A Decision-Making Model for Building Energy
Retrofits

Emily Moder

April 15, 2013

Submitted in partial fulfillment
of the requirements for the degree of
Bachelor of Science in Engineering
Department of Civil and Environmental Engineering
Princeton University

1

I hereby declare that I am the sole author of this thesis.

I authorize Princeton University to lend this thesis to other institutions or
individuals for the purpose of scholarly research.

Emily Moder

I further authorize Princeton University to reproduce this thesis by photocopying or
by other means, in total or in part, at the request of other institutions or individuals
for the purpose of scholarly research.

Emily Moder

2

Table of Contents
1. Introduction and Motivation……………………………………………….1
2. Background…………………………………………………………………3
2.1 Building Energy Use………………………………………………………………3
2.2 Building Energy Models…………………………………………………………..5

3. Model Validation……………………………………………………………6
3.1
3.2
3.3
3.4
3.5

Building Site………………………………………………………………………11
Building Envelope………………………………………………………………...11
Internal Loads…………………………………………………………………….14
HVAC…………………………………………………………………………….15
Parameter Conclusions……………………………………………………………16

4. Decision-Making Model…………………………………………………...17
4.1
4.2
4.3
4.4
4.5
4.6

Definition of Scope………………………………………………………………17
Automated Simulation Program………………………………………………….20
Cost Calculation and Optimization………………………………………………22
Accuracy Analysis………………………………………………………………..23
Data Generation………………………………………………………………….26

5. Data Analysis………………………………………………………………27
5.1
5.2
5.3
5.4
5.5
5.6
5.7
5.8

Roof Insulation Retrofits………………………………………………...………27
Wall Insulation Retrofits………………………………………………………....28
Lighting Retrofits………………………………………………………………...29
Window Retrofits………………………………………………………………...30
Infiltration Retrofits………………………………………………………………31
Roof Membrane Retrofits………………………………………………………...32
Retrofits Recommendations Results……………………………………………...34
Website Implementation…………………………………………………………..37

6. Conclusions and Future Work……………………………………………38
Appendix A……………………………………………………………….40
Appendix B……………………………………………………………….42
Appendix C……………………………………………………………….48
Appendix D……………………………………………………………….52

3

Acknowledgements
This thesis represents the hard work and contributions of a number of individuals who
gave their time and expertise to help bring all aspects of the project together. First, I would like
to thank my advisor, Elie Bou-Zeid, who helped me structure my ideas and interests into the
completed project presented here, and provided the knowledge and expertise needed to help me
work past the challenging points in the process. I would also like to thank the members of the
Princeton Plasma Physics Lab for introducing me to the subject of building retrofits and giving
me access to much of the data needed for this thesis—in particular, Keith Rule, for his help and
support in modeling the case study buildings and for sharing his experience with and knowledge
of building retrofits. From the PPPL as well I would like to thank Mark Hughes, who was
instrumental in compiling the specifications of the case study buildings and provided me with the
metered energy use data for those buildings.
During the process of researching and becoming familiar with the various building
modeling options, I benefitted from the knowledge of Bob Harris and Pat Bailey, who
recommended looking into eQuest and helped me understand its intricacies and how best to use
its capabilities for this project. In addition, while writing the simulation program and decisionmaking model code, I was lucky to have the assistance of Wesley Verne; he helped me learn the
necessary programming languages and debug the code, and the model certainly would not have
been completed on time without him.
Finally, I would like to recognize and appreciate all the family, friends, and colleagues
who, through conversation, brainstorming or proofreading, enabled me to produce more
thoughtful, higher-quality work. I hope it will be of some use in solving the problems of today.

