4-25
depicts the 15 minute data representation for weekdays and weekends.

(a)

(b)

Figure 4-25. Weekly presentation of 15 minute CHW interval data; (a) 5 days (Monday to Friday)
for the weekdays and (b) 2 days (Saturday and Sunday) for the weekends (Y-axis is in kWh)
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4.5.4 Discussions on the Electricity Use Pattern
Not only the results of normalized electricity consumptions with the area do not show
significant changes over cooling and heating seasons, the results of electricity consumptions over
multiple years do not suggest substantial changes over years. Figure 4-26 represents the
distribution of CV of electricity consumptions for both studied campuses for five primary space
types. All of the space types have a median of CV less than 0.10, representing less than 17.0
kWh/m2 (5.4 kBtu/ft2). Among the five primary space types, Residential Facilities have less
variation than the other space types. This suggests that the changes in the electricity
consumptions over three years are not significant and for these kinds of buildings, electricity
consumptions are independent of the outdoor conditions. Figure A-7 also confirms that there is no

Coefficient of Variation (CV)

difference between granularity of the electricity data.
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Figure 4-26. Coefficient of variation (CV) of electricity consumptions for different space types
for both campuses
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4.6 Summary
This chapter presented the energy performance of buildings within two university
campuses, while the main focus was on the Penn State’s campus due to the accessibility of
detailed energy use patterns. The proposed classification of the building energy efficiency in this
study enables future studies to categorize buildings based on building energy use patterns, rather
than simply describing a building’s occupancy type. The outcomes of this classification enables
performing energy modeling analyses for a building stock, such as a large number of buildings
located within an entire university campus or an urban neighborhood. Normalized steam and
chilled water consumptions show that buildings can be categorized into three types, including
externally-, mixed-, and internally -load dominated, based on their energy use patterns. The
normalized steam consumption of the selected buildings in the Northeast of the U.S. is highly
correlated with weather, meaning the buildings are externally-load or mixed-load dominated
during the heating season. If the difference between the building energy consumption predicted
by the model is within 15% of the TMY-based consumption, the building is mixed-load. The
results of this study show that the chilled water consumption of buildings during the cooling
season is more correlated to non-related weather factors. Campus buildings are mostly internallyload dominated and mixed-load, rather than externally-load dominated. However, using different
granularities for the energy data show that the daily consumption filters the noise in the building
schedule through the day and provide a better response to the outdoor weather conditions. 15
minute interval data can provide schedules of the internal loads and HVAC system. The results of
this sensitivity analysis on different energy and weather data granularities could provide several
benefits such as
o

Provide feedback for the city benchmarking and disclosure ordinance programs to
consider minimum level of inputs for this program.
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o

Allow buildings to benefit from better (1) insulations for the externally-load
dominated buildings, (2) operation schedules for HVAC systems for the mixed-used
buildings, and (3) operation and power density for the internal loads for the
internally-load buildings.

o

Enable opportunities for the campus buildings to benefit from better daylight and
operation strategies, to save electricity consumptions during summer season.

o

Consider a better feedback from the supply and demand for the steam consumptions,
allowing to reduce steam consumptions with the campuses that have central systems
such as natural gas or steam power plants.
o Include more campuses to review the existing operation of the campuses, to learn
better feedback from the supply of energy commodities, centralized or
decentralized, steam, CHW, and electricity with the building demands.

o

Install suitable energy sub-meters to monitor the building energy end-use with
reasonable accuracy.

o

Help facility managers to consider higher granularity data to identify the building
energy performance.
o Reduce and automate the data cleaning process with the installation of
appropriate sub-meters.
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Chapter 5
Typical High Performance Buildings
This chapter primarily focuses on the LEED NC certified office buildings. Section 5.1
presents the term office buildings and the reason to select this space type as the primary space
type in this dissertation. Section 5.2 includes a description of the LEED NC office buildings
selected to perform analyses, and Section 5.3 provides a summary of the variable selection
procedure. Sections 5.4 and 5.5 present the statistical analyses including, Regression Analysis
(RA) and Cluster Analysis (CA), performed on the selected buildings. Section 5.6 briefly
provides an overview of the other space types. Finally, Section 5.7 summarizes the findings of
this chapter.

5.1 Office Buildings
This dissertation analyzes the results of the energy simulation models provided for the
LEED NC office building certification. The goal of this analysis is to determine statistically
significant input parameters and classify buildings into groups with similarities. The results of
this study potentially can identify minimal required data needed from on-site data collection.
Office buildings are chosen because they are a common space type, used in several building
classification systems such as LEED, CBECS, CEUS, ASHRAE Standard 90.1 as well as Energy
Star Portfolio Manager, for both benchmarking, new construction, and existing buildings [47, 48,
74]. Table 5-1 summarizes the subspace classification of office buildings in the five reviewed
benchmarking studies.
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Table 5-1. Sub-types for the office building type in five reviewed building classification
Energy Star

ASHRAE

Portfolio

Standard 90.1

Office

Office

LEED V3

CEUS 2006

Administrative /

CBECS 2012

Administrative or professional office building (e.g. consulting, insurance,
Administration and Management

Professional

law, utility/telephone, company, publishing, or college administration)

Financial

Financial / Legal

Bank or other financial institution

Government

Government Services

Government office

Mixed-Use

Mixed-Use / Multi-Tenant

Mixed-use office

---

Doctor's or dentist's office

Other Office

---

Lab / R&D Facility

Research and development office

Insurance / Real Estate

Sales or leasing office (e.g. vehicles or real estate)

Data Processing / Computer Center

---

Software Development

---

Medical
(Non-Diagnostic)
Other Office

Call center
City hall or city center
Contractor's office (e.g. construction, plumbing, or HVAC)
Non-profit or social services office
Religious office
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Offices account for 17% of the total floor area and 19% of primary energy consumption
in the U.S. [75, 76]. The term “Office” represents the building function, with different sub classes
of spaces with different energy use patterns. Table 5-1 illustrates that LEED classification entails
further

sub-classification

of

office

buildings

into

dedicated

functions

(1)

Administrative/Professional, (2) Financial, (3) Government, (4) Mixed-Use, (5) Medical, and (6)
Other [74]. Variety of sub-classification combinations for office space types renders office
buildings as a unique space type. Therefore, this study statistically analyzes energy use patterns
for “Offices” in LEED versions 2 (V2) and 3 (V3) based on the LEED V3 sub-classification.
Figure 5-1 illustrates distribution of the principal building activity for the reviewed office
buildings in this study.
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Figure 5-1. Principal activity distribution of office buildings in the studied office buildings (note:
there not sufficient number of financial and other buildings to make a conclusion)

5.2 Description of the Selected LEED NC Office Buildings
This study considered 134 office buildings certified under the U.S. Green Building
Council (USGBC) Leadership in Energy Efficient Design for New Construction & Major
Renovations (LEED NC) located in the U.S. [57]. These office buildings represent 13 ASHRAE
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climate zones in the U.S. Various design and consulting firms used different design
methodologies, assumptions, and energy simulation tools approved for use by LEED to model
these office buildings [77]. Energy simulation results and documents are submitted to USGBC
and reviewed before the credits are approved [77, 78]. Details of the capability of the common
energy simulation tools are available in the existing literature [79]. The selected office buildings
vary from small office buildings 1991 ft2 (~185 m2) area to large office buildings with 199,999 ft2
(~18,580 m2).

5.3 Classification Framework
The developed framework in Chapter 4 for campus buildings require accessibility to the
limited information about the building variables while the energy use pattern is available for
different months with different energy use patterns granularity. Existing portfolio of the buildings
has information similar to the campus buildings. However, there is another set of portfolios that
have detailed information about the building while there is no detailed information about the
building energy use patterns. Hence, this study selects LEED NC database to develop a
framework for portfolio of buildings with detailed information. This study develops two steps to
select data and two steps to conduct statistical analysis on the data. Step 1 determines a procedure
to select variables, especially for the databases with detailed energy end-uses, and Step 2
describes a methodology to omit outliers. Two statistical analysis used in this study are
Regression Analysis (RA) and Cluster Analysis (CA).
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5.3.1 Step 1: Variable Selection
LEED NC V2 and V3 award credits for buildings that can demonstrate a simulated
energy use reduction for a proposed building as compared to a baseline building of the same size
that meets code minimum requirements according to ASHRAE Standard 90.1 or Title 24
California for buildings in California [74].
The data analyses use a synoptic point of view instead of case studies to evaluate
statistically significant number of buildings and enable building classification. The studied
buildings are from LEED NC V2 and V3. Forty and ninety-four energy simulations for office
buildings are from LEED NC V2 and V3, respectively. These energy simulations were done with
several different energy simulation software tools, unique energy modelers, and covering a
variety of building sizes and locations.
The statistical analyses use the following six data categories:
(1) Building size
(2) Climatic variables
(3) Building enclosure characteristics
(4) Occupancy
(5) HVAC Efficiencies
(6) Simulated energy use for 17 different end-uses.
Among the six identified categories, data for building characteristics and HVAC
efficiencies are not available for all buildings. In addition, overall HVAC efficiency is difficult to
calculate, especially for larger buildings and heating systems. Therefore, this study does not
consider the HVAC efficiencies.
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Table 5-2 shows the variables within the six data categories considered for statistical analyses. In
Table 5-2, the variables are:
1. Gross Floor Area (GFA) and Conditioned Floor Area (CFA) are two types of floor area
used in this study.
2. Weather variables include ASHRAE climate zones, average annual dry bulb temperature,
average annual dew point temperature, average annual wind speed, HDDs with a 18.3ºC
(65ºF) reference temperature, and variable coefficient solair-based CDDs with a 10ºC
(50ºF) reference temperature [80]. Typical Meteorological Year (TMY3) weather data
files are source of calculations for the selected climate variables [81].
3. Thermal characteristics of the building envelope include overall WWR, assembly wall Uvalue, assembly roof U-value, and window Solar Heat Gain Coefficient (SHGC).
4. Occupancy rate in the analyses is the summation of Full Time Employees (FTE). FTE
includes full-time/part-time employees, resident, visitor, and transient occupants.
5. In terms of the HVAC efficiencies, the only overall cooling HVAC efficiency of HVAC
systems are included in the analysis. However, further analyses are required to consider
effective HVAC efficiencies.
6. Detailed annual energy breakdown includes annual HVAC related and annual nonHVAC related energy use. Annual HVAC related energy use is a combination of (1)
annual heating, (2) cooling, (3) pumps, and (4) fans/HVAC controls. Annual Non-HVAC
related energy comprises annual (1) exterior lighting, (2) interior lighting, (3) Domestic
Hot Water (DHW), (4) process equipment, (5) receptacle, (6) data center equipment, (7)
refrigeration equipment, (8) cooking, (9) interior lighting-process, and (10) any other
energy use. Only four office buildings have parking fans, and this study excludes parking
fans from its analysis.
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Table 5-2. Six data categories and specific variables within these categories available for the
statistical analyses
1. Floor

3. Thermal Characteristics
2. Climate

Area

5. HVAC
4. Occupancy

of the Building Envelope

6. Energy End-uses
Efficiencies

CFA

Cooling system
Climate zone

Overall WWR

Full time employees

Heating
COP (limited data)

GFA

Average annual dry bulb
Assembly wall U-values

Residents

Cooling

Assembly roof U-values

Visitors / Transients

Interior fans

temperature
Average annual dew point
temperature
Average annual wind
Window SHGC

Pumps

speed
HDD18.3 (65)

Exterior lighting

Solair-based CDD10 (50)

Interior lighting
Domestic water heating
Process equipment
Receptacle equipment
Data center equipment
Refrigeration equipment
Cooking
Interior lighting-process
Other

Figure 5-2 illustrates average HVAC related and non-HVAC related EUI based on CFA
and GFA for the selected office buildings. The on-site renewable energy production area
excluded from the analyses.
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(a)

(b)
Figure 5-2. Representation of selected office buildings in this study (note: less than five buildings
are included for climate zone 2B, 3C, 4B and 4C); (a) EUI calculated based on CFA, (b) EUI
calculated based on GFA (EUIs are based on kBtu/sqft)

5.3.2 Step 2: Outlier Omission
This study considers a process to remove the outliers; these outliers are office buildings
contain extremely high process related energy use, including dedicated data centers, laboratory
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space, or industrial manufacturing. These buildings do not represent typical office buildings.
Outliers have a total EUI, calculated by total energy use over GFA, which exceeds the upper limit
of the data, Q3+1.5×IQR, or are below the lower limit of the original data, Q1-1.5×IQR. Here,
IQR, Q3, and Q1 are the interquartile range, and the medians of the upper and lower half of total
EUI, as suggested in the literature [82]. Figure 5-3 shows the median and standard deviation of
the EUI with and without outliers. These upper-end outliers show that intense process related
loads drive outlier EUI, and influence HVAC energy use. This suggests that unregulated process
loads are the primary contributor to the high energy-use office buildings.

(a)

(b)

Figure 5-3. Total, HVAC, and non-HVAC EUIs; (a) including outliers and (b) excluding outliers

Table 5-3 provides a statistical summary of the analyzed LEED office buildings with and
without outliers. The results of this table indicate that omitting outliers significantly reduces the
standard deviation, standard error of the EUI, and deviation of median from mean. Therefore, it is
recommended for the future studies to consider an outlier exclusion methodology before
analyzing the energy consumption of a large portfolio of buildings.
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Table 5-3. Total EUI of the LEED NC office buildings, with and without outliers, expressed in
kBtu/ft2 (kWh/m2)
Variables

With outliers

Without outliers

Number of buildings

134

123

Mean EUI

57.4 (181.0)

48.2 (152.1)

Standard deviation of mean EUI

38.7 (122.2)

17.8 (56.1)

Standard error of mean EUI

3.3 (10.6)

1.6 (5.1)

Median EUI

46.6 (147.0)

45.6 (143.8)

5.4 Regression Analysis (RA)
Statistical tools, including RA and CA are commonly used to provide insight into the
energy use patterns for a building stock [83]. RA allows comparison and normalization of energy
use data to degree-days for utility bill disaggregation [38]. Although RA alone cannot easily
determine which component variables contribute to high energy use because different building
variables may produce a similar response [84], it provides insight into the energy use of the
building and contributing variables.
Table 5-4 shows the organization of the six major data categories into four different
datasets. The variables are categorized into contribution of climate variables, contribution of the
wall properties, contribution of energy end-uses, and contribution of the occupancy values.
Among these datasets, the occupancy variables have the least influence on the non-HVAC and
HVAC end-uses due to relying on the default values in the energy simulations. However, the
three remaining datasets have significant influence on the energy use of the building.

89
Table 5-4. Four defined datasets to analyze collected data.
Dataset

Dataset Description

Dataset Variables

1

Contribution of climate variables to

CDD, solair based CDD (CDD (S)), annual average dry bulb

HVAC EUI

temperature (AvgT), annual average dew point temperature
(AvgDPT), annual average wind speed (AvgW), HDD, Heating
EUI (Heating), Cooling EUI (Cooling), and HVAC EUI (HVAC)

2

3

4

Contribution of U values for building

Cooling COP (COP (C)), WWR, window SHGC (SHGC (Win)),

enclosure (wall assemblies, windows,

Assembly wall U-value (U (W)), windows U-value (U (Win)),

and roofs), window SHGC, and WWR

Roof U-value (U (R)), HVAC EUI (HVAC), and non-HVAC

to HVAC EUI and non-HVAC EUI

EUI (non-HVAC)

Contribution of EUIs of non-HVAC

DHW, Receptacle, Lighting, Process, Other, HVAC, and non-

energy end-uses to non-HVAC EUI

HVAC EUIs

Contribution of occupancy to HVAC

FTE, Average transient occupants (AvgTRANS), average visitor

and non-HVAC EUIs

(AvgVISIT), average residents (AvgRES), HVAC EUI (HVAC),
and non-HVAC EUI (non-HVAC)

The methods used to perform RA are:
1- Among the schedules and occupancy variables, only people density was used since
schedules and occupancy kept unchanged.
2- CDD and HDD are selected as typical values for normalization of energy end-uses
with the weather.
3- Energy end-uses are selected as recommended values for the normalization in RA.
4- Then, the continuous 123 values (not average) for each variable were used to conduct
a linear regression analysis (not multivariate analysis) between variables
independently. The plot matrix graph visualizes multiple continuous variables
distribution and statistics.
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A plot matrix provides a visual insight and statistical correlations on the influencing
variables on the total building energy use. Figure 5-4 shows the visual correlation of thirteen
variables normalized by GFA and CFA excluding thermal properties of the building envelope.
Regression analysis between thermal properties of the building envelope with other variables did
not provide any significant correlation. Unregulated process loads, and more generally nonHVAC loads, correlate best with total annual site energy use intensity. This indicates that these
office buildings are internally-load dominated.
Fan and pump EUI, and HVAC EUI follow, but are less significant, with R2=32% and
R2=55%, respectively based on GFA, and R2=43% and R2=60%, respectively based on CFA.
HVAC EUI correlates most with fan and pump EUI of its components end-uses, and fans and
pump EUI correlates more with non-HVAC EUI than with cooling EUI, suggesting that
ventilation and cooling demands from internal loads better explain the difference between HVAC
energy use intensities than outdoor conditions. This does not necessarily mean that internal loads
are the most significant contributor to cooling demand, just that marginal differences in increased
HVAC energy consumption relate closer to internal loads rather than outdoor conditions for the
majority of buildings in the dataset.
It is also important to note that CFA provides stronger correlations with total annual
building-site energy use intensity than GFA. This study selects GFA since it is more widely used
in industry to benchmark and compare buildings, especially in existing tools such as Energy Star
Portfolio Manager Tool [85, 86].
RA analyses show that occupancy rates have little correlation with total annual energy
use, which is expected given standardized assumptions for occupancy rates in the energy models,
even considering different occupancy rates depending on the sub-space classification breakdown
of the building. This is in contraction with in-situ metered building data that indicate a significant
building occupancy influence on the building energy use patterns [87].
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Figure 5-4. Plot matrix of ten variables; X1 = FTE/GFA (person/m2), X2 = HDD (ºC), X3 =
Solair based CDD (ºC), X4 = Heating EUI (kWh/year-m2), X5 = Cooling EUI (kWh/year-m2), X6
= Lighting EUI (kWh/year-m2), X7 = Receptacle EUI (kWh/year-m2), X8 = HVAC EUI
(kWh/year-m2), X9 = Non-HVAC EUI (kWh/year-m2), X10= Total EUI (kWh/year-m2) [Note:
parking fans and exterior lighting were excluded].
In order to provide minimal required inputs for on-site building collection and/or reduced
order energy simulations, this study also uses Multivariate Regression Analysis (MRA) to
provide a better coefficient of determination than a single RA alone. EUI of a building can be
expressed as a function of heating, cooling, fan, lighting, and receptacle EUIs. This linear model
can explain the total EUI with R2=0.88 (Adjusted R2=0.88, p = 5.27×10-40). Equation (5-1) shows
the final correlation for office buildings.

92
EUI (kWh/m2) = 12.286 + 1.145×Heating EUI + 1.292×Cooling
(5-1)
EUI + 1.360×Fans EUI + 0.684×Lighting EUI + 1.069×Receptacle EUI

5.5 Cluster Analysis (CA)
CA can group the buildings in the building stock based on a few energy use variables.
When used with RA, clustering is a means of distinguishing buildings into types that may be
prime targets for energy retrofit [88]. Clusters rely on minimization of distances between groups
of variables. When CA is used with RA, key factors revealed from the RA can establish better
clusters [82]. This study uses RA for a portfolio of high-performance office buildings to
determine key variables contributing to simulated annual energy consumption of LEED NC office
buildings.
This study used clustering analysis to identify different classes of buildings with the
influencing variables that include total energy end-use, HVAC energy end-use, non-HVAC
energy end-use, and GFA. The major contribution of the non-HVAC EUI to total EUI shows that
the building area is the most significant parameter. Therefore, to reduce complexity of CA, this
study selects four variables, including, GFA, HVAC energy use, non-HVAC use, and total energy
use for CA.
The LEED office buildings form three clusters, high energy intensity, medium energy
intensity, and low energy intensity clusters. The results are shown in Figure 5-5 (a). Figure 5-5
(b), (c), and (d). A comparison between clusters show that Non-HVAC EUI is more directly
correlated with the total EUI, rather than the HVAC EUI.
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Figure 5-5. Three clusters of LEED Office buildings, differentiated by the total building-site
energy utilization index. The high use cluster is red, the medium use cluster is black, and the low
use cluster is blue. (a) Total EUI vs. Total EUI, which generates the clusters, (b) HVAC EUI vs.
Total EUI, (c) Non-HVAC EUI vs. Total EUI, and (d) Non-HVAC EUI vs. HVAC EUI (Note:
the HVAC EUI axis is scaled by ½ in graphs (b) and (d))
Table 5-5 summarizes building size characteristics for the three clusters. The high and
medium intensity clusters have similar sizes, within a standard error of each other, with a median
size of 25,000-30,000 ft2 (2,323-2,787m2). Buildings in the low intensity cluster are significantly
smaller, about half the size of those in the other clusters, with a median size of 11,744 ft2 (1,091
m2).
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Table 5-5. Building size characteristics of the three clusters
Cluster