4

1. Introduction and Motivation
Climate change due to anthropogenic emissions of greenhouse gases is now widely recognized
as the greatest environmental threat faced by the global community. In their groundbreaking
paper on “stabilization wedges”, Stephen Pacala and Robert Socolow laid out a plan to halt the
steady increase in greenhouse gas emissions, on the premise that “humanity already possesses
the fundamental ... know-how to solve the carbon and climate problem” (Pacala and Socolow,
2004). Their plan identifies some of the most prominent sources of carbon dioxide emissions,
and proposes a series of smaller carbon reductions in these fields, which combine to stabilize
global emissions over 50 years. Reducing the energy consumption of buildings in the United
States is a crucial part of mitigating the harmful effects of national greenhouse gas emissions.
The average U.S. resident is responsible for emitting nearly 20 tons of CO2-eq each year,
compared to the global average of 4 tons per capita (Rogner et al., 2007). 42% of CO2-emitting
energy use is attributed to the building sector, and buildings account for a full 72% of our
nation’s electrical demand (Rocky Mountain Institute, 2012). Furthermore, emissions from
buildings are projected to grow faster than any other sector over the next 25 years, with
commercial buildings emissions in particular projected to rise by 1.8%/year (U.S. Green
Buildings Council, 2006). It's no wonder, then, that increasing building energy efficiency by
25% is one of the first “wedges” proposed by Pacala and Socolow as a tool for stabilizing global
energy consumption (Pacala and Socolow, 2004).
Established technology exists which can easily reduce an average building's energy
consumption by 25% or more, and many of the associated retrofits have reasonable payback
periods; a study from the U.S. government’s Office of Technology Assessment (OTA) found that
a typical payback period is 6 years for upgrading insulation, 2 years for replacing inefficient light
bulbs, and 3-5 years for various HVAC upgrades (U.S. Congress, 2010). However, the initial
capital investment of these retrofits is often enough to deter building owners from improving the
energy efficiency of their properties, or else limits these retrofits to a smaller scope which is
often sub-optimal; in many cases, the most economical way to improve building energy
efficiency is to combine a series of building improvements to be implemented simultaneously,
rather than one by one over a long period of time (Lockwood, 2009).
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A great deal of market research has been done to determine the barriers consumers
perceive to implementing building retrofits. “Green Retrofits”, an article released by the Urban
Land Institute, references a study of commercial buildings by Johnson Controls, in which 42% of
building managers and executives cite availability of capital as the greatest barrier to building
retrofits, and 21% cite insufficient ROI (Lockwood, 2009). OTA interviews showed that
consumers were reluctant to pursue retrofits in part because they often seek payback periods of 2
years or less (U.S. Congress, 2010). These interviews also showed that people tend to associate
efficiency upgrades with discomfort and making sacrifices in their quality of life, and that they
often seek to minimize the time needed to make a decision rather than the life-cycle cost
associated with that decision (U.S. Congress, 2010). In order to encourage implementation of
energy retrofits, these issues in particular must be addressed. In this study, I propose a simple,
user-friendly decision-making model for energy retrofits as a solution to the obstacles outlined
above.
This model would be useful in increasing the implementation of retrofits in several key
ways. Firstly, such a tool could be designed to emphasize retrofits which require minimal
sacrifices on the part of the building owner; the common suggestion of raising cooling setpoints
and/or lowering heating setpoints, for example, is an effective method of improving building
energy efficiency but causes unpleasant changes in the indoor environment and is by no means
necessary to achieve substantial cuts in energy demand. A program which alerts the user of
potential energy and financial savings attained without quality of life sacrifices could
successfully appeal to a wider audience. Such a program must also be user-friendly and
accessible, requiring a minimal investment of time and research from the user. There are a
number of programs currently available which allow the user to create a model of a building and
simulate the results of a variety of retrofits. However, these programs require that the user know
and input values for often over 100 building specifications—many of which require expert
knowledge of the facilities—, compile a complete list of retrofits which they are considering, and
know how to adjust the input parameters in order to simulate each retrofit. This thesis instead
proposes a model which takes as input 13 parameters and calculates the optimal retrofitting
strategy from a predetermined list, thereby saving the user a great deal of time and effort, and
significantly expanding the user base. The goal of such a tool is to promote energy-saving
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retrofits by minimizing the hassle of choosing a retrofit agenda and increasing awareness of the
long-term financial benefits which these retrofits can provide.
The remainder of this report will outline the process of creating this model, which
involved the following main steps:
•

Background research and familiarization with existing building models

•

Validation of modeling methods

•

Creation of the decision-making model

•

Accuracy testing and analysis

Obviously, such a model will have drawbacks, as it favors simplicity over a certain degree of
accuracy, and this program is not intended to replace more thorough modeling and assessment
before retrofits are actually performed. However, by making a reasonable estimate of retrofit
impacts more accessible, this program may induce more building owners to consider
implementing energy retrofits for their property.

2. Background
2.1 Building Energy Use
The overall goals of this project require that the complex problem of building energy modeling
be simplified, and that the long list of potential energy-saving retrofits be narrowed down to just
a few main options. To that end, it is important to understand the breakdown of building energy
end-use. The figure below shows the findings of the 2007 IPCC Buildings Report, which reveal
that lighting and temperature control (in the form of space heating and cooling) are responsible
for about half of a typical building’s total energy demand. This gives retrofits in these areas the
greatest potential to make significant reductions in total energy use. Accordingly, the most
common building retrofits are targeted at these end-use areas. The Energy Information
Administration (EIA) finds that ceiling insulation was upgraded in about 20% of building floor
space, higher-efficiency light fixtures were installed in 24%, and building infiltration was
decreased through weather-stripping or caulking in 22% since 1986 (U.S. Congress, 2010).
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Figure 1: Energy end uses in residential and commercial buildings (Levine et al., 2007)