High

Medium

Low

Number of Buildings (#)

20

63

40

Percentage of buildings (%)

16.3

51.2

32.5

Percentage of total building area (%)

22.9

56.3

20.8

Percentage of total building energy use (%)

34.4

53.1

12.5

Median Size in ft2 (m2)

28,040 (2,605)

25,502 (2,369)

11,744 (1,091)

Mean Size in ft2 (m2)

53,754 (4,994)

41,878 (3,891)

24,355 (2,263)

Standard deviation of size in ft2 (m2)

52,655 (4,892)

44,272 (4,113)

36,010 (3,345)

Based on the simulated energy use of the selected buildings from the USGBC database,
office buildings are internally-load dominated buildings. Therefore, accurate and efficient energy
simulations for office buildings require focusing on internal boundary conditions that contribute
to the internal heat gains.
Table 5-6 summarizes statistics for each cluster, calculated with both mean EUI and
GFA-weighted mean EUI. There is significant variability in building-site energy use intensity
between the office buildings. The average EUI for buildings in the low intensity cluster is onethird of the EUI for an average building in the high intensity cluster. The energy end-uses,
including heating energy, cooling energy, interior lighting and process energy, show even greater
variability.
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Table 5-6. Total and End-use energy statistics for each cluster. IP values in kBtu/ft 2, and SI
values in kWh/m2
Unit
Cluster

Total

Heat

Cool

FanPump

High

Med

Low

High

Med

Low

High Med Low High

Med

Low

IP

78.4

48.2

31.0

11.6

4.4

2.6

9.3

6.5

3.6

9.5

5.6

3.4

SI

247.3

152.0

97.9

36.5

13.9

8.2

29.3

20.4

11.2

30.1

18.5

10.7

IP

79.3

49.8

30.1

12.5

6.9

4.2

10.2

7.1

4.3

10.2

6.3

3.6

SI

250.0

157.2

95.1

39.4

21.7

13.2

32.1

22.4

13.5

32.2

19.8

11.4

IP

9.3

6.5

6.8

11.0

7.3

4.3

6.6

4.4

2.9

5.5

3.0

2.4

SI

29.4

20.5

21.5

34.6

23.0

13.6

20.8

13.8

9.1

17.4

9.6

7.6

IP

2.1

0.8

1.1

2.5

0.9

0.7

1.5

0.5

0.5

1.2

0.4

0.4

SI

6.6

2.6

3.4

7.7

2.9

2.2

4.7

1.7

1.4

3.9

1.2

1.2

15.9

14.0

13.6

13.0

14.2

14.0

13.0

12.6

12.2

Median EUI

Building-weighted mean EUI

Standard deviation of building-weighted mean EUI

Standard error of building-weighted mean EUI
Building – weighted % of total energy use
SHW
Cluster

ExtLight

IntLight

Process

High

Med

Low

High

Med

Low

High Med Low High

Med

Low

IP

6.5

2.2

0.9

1.8

1.1

0.8

8.2

7.8

6.4

23.6

15.4

9.2

SI

20.5

7.0

3.0

5.7

3.6

2.6

26.0

24.5

20.1

74.5

48.7

29.0

IP

7.7

3.5

1.2

2.6

2.0

1.2

9.1

8.1

6.3

27.0

15.9

9.4

SI

24.3

11.2

3.8

8.2

6.3

3.7

28.8

25.4

19.8

85.1

50.2

29.7

IP

7.9

4.3

1.2

3.3

2.3

1.2

3.8

2.7

2.0

15.5

6.4

3.8

SI

25.0

13.5

3.7

10.4

7.3

3.7

12.0

8.6

6.3

48.9

20.3

12.1

IP

1.8

0.5

0.2

0.7

0.3

0.2

0.9

0.3

0.3

3.5

0.8

0.6

SI

5.6

1.7

0.6

2.3

0.9

0.6

2.7

1.1

1.0

10.9

2.6

1.9

9.6

7.1

3.9

3.4

4.1

3.7

11.7

16.2

21.1

33.5

31.8

31.4

Median EUI

Building-weighted mean EUI

Standard deviation of building-weighted mean EUI

Standard error of building-weighted mean EUI
Building – weighted % of total energy use

5.7 Other Space Types
The next step of the classification process is to extend the approach used for office
buildings to other building space types, and group or ungroup similar space types where suitable.
Each space is classified as its energy use patterns to externally-load dominated, mixed-load, and
internally-load dominated. The energy use of the externally-load dominated buildings is mainly
controlled by the outdoor weather conditions and ventilation systems. Internally-load dominated
buildings are primarily controlled by internal heat gains. Table 5-7 and Table 5-8 provide a
summary about contributing variables to total energy use, PCA, and MRA for core learning and

96
retail space types. With 0.77 coefficient of determination (R2), total EUI of core learning space
buildings are a function of solair-based CDD, cooling and fans EUIs and window U-value. MRA
correlation is a function of HVAC EUI as well as fans and heating EUIs indicate majority of core
learning spaces are mixed-load dominated. Further analyses are under development, and the
results of this summary table will be deployed to provide reduced order energy simulation
approaches.

Table 5-7. A summary report from RA and MRA analyses for core learning space
Space Type

Core Learning Space

Contributing

Directly correlated variables (R2):

variables

1- Heating EUI (83%), fans EUI (48%), and cooling EUI (32%) to
HVAC EUI
2- Receptacle EUI (60%), other EUI (58%), lighting EUI (48%),
DHW EUI (44%) to non-HVAC EUI
3- HVAC EUI (82%), non-HVAC EUI (73%), fans EUI (58%),
heating EUI (58%), lighting EUI (48%), DHW EUI (48%),
receptacle EUI (36%), and cooling EUI (34%) to EUI

Indirectly correlated (latent) variables:

MRA Correlation

1- HDD and solair-based CDD from the climate data
2- Assembly wall U value, overall window U value and SGHC, WWR
from building envelope
3- FTE, summation of visitors and transients from occupancy
Total EUI = 151.67-0.0115×CDD + 1.470×Cooling EUI + 2.568×Fans
EUI + 11.600×Uwindow
R2= 0.77 (Adjusted R2=0.74 and P-value=1.55×10-8)

Energy Use Patterns
Class

Mixed-load dominated
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Table 5-8. A summary report from RA and MRA analyses for retail space type
Space Type

Retail

Contributing

Directly correlated variables (R2):

variables

1- Fans EUI (68%), heating EUI (68%), and cooling EUI (31%) to
HVAC EUI
2- Lighting EUI (73%), cooking (if exists) (85%) Receptacle EUI
(55%), and to non-HVAC EUI
3- Non-HVAC EUI (96%), HVAC EUI (73%), cooking EUI (if
exists) (85%), fans EUI (78%), lighting EUI (73%), receptacle
EUI (54%), heating EUI (33%), and cooling EUI (22%) to EUI

Indirectly correlated (latent) variables:

MRA Correlation

1- HDD and solair-based CDD from the climate data
2- Assembly roof U value, overall window U value and SGHC,
WWR from building envelope
FTE, summation of VISIT and TRANS from occupancy
Total EUI=14.08+2.545×Fans EUI + 2.154×Lighting EUI +
1.110×Receptacle
R2= 0.84 (Adjusted R2=0.83 and P-value=6.8×10-13)

Energy Use Patterns

Internally-load dominated

Class

This study uses normalized building energy end-use in respect to building area and
outdoor weather data to account for the building size and geographic location. In the first step,
there is a need to eliminate outliers for each building types. Figure 5-6 illustrates heating and
cooling EUIs for thirteen space types. The upper end of the boxplots for each graph illustrates the
maximum heating or cooling EUIs exist for the space type. Since the classified building for each
space type is based on the building principal activity not the building energy pattern, there is a
need to exclude buildings that do not represent a typical building within their own space type.
Although, in any collection to model or retrofit the building, the engineer, architect, or
commissioner needs to consider sources of high heating or cooling EUI for outlier buildings. This
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dissertation focuses on developing classes of buildings for typical building that the HVAC and
non-HVAC energy end-uses remain within Q1-1.5×IQR for lower-end and Q3+1.5×IQR for
upper-end respectively. IQR, Q1, and Q3 are Interquartile Range (IQR), the median of the lower
and upper half of the data respectively.
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Figure 5-6. Boxplot of cooling and heating EUIs for thirteen different space type before data
cleaning: (a) Heating EUI, (b) Cooling EUI (Note: upper-end and lower-end of the boxplots stand
for maximum and minimum)

5.7 Summary
This study analyzed the energy simulations for 134 LEED NC certified office buildings
using RA and CA to determine energy use characteristics and develop sub-classes (clusters) of
office buildings. The analyses found the LEED NC office buildings can be classified into (1) lowintensity, (2) medium-intensity, and (3) high-intensity classes. 40, 63, and 20 buildings out of the
123 buildings are considered low, medium, and high intensity buildings. 11 of the buildings are
excluded due to the high internal energy end-uses. Low intensity buildings benefit from smaller
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size; in addition, unregulated process loads, and more generally, non-HVAC loads, are the
primary contributors to the total building energy use for the three developed high, medium, and
low energy intensity clusters. For the low energy intensity cluster in particular, process and
lighting loads account for over half of the total energy use. Fan and pump energy intensity was
more dependent on process and internal loads than on the outdoor weather. Overall, internal loads
were the most significant driver of building energy use in the population of buildings, responsible
for the energy use outliers as well as comprising the majority of energy use in low-energy
intensity buildings. The results of this study for the LEED NC office buildings can opportunities
for future buildings to (1) benefit from the design approaches used in the low intensity clusters
and (2) consider internal load management strategies to reduce contribution of the internal loads
compared to the external loads.
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Chapter 6
Building Simulation Approaches for the Identified Classes of Buildings
This chapter provides an overview of the proposed building simulation approaches and
quantitative methods to estimate tradeoffs between model complexity and accuracy. First, section
6-1 describes the developed codes to suggest the different building simulation approaches for the
identified classes of buildings. Then, section 6-2 presents the proposed methodologies to quantify
model complexity, to evaluate accuracy of energy simulations. Section 6-3 summarizes this
chapter and provides implications for the demonstration of the approaches for the cases studies.

6.1 Building Simulation Approaches
The building energy simulation approaches in this study are automated in order to
facilitate the implementation process. The automation of the process enables this dissertation to
add complexity gradually independent of the modeler judgment. This dissertation uses
OpenStudio Application Programming Interface (API)1 [89] to develop the approaches. This API
enables better accessibility to the EnergyPlus input objects to perform energy simulations. Figure
6-1 depicts the structure of the developed building energy simulation approaches.
Throughout the development of the building simulation approaches, the focus of the
methods was on the contribution of internal and external loads to the building energy use patterns.
1

OpenStudio is a cross-platform collection of software tools to support whole building energy
modeling using EnergyPlus accessible via https://openstudio.nrel.gov/. The existing version of the API
primarily supports writing codes in ruby scripts and performing energy simulations via EnergyPlus engine.
The results of the API OpenStudio models can be visualized in the OpenStudio Graphical User Interface
(GUI) and OpenStudio Plug-in in SketchUP. The visualized models in this thesis are written in the API and
visualized in the SketchUP for the demonstration. Appendix D provides an example of simple ruby codes
to create thermal zones for the building and assign HVAC systems to the thermal zones.
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A wide range of variables can influence accuracy of the energy simulations in a calibrated model.
The methods are developed based on the list of variables reviewed in Table 2-2. In order to
institute approaches for internal and external loads, a large number of methods are developed.
Methods are defined as functions that can change major variables in an energy model.
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Additional Methods:
•
Editable lighting, occupancy,
and HVAC schedules
•
Editable load densities
•
Editable outdoor air fraction
•
Exterior lights
•
Construction materials
•
Service Hot Water (SHW)
•
HVAC systems

Building Component
Library (BCL)
OpenStudio Model

Run E+

Figure 6-1. Overview of the developed methods for the building energy simulation approaches

Table 6-1 and Table 6-2 provide a summary of the methods developed for the external
and internal loads, respectively. Each method constitutes a set of sub methods to change variety
of inputs. For example, the internal load density method can change the lighting, occupancy, and
electric equipment loads.
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Table 6-1. Methods focused on external loads for building energy simulation approaches
#

Name

Description
This method enables consideration of typical building shapes,
including rectangle, L, T, H, U, and pie shapes. Implementation of

1

Geometry

detailed geometry requires manual changes to the geometry method.
Appendix E provides a summary of the options for the geometry
method developed by this study.
This method creates windows two options, including consideration of
a WWR or detailed individual windows. This study recommends

2

Windows:
using WWR to facilitate the simulation time. Appendix E shows
integration of this method with the building geometry.
The set of construction material is usually associated with the age of
buildings and building design. Depending on the building age, this
Construction

study uses appropriate construction materials. For the building design,

Materials

high-performance buildings may have extra insulation materials.

3

None of the case studies in this dissertation use extra insulation
materials beyond the code requirement.
A set of programs are developed to automatically download the
weather data files and collate the data and to provide different
granularity of weather data inputs. It is important to note that
4

Weather Data
throughout the process of data cleaning, there is a need to manually
make a decision. Appendix B provides a summary for the weather
data method.
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Table 6-2. Methods focused on internal loads for building energy simulation approaches
#

Name

Description

Internal Load

This method changes the internal load densities for lights, electric

Densities

equipment, and people.

1

Internal Load
2

This method enables changes in the internal load schedules.
Schedules
System

This method changes the setpoint manager for cooling and heating

Schedules

loops, outside air and infiltration schedules.

SHW

This method creates service hot water (SHW) systems for the model2.

3

4

Typically, the external approaches require more computational time and code
development compared to the internal approaches; however, data collection for the internal
approaches require more on-site data collection efforts. A comparison between one internal
variable contributor to the internal loads and one external variable contributor to the external
loads can provide a better description. For example, building geometry is one of the common
accessible information for the building energy modelers. The information related to the geometry
falls into the external variables. Changes in the building geometry configuration can lead to
substantial computational time increase; however, it may not significantly change the building
energy use patterns. Lighting load density and schedules contribute more to the internal loads.
Although these variables do not add significant computational time, it is expensive to measure
these variables from the energy use patterns or on-site data collection. Therefore, there is a need
to provide a model complexity measure that considers these variations.

2

SHW contributes to the internal loads. Although this system at most does not consume more than
5% of the total building energy use, it may contribute to the monthly deviation of the model from the
building metered energy consumption especially during summer. During summer, the heating system of the
building usually does not work except for the SHW unless the SHW uses different loop than the hot water
loop. Therefore, it is important to include this method in the building simulation approaches.
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It is important to note automation of the energy simulations require simplifications on the
building envelope, thermal zones, and HVAC systems. This study uses the best practices in the
building energy modeling community to simplify building: (1) geometry, (2) fenestration, (3)
thermal zones, and (4) HVAC systems during the model creation. Table 6-3 provides the
proposed order of complexity implementation depending on the building class.

Table 6-3. Focus of the approaches for internally-load, externally-load, and mixed-load
dominated buildings
Set of Variables

Internally-load

Externally-load

Mixed-load

Dominated

Dominated

Dominated

Cooling / Heating setpoint manager schedule

5

2

1

Cooling / Heating setpoint manager temperature

6

3

2

Lighting schedule

1

5

3

Equipment schedule

2

6

4

Lighting density

3

7

5

Equipment density

4

8

6

HVAC system inputs (such as efficacies)

7

4

7

Construction materials

8

1

8

SHW

9

9

9

Exterior Lights

10

10

10

It is important to note that most of the commercial buildings tend to be more mixed-load
buildings due to the BMS. BMS manages the building internal load schedules as well as the
HVAC systems. Therefore, the HVAC system can outrun the poor building construction of the
building or internal loads.
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6.2 Quantification of Model Complexity versus Accuracy
For the accuracy, ASHRAE Guideline 14 is the well accepted measure to identify
accuracy of energy simulations. However, there is no well-defined approach to determine the
model complexity. This study uses existing publications to propose a new approach that
segregates the human factor from the determination of model complexity.

6.2.1 Model Accuracy
This study adopts the accuracy measurement requirements from ASHRAE Project 1051
report (RP-1051) and ASHRAE Guideline 14 to address accuracy of energy models [26, 35]. In
Equation (6-1), accuracy is defined as the modeling uncertainty. Coefficient of Variation of the
Standard Deviation (CVSTD) and Normalized Mean Bias Error (NMBE) are selected to address
accuracy based on the ASHRAE Guideline 14 recommendation. Equations (6-1) and (6-2)3 show
definition of CVSTD and NMBE.

[ (
(

| (
(

Where

̅

̅) ]
)̅

̂)|
) ̅

(6-2)

̂ are metered building energy data, arithmetic mean of the metered

building energy data, number of observations, simulated building energy data.
The requirement for monthly and daily are specified in Table 6-4.
3

(6-1)

Equations are also presented in Chapter 3.
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Table 6-4. Accuracy requirements for ASHRAE Guideline 14 for monthly and hourly calibration
Granularity of Data

CVRSME

NMBE

Monthly

15%

5%

Hourly

30%

10%

6.2.2 Model Complexity
Common methods to determine the complexity of the building energy simulation models
do not provide uniform evaluations between different studies. Modeler reports on the complexity
of the model and time required for the inputs are the only source of quantification. To fill the
knowledge gap, this study proposes a unifying method that enables quantification of model
complexity. This dissertation proposes using two weighting factors to exclude the human factor
from the analyses during the model complexity determination. These two weighting factors are
functions of (1) computational time required to perform the energy for the selected variable and
(2) time required to collect the inputs. Table 6-5 provides different steps required to determine the
model complexity. Two different methods are considered to evaluate the effectiveness of the
developed model complexity:
o

Method 1: This method assumes the complexity of the model is associated with the
multiplication of the computational time and easiness of the on-site data collection
weighting factors (

o

).

Method 2: Method 2 associates the total complexity of the model with the
summation of the computational time and easiness of the on-site data collection
weighting factors (

).
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Table 6-5. Proposed methodology to determine model complexity
Computational
Computational
Step

Description

Time ( )

Easiness of data
Easiness of data

Time Weighting
Factor (

)

access ( )

Weighting Factor
collection weighting
factor (

)

(

)

Choose the simplest
1
model with default values
Increase complexity of the
From Methods
2

model (e.g. change the
1 and 2.
building geometry)
Increase complexity of the
From Methods

3

model (e.g. change
1 and 2.
lighting schedule)

…

…

…

…

…

…

…

…

…

…

…

…

…

…

Establish the closest
From Methods
model to the detailed
1 and 2.
model

Total Complexity
(

)
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Determination of Computational Time Weighting Factor (

) requires changes in the

energy model and conducts a comparison between the new model computational times with the
base model computational times. However, determination of data collection is not
straightforward. This study uses the results of a survey conducted by Pacific Northwest National
Laboratory (PNNL) to determine ease of data collection. Three categories are defined as (1) easy,
(2) medium, and (3) difficult. However, the result of this survey did not include very difficult
inputs. For example, some of the schedules require installation of sub-metering system or data
processing. This study adds a very difficult as the fourth category to the survey results. Table 6-6
provides the time required to collect on-site data.

Table 6-6. Time required for the data collection [42]

Time Required

Easy

Medium

Difficult

Very Difficult

2 Minutes

5 to 10 Minutes

10 to 30 Minutes

30 Minutes to 2 Hours

Although the proposed time required to collect is derived from an extensive survey, the
analysis may not reflect the big picture. Therefore, this study suggests that future studies conduct
an extensive survey to include more details into their survey.

6.3 Summary
This chapter provided the methods developed to deploy the internally-load, externallyload, or mixed-load dominated buildings. The methods are developed as a starting point to create
automated energy models to assess the complexity and accuracy of energy models quickly. The
accuracy requirement for the energy models is well-accepted in the building design industry;
however, there is no specific methods to quantify complexity of the energy simulation models.
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The time required for the data collection or complexity of the data in the existing publications
depends on the modeler’s judgment. This study proposes a methodology to quantify model
complexity independent of the modeler’s judgment. Chapter 7 will use the methodologies
developed in this chapter to quantify model complexity with accuracy of building energy
simulations for two well-instrumented cases studies.
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Chapter 7
Demonstration of the Proposed Approaches for Case Studies
The aim of this chapter is to quantify building energy simulation model complexity with
the accuracy of the simulation results for the identified classes of buildings. This dissertation
considers two well-instrumented buildings located in Philadelphia to assess applicability of the
developed classes and approaches. In addition to the accurate measurements, these buildings are
selected to test the developed the approaches and building classification independent from the
reviewed buildings. These buildings are not included in development of the Objective 1 and 2.
Sensors are installed in the well-instrumented buildings to measure detailed information for the
buildings in addition to regular building utility bills. Detailed information can support the
development of this dissertation.
This chapter first introduces each building; then, the results from Objectives 1 and 2 are
used to classify the buildings and quantify model complexity with the accuracy. Sections 7-1 and
7-2 present the results of the two well-instrumented buildings, including (1) Building 101 and (2)
One Montgomery Plaza. Section 7-3 summarizes the conclusion of the demonstration analyses.

7-1 Building 101
This building is one of the well-instrumented buildings for the building science
researchers. A set of sensors is installed in this building to monitor energy end-uses, indoor air
quality, and system performances. Researchers have studied this building in details to validate
and model the instruments [90-97]. This study uses the validated measurements among the
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measured data for Building 101 to perform demonstration for the model complexity versus
accuracy.
Table 7-1 provides a summary of the information related to Building 101, and Figure 7-1
illustrates the building and the energy model for this building.
Table 7-1. Description of Building 101 (Note: References [92, 95] provide an extensive summary
on building 101 systems)
Area

Built

Renovation

6,968 m2

Location

HVAC System

1999
1911

VAV with reheat valve
Philadelphia, PA

(75,000 m2)

(Major HVAC systems)

(a)

(ASHRAE System #5)

(b)

Figure 7-1. Building 101: (a) Building photo and (b) Simplified model used in the dissertation
This study uses the utility bills and detailed energy consumptions to identify the building
energy use patterns. Figure 7-2 shows the annual EUI with electricity and natural gas breakdowns
for 2011 and 2012 for this building. A comparison between 2011 and 2012 indicate the building
total EUI only varies less than 8%. The results indicate the building may have mixed-load or
internally-load dominated energy use patterns.

EUI (kBtu/sqft)
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Figure 7-2. Annual EUI for building 101 for 2011-2012
Figure 7-3 shows monthly normalized energy consumptions with outdoor air temperature
for 2011-2012 to identify the building energy use patterns. Total energy use of the building
depicted in Figure 7-3-a indicates the heating consumption is a function of the weather; however,
the no response to weather during warmer months suggest the building may be controlled by the
BMS system. Figure 7-3-b is used to identify the building response in heating and cooling
seasons separately. On contrary to the campus buildings, this building uses electricity for the
electric use and cooling purposes. Therefore, the electricity consumption during cooling seasons
is a function of outdoor air temperature; however, due to high internal loads or BMS, the building
energy use patterns is mixed-load.

(a)
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(b)

Figure 7-3. Normalized monthly energy consumptions with outdoor air temperature in 20112012: (a) Total monthly energy EUI with the outdoor air temperature and (b) Monthly electricity
and gas EUIs with the outdoor air temperature
Weather independent electricity use of the building mainly accounts for the fan/pumps,
electric equipment, interior and exterior lights. The values need to be estimated from the building
energy use patterns. The building classes developed based upon the LEED NC building can
provide an estimation for these values. Table 5-6 shows that among the clusters, fan consumes
12% of the energy use of the building and plug load accounts for 36% of the building energy use.
These two variables do not vary between different clusters. For the interior lighting the high
intensity cluster is used to estimate the lighting power density. Therefore, the values are divided
proportionally for the electricity use during the non-weather dependent months. Table 7-2
provides a summary of the disaggregation for the electricity consumptions to estimate the
lighting, fans/pumps, and electric equipment.

Table 7-2. Disaggregation of the internal loads
Units

Fans/Pumps

Lighting

Electric Equipment

2

5.35

6.69

16.04

2

1.70

2.12

5.09

SI (kWh/m )
IP (kBtu/ft )
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In order to understand the energy use patterns and identify the schedules and load
densities, the hourly energy consumptions of the building are used. Figure 7-4 depicts the
normalized hourly electricity and gas consumptions with the outdoor air temperature.

(a)

(b)

Figure 7-4. Normalized hourly consumptions with outdoor air temperature in 2012; (a) Electricity
consumptions and (b) Gas consumptions
Although Figure 7-4 indicates the building has a correlation (especially the electricity
consumption) with the outdoor air temperature, this study uses Figure 7-5, daily electricity and
gas consumptions, to demonstrate the campus building findings. Daily consumptions for
electricity and gas consumptions show a better correlation with the outdoor condition.

(a)

(b)

Figure 7-5. Normalized daily consumptions with outdoor air temperature in 2012; (a) Electricity
consumptions and (b) Gas consumptions (Note: the points out of the regression line in figure b
may be associated to variables setpoint temperatures for the HVAC systems)
Figure 7-6 and Table 7-3 perform analyses on the weekdays to get the schedules and
quantify the baseline to peak ratio. The schedule remains relatively similar throughout the entire
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year, but the densities change based on different months. The results show that more than half of
the building energy use occur when the building is not occupied. This indicates the high internal
loads inside of the building that usually is associated with interior lighting and electric equipment.

(a)

(b)

Figure 7-6. Energy use patterns for building 101 for weekdays (a) One profile for the entire 2012,
(b) The averaged profile (Note: The unit in y-axis is kWh and in x-axis is number of readings per
hour for a five weekdays)
Table 7-3. Statistics of baseline to peak ratio for building 101 for weekdays
Statistical Summary

Use Pattern

Mean (%)

52.6

Standard Deviation (%)

21.3

Median (%)

59.6

The results of the energy use patterns show the building is mixed-load; therefore, to
benefit from the building energy use patterns classification, it is better to use the mixed-load
approaches. In addition, to test out influence of different variables on the accuracy of the building
energy simulation, various scenarios are tested out. For instance, the geometry of the building and
the building envelope are one of the inputs that require significant time to create the energy
models. Unless there is no interest to study detailed daylighting or infiltration for a specific room,
this study shows simplifications on the building envelope and windows can expedite the model
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creation. This study provides a sensitivity analysis on the influence of the building geometry and
fenestration for Building 101. Three different shapes, including detailed, T shapes, and box shape
are used to model Building 101 geometry (Figure 7-7). Two types of building fenestration
considered in this study are: (1) WWR and (2) individual windows.

(a)

(b)

(c)
Figure 7-7. Building 101 models: (a) Detailed model with individual windows, (b) T shape with a
fixed WWR, and (c) Rectangle shape used as the baseline

To create the energy models and add the complexity, this study considers various
scenarios presented in Table 7-4. In the first step, the baseline for the complexity and
computation time are derived from a rectangle shape building relying on the default inputs from
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the energy simulation software4. Table 7-4 provides the list of detailed inputs to add complexity
of the model. The approaches developed for the mixed-load building in Chapter 6 is used to
determine the steps to add complexity to the model.

Table 7-4. Description of the scenarios used in this study to increase the model complexity
Step

Description

1

Rectangle shape + Default inputs = Baseline

2

Baseline + Fixed WWR

3

Baseline + Cooling and Heating setpoints

4

Baseline + Lighting/Electric equipment densities and associated schedules

5

Baseline + Outdoor air fraction and associated schedules

6

Baseline + Infiltration and associated schedules

7

Baseline + Detailed information for the HVAC systems

8

Baseline + Exterior lights and associated schedules

9

Baseline + SHW and associated schedules

Figure 7-8 show model complexity versus the accuracy for the T shape building. It is
important to note that with the use of the developed building classification and approaches, the
maximum achievable CV is 40%, meaning the accuracy lacks 25% to reach to monthly ASHRAE
Guideline 14 requirements. ASHRAE Guideline 14 requires CV of 15%. This indicates there are
influential variables that determine accuracy of the energy simulations. For this case study, the
4

Most of the energy simulation tools have templates for default values for the inputs. In
OpenStudio, BCL adds the default inputs for the model from the Reference Buildings study. Other energy
simulation tools such as DesignBuilder and eQuest use International Energy Conservation Code (IECC)
and ASHRAE 90.1 2007. Existence of the default values does not necessary reflect that the energy
simulation tool prepopulate the inputs. User needs to manually select the inputs from a list of inputs. This
study assumes use of default values with minimal number of changes in the model has the least model
complexity. Without use of automated procedure, creating the simplest model may take couple of hours.
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analyses show that among the reviewed variables in this study, outdoor air fraction, monthly
setpoint temperatures, infiltration rate, and their schedules as well as information about the
HVAC system have significant influence on the building energy use. Building energy use patterns
classification cannot provide information on these inputs. Estimation of appropriate inputs for
these four major inputs could lead to more accurate energy simulations. Existing database of
building energy consumptions, do not contain these inputs. Thus, there is a need to make
assumptions on these inputs by reviewing building design documents, conducting on-site
measurements for the inputs, and visiting the building. Walkthrough of the building and
interviewing the facility manager can support development of assumptions for these variables.
Possible solutions to consider a better estimation of these inputs are:
1- Measure the variables directly: Pressurization and tracer gas are two methods to
measure the infiltration rate. Pressurization is the most commonly used method to
measure infiltration rate [98]. For example, for small sized office buildings, blower
door is one of the methods to measure the infiltration rate to the buildings. For larger
buildings, indirect methods such as installation of differential pressure sensors
through the openings or pressurization of the building with AHU fans can be used to
measure the infiltration rate [99]. For the outdoor air fraction, installation of
temperature or CO2 sensors in the return of the AHU can provide the outdoor air
fraction for the simulations. HVAC setpoint temperature can be measured with
installation of temperature sensors in the AHU supply. Design documents and on-site
visit are the best way to obtain information about the HVAC systems.
2- Measure the variables indirectly: Indirect methods are less expensive compared to
the direct methods. For example, using thermal imaging Infrared (IR) camera or
installation of temperature sensors inside of the room can provide insights into the
estimation of the infiltration rate and setpoint temperature, respectively. Inexpensive
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temperature sensors such as iButton or thermocouples can measure the changes in the
indoor air temperature during shoulder seasons such as April-May and OctoberNovember.
3- Estimate the variables for the literature review: The inputs can be inferred from
similar buildings within the same class or from a database of inputs. For instance,
depending on the building space type, most of the energy simulation tools have
templates for the inputs.
In this case, study use of AMY weather data enhances accuracy of the energy
simulations, especially for the mixed-used and externally-load dominated buildings. For the
internally-load dominated buildings, the AMY weather data may not necessarily provide a better
accuracy for the energy simulations.
Figure 7-8 illustrates the correlations between the model complexity and accuracy of the
simulations for two different methods to calculate model complexity. Appropriate outdoor air
fraction and infiltration rates are used in this graph. With adding appropriate complexity features
to the model, the simulation result reaches close to the requirement specified by ASHRAE
Guideline 14 to have CV equal or less than 15%. The correlations have a form of power law “y =
ax-b”. Figure 7-8-a shows the correlation when the first method is used to calculate model
complexity while Figure 7-8-b illustrates the correlation using the second method. A comparison
between the computation time weighting factor and the easiness of on-site data collection
weighting factor indicates the variation in the computational time is one order of magnitude less
than the easiness of on-site data collection. This difference is originally inherited from the
definition of the easiness of on-site data collection that varies from 2 minutes to 2 hours, meaning
the weighting factor for the easiness of on-site data collection may differs with one order of
magnitude. For this case, the correlations from Figure 7-8-a and Figure 7-8-b remain within a
same range. Therefore, it is not possible to make decision about effectiveness of these two
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methods to calculate the model complexity based on this case study. Further analyses with other
cases are required.
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(b)
Figure 7-8. Complexity versus accuracy of building energy simulation models for Building 101
with T shape; (a) Using Method 1 to multiply the computational time and easiness of on-site data
collection weighting factors and (b) Using Method 2 to sum the computational time and easiness
of on-site data collection weighting factors
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This study analyzes the influence of the building shape on the accuracy of energy
simulation. The detailed geometry of the building requires access to the building mechanical
drawing and increase the computation time significantly. With the recent development on the
online map, simplified geometry can be used as a proxy to model the building without
accessibility to the building mechanical drawings. Figure 7-9 and Figure 7-10 illustrate the results
of model complexity with accuracy for the box and detailed geometry. The results show that with
the same initial default inputs. Detailed geometry has a better natural gas prediction at the
beginning rather than the simple box model. This may be associated with the building location
where is located in a cold climate. In addition, the estimated inputs in the final stage for the
detailed building for the detailed model differ from the simplified models. Although all of the
three models have the same WWR, the detailed geometry has more leakage area due to use of
individual windows. The extra leakage openings contribute more to the natural gas than the
electricity.
A comparison between Figure 7-9-a and Figure 7-9-b suggests for the shoe box model,
the computational time weighting factor has less influence on the complexity of the model
compared to the easiness of on-site data collection. Both model complexity methods provide
relatively similar patterns and complexity values, suggesting there is no difference with
multiplying the weighting factors or sum them for this simple shape energy model.
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(b)
Figure 7-9. Complexity versus accuracy of building energy simulation models for Building 101
with the box shape; (a) Using Method 1 to multiply the computational time and easiness of onsite data collection weighting factors and (b) Using Method 2 to sum the computational time and
easiness of on-site data collection weighting factors
The results illustrated in Figure 7-10-a and Figure 7-10-b indicate as the geometry of the
building gets more complex, the influence of the computational time weighting factor have more
significant influence on the complexity of the model. However, in general for the Building 101,
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the easiness of on-site data collection is more critical than the computational time to determine
complexity of the building energy model.
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(b)
Figure 7-10. Complexity versus accuracy of building energy simulation models for Building 101
with detailed geometry; (a) Using Method 1 to multiply the computational time and easiness of
on-site data collection weighting factors and (b) Using Method 2 to sum the computational time
and easiness of on-site data collection weighting factors (Note: For figure “a”, the horizontal axis
is 1.5 of the original axis)
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The results of different models for Building 101 show that with appropriate inputs from
the building energy use patterns classification, the models can predict the energy use of the
buildings accurately. However, without consideration of key on-site inputs the simulation does
not provide sufficient accuracy to meet the building energy modeling guidelines.

7-2 One Montgomery Plaza Building
This building is also a well-instrumented buildings compared to regular buildings. This
building has less complexity in the energy modeling compared to Building 101 due to the simpler
HVAC systems. Table 7-5 shows the details of this building. Both of the well-instrumented
buildings considered in this study had a major HVAC retrofit within the 15 years.

Table 7-5. Description of building One Montgomery Plaza (Note: References [100, 101] provide
sn extensive summary on this building)
Area

Built

Renovation

Location

1973

2004 (Major HVAC retrofit)

Philadelphia, PA

2

20,903 m

HVAC System
Chiller + VAV with reheat valve

(225,000 ft2)

(ASHRAE System #7)

Figure 7-11 shows two views of the building and models created in this study to perform
energy simulations. The influence of the building geometry is considered with using simplified
box shape geometry and detailed geometry. The building is using pre-1980 CBECS commercial
building construction materials and has 40% WWR. This study uses constant WWR for both
models. The building has 10 stories on the West wing and 8 stories on the East wing. Three
bottom stories reflect the ground floor and two indoor parking spaces.
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(a)

(b)

(c)

(d)

Figure 7-11. Building One Montgomery Plaza: (a) Building photo – view 1 (Photo credit:
Advance Energy Retrofit (AER) Team, EEB HUB), (b) Building photo – view 2 (Photo credit:
AER Team, EEB HUB), (c) Simplified box model for the building visualized in the GUI, (d)
Detailed geometry model for the building visualized in the GUI

Figure 7-12 illustrates the electricity and gas consumptions normalized by the building
area for 2009-2013. The total electricity and gas consumptions indicate the building tends to be
internally-load dominated or mixed-load due to little variation in the annual consumptions,
suggesting the building uses similar schedules for different years. The maximum variation for the
total energy is 8.5%.
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Figure 7-12. Annual EUI for Building One Montgomery Plaza for 2009-2013 [Note: the energy
use of the building in 2010 is higher than other years due to the construction work]

Table 7-6. Summary of the building annual electricity and gas consumptions for 2009-2013
Year

2009
3,253,402.9

2010
3,694,868.8

2011
3,495,270.6

2012
3,358,219.1

2013
3,166,748.0

1,848,137.2

3,642,007.5

2,042,242.1

1,924,447.2

2,311,452.5

5,101,540.1

7,336,876.2

5,537,512.7

5,282,666.3

5,478,200.5

161.1

183.0

173.1

166.3

156.9

91.5

180.4

101.2

95.3

114.5

252.7

363.4

274.3

261.7

271.3

Electricity Use (kWh)
Natural Gas Use (kWh)
Total Energy Use (kWh)
Electricity EUI (kWh/m2)
Natural Gas EUI (kWh/m2)
Total EUI (kWh/m2)

Figure 7-13 depicts the normalized electricity and gas consumptions with outdoor air
temperature for monthly consumptions for 2009-2013. Table 7-7 provides the normalized
equations for this building. The results confirm that the building has a high baseline load for the
electricity consumptions, and the natural gas consumptions correlate with the outdoor
temperature.
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(a)

(b)
Figure 7-13. Normalize monthly electricity and gas consumptions with outdoor air temperature
for One Montgomery Plaza building
Table 7-7. Summary of the normalized energy consumptions for 2009-2013
Temperature Range

Equation for the normalized total energy with outdoor temperature
(

[-1.4, -15.7)

(

[15.7 – 23.1)
[23.1 – 27.8]

)

(

)
)

Hourly metered electricity and natural gas consumptions are normalized to determine the
building use pattern. In order to have a better understandings of the building energy use, Figure
7-5 uses daily electricity and gas consumptions to demonstrate the campus building findings.
Daily consumptions for electricity and gas consumptions show a better correlation with the
outdoor condition.
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(a)

(b)

Figure 7-14. Normalized hourly consumptions with outdoor air temperature in 2013 (from March
to November); (a) Electricity consumptions and (b) Gas consumptions

(a)

(b)

Figure 7-15. Normalized daily consumptions with outdoor air temperature in 2013 (from March
to November); (a) Electricity consumptions and (b) Gas consumptions

The results show that the monthly natural gas consumptions for this building do not
follow the outdoor air temperature for some months, meaning the building is controlled by indoor
condition such as the heating setpoint temperature. A further investigation shows that the building
is overheated through the specific months that the building does not require additional heating.
Figure 7-16 depicts the indoor air temperature measurements. The results show the mean
temperature for this building in April is around 26.6

(80ºF) that is higher than the required

setpoint temperature. This overheating of the building lead the building to scheduled-dominated
(internally-load dominated) for the heating of the building. Based on the energy use patterns, this
change can be inferred; however, in the first glance, this abnormal heating use might be
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associated with the wrong meter reading. Therefore, there is a need to install minimal set of
sensors to measure key inputs that cannot be estimated from the building energy use.

Figure 7-16. Indoor air temperature measurements
Finally, the derived inputs are used to perform model complexity versus accuracy for the two
models created for this building.
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Figure 7-17 and Figure 7-18 show that the model has a similar asymptotic pattern. Therefore,
modelers interested in the whole building energy consumptions – not the space by space type –
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can use simplified geometry by using reasonable assumptions.
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Figure 7-17 and Figure 7-18 confirm the significance of on-site data collection compared
to the computational time.
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Figure 7-17. Complexity versus accuracy of building energy simulation models for One
Montgomery Plaza for the simplified model; (a) Using Method 1 to multiply the computational
time and easiness of on-site data collection weighting factors and (b) Using Method 2 to sum the
computational time and easiness of on-site data collection weighting factors
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Figure 7-18. Complexity versus accuracy of building energy simulation models for One
Montgomery Plaza for the detailed model; (a) Using Method 1 to multiply the computational time
and easiness of on-site data collection weighting factors and (b) Using Method 2 to sum the
computational time and easiness of on-site data collection weighting factors
A comparison between model complexity and accuracy for the two reviewed case studies
show that if the building has a high electricity or natural gas consumptions, the model cannot
provide sufficient accuracy for the initial stages of adding complexity to the model. For example,
for the One Montgomery Building, natural gas is the major contributor to the total building
energy use; therefore, the model fails to predict the results in the initial stages.

7.3 Summary
The results of the analyses and demonstrations for the case studies show the building
classification can facilitate prediction of building energy use; however, there are variables that
cannot be inferred from the building energy use patterns classification. This limitation occurs due
to lack of inputs in the reviewed databases. Use of appropriate building classification approach
based on the energy use patterns can provide CV close to 40% for the reviewed case studies.
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However, there is a need for additional variables to increase accuracy of the simulations to meet
the ASHRAE Guideline 14.
The demonstration of the developed methods to quantify complexity of the energy
simulation models in a systematic procedure for the case studies was tested in this chapter. Both
methods provided relatively similar correlations. The results indicated the influence of the
easiness of on-site data collection weighting factor is more significant than the computational
time weighting factor. As the geometry of the building gets more complex, the computational
time weighting factor becomes more important; however, for the typical building shapes, the
energy modelers and building industry need to focus more on the easiness of on-site data
collection to facilitate the on-site data collection. The implication of this focus is to support the
development of faster and more accurate building energy simulations.
Classifying buildings with the building energy use patterns can identify internal and
external loads; however, it cannot predict identification of key variables that are difficult to
measure or difficult to predict from the energy use patterns. For the modeled case studies,
infiltration rate, outdoor air fraction, monthly setpoints as well as HVAC inputs are key variables
that have significant influence on the results and difficult to measure or inferred from the building
energy use patterns. There is a need to select appropriate values from a field measurement or
building walkthrough. This study recommended installing a minimal set of sensors to measure
these variables or conduct an ASHRAE Level I walkthrough. This study benefits from the
building walkthrough to estimate the key variables for the building energy model.
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Chapter 8
Conclusions, Lesson Learned, and Recommendations for Future Studies
Section 8-1 summarizes the dissertation findings to conclude this dissertation. Section 8-2
provides a summary of the lessons learned throughout this study, and section 8-3 suggests
recommendations for future studies.

8.1 Conclusions
The conclusions section considers the integrated approach from the dissertation
objectives to summarize the research findings in Sections 8.1.1, 8.1.2, 8.1.3, and 8.1.4.

8.1.1 Objective 1: Building Classification
Among the energy commodities selected in this study to establish the building
classification, CHW consumption is the most sensitive commodity to the level of data granularity.
Monthly CHW consumptions can provide the building response to the outdoor conditions. Daily
CHW consumptions can enhance accuracy of the model correlation with the outdoor daily air
temperatures. This provides an opportunity to install reliable and inexpensive energy end-use
sensors to measure the building energy end-uses compared to the existing sensor installation
practice. 15 minute and/or hourly CHW consumptions can provide schedules for the building
operational systems, such as the economizer operation. For example, for the reviewed buildings,
some of the buildings have economizers with a fixed temperature limit of 10ºC (50ºF) and other
use 15.6ºC (60ºF) that has direct implications on the total building energy consumption.
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Therefore, it is important to use proper level of CHW consumption granularity depending on the
purpose of the energy modeling.
HVAC system and Building Management System (BMS) mostly control commercial
building energy use patterns, meaning the buildings are internally-load or mixed-load dominated.
42% and 58% of the campus buildings reviewed in this study are mixed-load dominated in terms
of steam and CHW consumptions, respectively. This is a common situation for the medium- or
large- sized office and campus buildings. For this type of buildings, building energy use patterns
can provide detailed information on the internal load and associated schedules. Two of the case
studies selected in this project belong to this class of buildings.
The other types of the buildings are buildings with small-sized and/or with poor building
envelope construction materials. These types of buildings tend to be externally-load dominated.
Small-sized buildings have higher building exterior surface to volume that increase the heat
transfer area. Buildings with poor construction have a higher heat transfer rate due to poor
insulation. For example, 48% of the campus buildings reviewed in this study were externally-load
dominated in terms of the steam consumption.
The third types of the buildings have the energy use patterns that is a function of internal
loads. Most of the research laboratories or the LEED NC office buildings reviewed in this study
belong to this category. For this type of buildings, the focus needs to be on the internal loads,
including lighting, plug, and process loads. Majority of the campus buildings reviewed in this
study are internally-load dominated in terms of the CHW consumption.
Three different classes, including (1) low, (2) medium, and (3) high, classes are
developed for the LEED NC office buildings. The results show that building within the low class
benefit from the small size; however, the internal loads such as the electric equipment and
lighting account for more than half of the building energy use. The buildings in medium and high
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classes have sizes twice of the low class and more than 1.5 times higher median total energy
consumption compared to the low intensity class.
The findings on the level of granularity for the energy end-uses identified in this study
have implications on the data collection for the portfolio of buildings. As an example, city
benchmarking and disclosure ordinance could benefit from using monthly energy consumptions
rather than the existing approach to report annual energy consumptions especially for cooling
end-uses. In addition, the findings on the LEED NC office buildings for low-intensity cluster
indicate the building design aspect in the design stage of the building has significant influence on
the operation energy consumption of the buildings.

8.2.2 Objective 2: Building Simulation Approaches for the Developed Classes of Buildings
This study developed a methodology to quantify model complexity without the influence
of the modeler’s judgment. This methodology uses two weighting factors to account for the
computational time and the on-site difficulty to collect the data, enabling a direct comparison
between complexities of different models.
This study developed automated procedures to implement energy use patterns
classification and vary complexity of inputs in the energy models. This allows the building
engineers to use automated procedures to create energy models and perform energy simulations
one order of magnitude faster than the existing modeling procedure. Finally, for the externallyload, internally-load, and mixed-load dominated buildings, the order of method implementation
are specified. The results of this dissertation indicate that a set of critical inputs for different
building classes drive the model accuracy, rather than an increase in the volume and detail of
model inputs as the current research and consulting practice indicates.
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The results of the quantification of the model complexity with the accuracy of energy
simulations indicate on-site data collection for the variables add one order of magnitude
complexity compared to the computation time of the simulations. Therefore, for the energy
simulations, for the future studies, there is a need to (1) develop reliable and affordable sensors to
collect on-site information and (2) enable better quantification of the complexity of on-site data
collection.

8.1.3 Objective 3: Demonstration for the Case Studies
The results of the demonstration for the case studies showed that the building energy use
patterns classification could provide accurate energy simulation predictions for typical energy
end-uses. The results for the first and second case studies showed:
1- In the first case study, the developed method predicted the natural gas consumption
of the building within the requirements of ASHRAE Guideline 14. However, the
electricity consumptions of the building, requires additional inputs. With a site visit,
the developed methods predicted the electricity consumption within CV below 15%.
Excluding June to August months from the analyses provided accuracy within the
required level of acceptance without any site visit.
2- In the second case study, the developed methods predicted the electricity
consumption with CV below 15%, but the model required additional inputs to reach
to CV below 15% for the natural gas consumptions. This study used monthly setpoint
temperature readings for shoulder seasons (April – May and October – November) to
enhance accuracy of the natural gas consumptions. Excluding April, May, and
October months from the analyses provided CV below 15% without consideration of
setpoint temperature measurements.
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The results suggest that there are key factors, such as the building infiltration rate,
outdoor air fraction, setpoint manager as well as their schedules that contribute to the accuracy of
energy simulations based on the energy use patterns classification. These variables are typically
difficult to measure, so this study proposed direct and indirect methodologies to measure these
important parameters.

8.1.4 Implications of This Study
The developed methods in this study can:


Provide rapid prediction of the building energy use to perform energy simulation
for a large number of buildings and identify potential energy saving opportunities.



Enable installation of different EEM (Energy Efficiency Measure) packages to
retrofit buildings and assess opportunities to select the best EEM package in a
couple of hours for data analyses.



Automate the procedure for the users, such as facility managers, to identify
deviation of the building energy consumption from their expectations.



Benchmark different database of buildings, enabling direct comparison of the
building energy performance for the same building class and identifying best
building management practices.



Establish different databases for the building energy consumption to include
influential variables that drive the building energy consumption, and to reduce the
number of required on-site sensors.



Provide feedback for the existing city benchmarking and disclosure ordinance to
consider monthly energy consumptions as the minimum level of energy end-uses
rather than the existing annual energy consumptions.
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8.2 Lesson Learned
This section summarizes the lesson learned for each objective in Sections 8.2.1, 8.2.2,
and 8.2.3.

8.2.1 Objective 1: Building Classification
Although it seems that using detailed metered energy use patterns data can provide
detailed information for the building analyses, there are technical issues associated with these
datasets, such as quality and validity of the sub-metering measurements. In addition, analyses
require substantial time to clean the databases, and fill the missing information with reasonable
assumptions. Based on the experience of the present study more than 75% of the interval data (15
minute or hourly) required data cleaning.
Use of the data granularity depends on the purpose of the study. For example, daily
measurements for CHW can provide a better understanding of the normalized building energy use
patterns compared to the 15 minute and/or hourly data, meaning for the regression analysis
sensors with lower sampling rate are adequate; however, to understand the schedules, there is a
need to access 15 minute sub-metered data.
Facility manager surveys can provide more detailed inputs for the building classification
or energy modeling; however, there is a need to validate the inputs. This study observed
discrepancies between the building energy use patterns and facility manager expectations. For
example, the facility manager indicated the building system operates from 7AM to 6PM while the
15 minute energy data showed the building has a schedule from 6AM to 8PM.
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This study suggests for the buildings using centralized systems, a better operation
schedules and feedback from the supply (steam/CHW plants) and demand (buildings) can save
overall energy consumption of the campus.
Use of two different types of portfolios provided opportunities for identification of key
factors from different perspectives. For example, on the one hand, the energy use patterns
classification based on the campus building enable opportunities to identify the building response
to the outdoor weather conditions, while the LEED NC database does not provide these
opportunities. On the other hand, LEEC NC office buildings have detailed information about the
building modeling inputs, such as the wall or window U values, that reveal the current high-end
consulting practice approaches.
This study discussed the limitations associated with using portfolio of buildings.
Restrictions, level of the confidentiality agreements, manual extraction of data from the submitted
forms and design documents, and reporting aggregate data are the most limitations associated
with using portfolio of buildings among other influential limitations. Design of SQL-based or
document-based databases for the portfolio of buildings is another major task that needs to be
addressed in future development of portfolio of buildings. Among the existing portfolio of
buildings, campus buildings have unique attributes that distinct the campuses from other portfolio
of buildings. Therefore, the developed databases in this study are unique in terms of the
importance.

8.2.2 Objective 2: Building Simulation Approaches for the Developed Classes of Buildings
Development of a framework to quantify tradeoffs between model complexity and
accuracy of building energy simulations requires a uniform methodology to vary the model
complexity. This framework needs to consider (1) how to add the complexity to energy model
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and (2) how to measure accuracy of the simulations independent of the modeler’s judgment. This
requires developing different methods to automate the procedure. To the knowledge of the author,
there is no tool in the existing literature to perform automated energy modeling. Development of
this automated procedure requires spending a substantial amount of time.

8.2.3 Objective 3: Demonstration for the Case Studies
Complexity of the energy simulation is not necessarily correlated with the accuracy of the
energy simulations. Without accounting for the sources of the heat transfer processes, the model
can be very complex but does not necessarily address the building energy use patterns.
Detailed energy simulation may be biased with the modeler inputs. For example, for one
of the reviewed case study, this dissertation conducted a literature review on the existing
publications. The results of the literature review showed the building COP varied from 4.5 to 3
within two different publications. Using automated procedure developed in this study based on
the energy use patterns classification can reduce the influence of the modeler’s judgment.
There are key inputs that are not considered in the developed building classifications that
influence accuracy of the energy simulations. These key inputs are not included in the existing
databases of buildings. This study suggests modelers and facility managers to include these
variables into the reported information for the buildings.
Complexity of the energy model is more associated with the quality of the on-site data
collection compared to the computational time to run an energy model. Therefore, it is
recommended to focus more on on-site data collection to improve accuracy of the energy
simulation rather than the time required to simulate the building.
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8.3 Recommendations for Future Studies
Based on the findings of this dissertation, this study summarizes the recommendations for
the future studies in Sections 8.3.1, 8.3.2, and 8.3.3.

8.3.1 Objective 1: Building Classification
The classification proposed in this study is a starting point to analyze different portfolios
of buildings and modify/append the results of this study. The current classification proposed in
this study works for the buildings in the same class; however, it requires an additional set of
buildings to cover a wider range of buildings.
Future studies can establish a database of key inputs for the energy simulations based on
analyzing the energy use of the buildings and important parameters such as the infiltration rate,
outdoor air, average monthly setpoints, and HVAC inputs. Existing databases do not include
these key inputs.
Deployment of the frameworks and classifications in this study to other countries could
compare the buildings located in different location and different cultures. This will enable
potential opportunities to learn from the best practices around the world.
Future studies can demonstrate importance of reviewing energy performance of the
campus buildings allowing to monitor detailed energy end-uses of the building. In order to
consider a cost-effective step, this study recommends the following phases:
(1) Phase 1: Install electricity meters and/or sub-meters to track interval electricity
consumptions.
(2) Phase 2: Use the savings from the installation of electricity meters and install
CHW and steam meters and/or sub-meters.
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(3) Phase 3: Perform no-cost/low-cost EEMs to save energy consumption of the
buildings.
(4) Phase 4: Negotiate the purchased utility rates or reduce the power/CHW plants
production to meet the new building demands.

8.3.2 Objective 2: Building Simulation Approaches for the Developed Classes of Buildings
Future studies can develop new methods to add complexity to the energy simulations and
perform the analyses described in Chapter 6. The existing version of this study made
simplifications for the thermal zones, building geometry, and HVAC systems based on the best
practices in the building research and consulting practice.

8.3.3 Objective 3: Demonstration for the Case Studies
Without access to the important parameters when the model requires additional inputs,
this study proposed direct and indirect methodologies to measure these important parameters.
Estimation of these important variables based on the building class or age could enhance accuracy
of the energy simulations based on the energy use patterns classification.
Use of additional case studies with different energy use patterns and validated
measurements could support the developed methods in this study. In addition, it could provide
recommendations for the consideration of important parameters.
There is a need for a large-scale study of the buildings using a case study approach, to
quantify the influence of occupancy rates and behavior of the energy use patterns of buildings.
Currently, the classification proposed in this study based on the energy use patterns for campus
buildings do not assume the influence of occupants directly; the influence of occupants and
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building management are imbedded in the schedules and densities derived from the building
energy use patterns. The classification based on the energy use intensity for high performance
buildings do not assume the occupant behavior. An intervention on a group of the reviewed high
performance office buildings with the case study approach can specifically determine the
influence of the occupants on the building energy use to extend applicability of the developed
building classification.
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Appendix A
Energy Use of Penn State’s Campus Buildings 2008-2012

(a)

(b)

(c)

(d)

(e)
Figure A-1. Distribution of the CHW, electricity, and steam EUIs for the Penn State’s
campus from 2008-2012
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Appendix B
Weather Data
Two types of weather data, including (1) Typical Meteorological Year (TMY3) and (2)
Actual Meteorological Year (AMY), are commonly used in the building industry. Performance of
HVAC systems in buildings for the building energy modeling and simulation highly depends on
the source and quality of the outdoor air weather data. TMY3 weather data is a source for the
HVAC engineers to design HVAC systems based on hourly weather data for a typical year in a
specific location. However, when a specific period of time is interested, TMY3 weather data does
not provide sufficient weather information for the specific time. Therefore, HVAC engineers
cannot utilize TMY3 weather data to do an energy simulation for the specific time. To determine
influence external loads, there is a need to use AMY data instead of TMY3 data. This study
collects and cleans 15 minute and hourly weather data for University Park, Philadelphia, and
Cambridge locations. Table A-1 summarizes the sources for the weather data used in this study.

Table A-1. Sources for the weather data
Location

Weather Station 1

Weather Station 2

Weather Station 3

Weather Station 4

University Park,

University Park Airport

NOAA* Weather Station

Campus Weather Station

OPP** Weather Station

PA

Weather Station

Philadelphia,

Philadelphia

PA

Weather Station

Cambridge, MA

Logan Airport

Airport

Cambridge

Weather

station
*

NOAA stands for National Oceanic and Atmospheric Administration

**

OPP stands for Office of Physical Plant
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The selection of a specific weather station depends on the accuracy of the weather station
data and the proximity of the weather station to the campuses. Although there is not any general
procedure to select a specific weather station among the various suitable ones that are close to the
campus, a simple procedure is outlined below. A first step in making a decision would be to find
weather stations that are located in close proximity to campus buildings that have the same
latitude and elevation [102]. For Penn State’s campus, there are three main weather stations close
to State college with publically available data. These weather stations are (1) University Park
campus weather station, Penn State Joel N. Myers Weather Center, (2) University Park airport
weather station, and (3) SURFRAD weather station. Table A-2 shows existing weather stations
close to the Penn State’s main campus with publically available data.

Table A-2. Existing weather stations close to the Penn State’s main campus in University Park
Location

Weather Station

Elevation

Maintained
Name
SURFRAD Weather

Penn State Meteorology

Station

Department & NOAA

Latitude

Longitude

(Ft)

40.72N

77.93W

376

40.8N

77.9W

1100

40.79N

77.87W

1169

UP Airport Weather
Wunderground
Station
Penn State Joel N.
Penn State Department
Myers Weather
of Meteorology
Center

Comparisons between selections of weather stations reveal differences between variable
measurements for various weather stations. Figure A-2 shows dry bulb temperature and wind
speed differences between local campus weather station and airport weather station close by the
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Pennsylvania State University main campus at University Park campus. Amongst these three
weather stations, this dissertation uses the UP airport weather station since it is maintained across
the US with the same reliability, accuracy, and accessibility. Accessibility means that since
airport weather station data points for all existing weather stations are on the web, they are thus
easily accessible to the public. Furthermore, these weather station data points have a high level of
resolution for data collection, so these data points have sufficient accuracy for energy analysis
and energy simulations. Finally, there exists well-defined reporting and calibration protocols to
provide very reliable weather data points to the public. Because of accessibility and reliability as
well as accuracy of weather data points, it is possible to extend the same proposed methodology
in this research study to other research studies. Figure A-3 illustrates that there is a minor
difference between the campus and airport weather station in terms of the annual variations;
however, Figure A-4 indicates the weather data may have influence on the normalization process.
This study normalizes energy consumption of buildings with the most reliable weather station.
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Figure A-2. University Park airport weather station and Penn State Campus weather station
comparisons; (a) Dry Bulb Temperature, (b) Wind Speed Comparisons
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Figure A-3. 2008 outdoor air temperature variation in two weather stations including UP Campus
and UP Airport weather station in vicinity of Penn State main campus
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Figure A-4. Effects of weather data selection on the normalization of steam consumption
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Appendix C
Daily and Hourly Energy Uses for the Campus Buildings for Three Examples
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Figure A-5. Normalized CHW consumptions: (a) to (c) daily readings; (d) to (f) hourly readings
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Figure A-6. Normalized steam consumptions: (a) to (c) daily readings; (d) to (f) hourly readings
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Figure A-7. Normalized electricity consumptions: (a) to (c) daily readings; (d) to (f) hourly
readings
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Appendix D
Simple Example of the OpenStudio API Scripts and Visualization in GUI
This example provides an example for the OpenStudio API and visualizes the model in
the OpenStudio GUI to provide insights in the connection of the developed methods. This
example will create six thermal zones for a space and assigns two HVAC systems to the thermal
zones. Table A-3 and Figure A-8 provide the ruby scripts and visualize the associated HVAC
system in the thermal zones.

(a)
Figure A-8. Visualization of the model created in the API in the GUI

(b)
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Table A-3. Ruby scripts to create six thermal zones and assign them to two different HVAC loop
(lines starting with # are comments)
require 'openstudio'
#create a new model
model = OpenStudio::Model::Model.new
#create 6 zones
6.times do |i|
zone = OpenStudio::Model::ThermalZone.new(model)
end
# get the thermal zones in the model
zones = model.getThermalZones
#add HVAC system type #5
hvac = OpenStudio::Model::addSystemType5(model)
hvac = hvac.to_AirLoopHVAC.get
#assign HVAC system type #5 for the first three thermal zones
zones.each do|zone|
if ((zone.name.get.include?"Thermal Zone 1") || (zone.name.get.include?"Thermal Zone 2") ||
(zone.name.get.include?"Thermal Zone 3"))
hvac.addBranchForZone(zone)
end
end
#add the second HVAC system type #5
hvac1 = OpenStudio::Model::addSystemType5(model)
hvac1 = hvac1.to_AirLoopHVAC.get
#assign HVAC system type #5 for the second three thermal zones
zones.each do|zone|
if ((zone.name.get.include?"Thermal Zone 4") || (zone.name.get.include?"Thermal Zone 5") ||
(zone.name.get.include?"Thermal Zone 6"))
hvac1.addBranchForZone(zone)
end
end
# save the OpenStudio model
save_path = OpenStudio::Path.new("example.osm")
model.save(save_path,true)
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Appendix E
Geometry Methods
Figure A-9 shows the shapes that geometry method is capable of creating with using
WWR to assess complexity of the model vs accuracy of the energy simulation.

(b)

(c)

(d)

(e)

(c)

Figure A-9. The geometry method is capable of creating typical building shapes with WWR: (a)
convex polygon, (b) U shape, (c) T shape, (d) L shape, and (e) pie shape

Figure A-10 shows the shapes that geometry method is capable of creating with using
individual windows on the wall. This method requires further work to create windows in the
random locations. Figure A-11 presents an example to create building 101.
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(a)

(b)

(c)

(e)

(f)

(d)

(g)

(h)

Figure A-10. The geometry method is capable of creating typical building shapes with individual
windows: (a) rectangle, (b) U shape, (c) T shape, (d) L shape, (e) H shape, (f) pie shape, (g) ¼
circle, and (h) random shape

Figure A-11. Geometry and windows development for a case study
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