The figure also shows that miscellaneous loads, including plug loads from computers or other
office equipment, are the source of the other near-50% of a commercial building’s energy needs.
It is more difficult to address the miscellaneous loads since they result from a number of
different sources; the most direct way to reduce this energy demand would be to upgrade the
HVAC and other electric equipment to higher efficiency models, but this is more difficult to do
systematically, and is generally implemented not as a single retrofit but as a series of incremental
changes over the lifetime of the building. Finally, the two graphs outline some of the main
differences between residential and commercial building energy use, which make it difficult to
generalize retrofit recommendations across both categories. The larger role of lighting in
commercial energy profiles, for example, results in more internal heat gain and contributes to a
lower heating to cooling demand ratio. The usage of commercial buildings plays a role as well;
most commercial buildings are occupied during set daytime hours and this places a greater
emphasis on cooling as opposed to heating, since hours of occupancy overlap with daily peak
cooling hours and not with daily peak heating hours.
Residential and commercial buildings also have some fundamental structural differences
which change the way in which retrofits are implemented. When sealing a building against
uncontrolled air infiltration, for example, ASHRAE recommends that residential buildings
maintain a rate of at least a 0.35 air-changes/hour (ACH) to ensure a safe indoor air quality.
Commercial buildings, on the other hand, almost universally have mechanical ventilation
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systems that provide a baseline rate of air exchange designed to maintain safe indoor air quality,
and therefore uncontrolled infiltration rates can be safely cut to essentially zero.
For these reasons, it seems advisable that a decision-making model for energy retrofits
should consider residential and commercial buildings separately. Based on availability of data
and the timeline of this project, I have decided to tailor the model to commercial buildings, with
the understanding that the results may still be valuable for residential buildings but would be less
accurate and less reliable. In the future, the model could be expanded to include residential
buildings.

2.2 Building Energy Models
The most direct way to find an optimal retrofit strategy for a building is to construct an energy
model of the building and simulate the effects of different retrofits, picking the one which
produces the best results. There are a number of currently-available programs which can be used
to create energy models of buildings to simulate energy use. The U.S. Department of Energy
offers a modeling tool, the DOE-2.2 simulation engine, which uses an established system of
commands known as Building Description Language (BDL) to define a building and calculate its
energy use for a given year of input weather conditions. eQuest is a modeling program originally
created at the Lawrence Berkeley Labs, which is run on DOE-2.2 but provides a detailed
graphical interface to the engine. It is recommended and used by the Department of Energy in
related projects and is approved for building compliance analysis for a variety of performance
standards, including LEED certification and California’s Title 24 (U.S. Dept. of Energy). The
proposed decision-making model must rely on simulated data to inform its recommendations,
and DOE-2.2/eQuest is ideal for this particular application because it is an extremely detailed
model, calculating hourly energy demand from envelope heat loss, occupant activity, and
detailed HVAC specifications based on an extensive list of input building parameters (Crawley
et al., 2008).
eQuest and DOE-2.2 break down the input variables into several main categories—
building site, building shell, internal loads, and HVAC—and break down energy consumption
into several main end-use categories—space heating and cooling, refrigeration, water heating,
HVAC equipment loads, lighting, and miscellaneous equipment loads. By viewing building
energy use in terms of these categories, each building variable can be seen as a combination of
5

additions and reductions to each end-use category. Insulation, for example, can be seen as a
reduction in the heating and cooling loads, while lighting demands are an increase in the lighting
and cooling loads, and a decrease in the heating load. This way of viewing building features
serves as the main basis for my simplification of the retrofit decision-making process; by
defining each building variable by its contributions to energy demand categories, it is possible to
identify which variables play a significant predictive role in total energy consumption, and which
are more extraneous. To do this, I chose several buildings to model, which would help me
establish a list of predictor variables that is as concise as possible.

3. Model Validation
The purpose of creating models of several case-study buildings was manifold; however the most
basic goal was to test the capabilities of DOE-2.2/eQuest by confirming that it can faithfully
simulating the performance of buildings with diverse characteristics. To that end, three buildings
at the Princeton Plasma Physics Lab (PPPL) were identified to serve as case studies: the
Engineering Wing, the Administration and Theory Wing (Admin/Theory), and the west wing
addition to the Lyman Spitzer Building (LSB). These buildings are well-suited to this research
for a variety of reasons; firstly, the PPPL meters heating and cooling energy use for all three
buildings, so the actual energy use of the buildings could be compared to the predicted outputs
from the models for verification of accuracy (this is the basis of the model calibration process).
Secondly, these buildings are located on the same site and are therefore exposed to essentially
identical weather conditions. These conditions are monitored by weather stations on the roof of
each building. This is also relevant to the calibration process, as it allows for identification of any
anomalous weather patterns which may explain certain errors in the model predictions, since the
weather files used by eQuest simulations do not use the same weather data as actually occurred
during the metering of the PPPL buildings1. Finally, all three buildings, though they have similar
occupant activity and schedules, have a wide range of energy use profiles influenced by the
diversity of the building specifications. Figure 2 shows a table of basic specifications for each
building. Pictures of the buildings are shown in Figures 3-5 with screenshots of their respective
eQuest models.
1

In the final analysis, there were no significant differences in the weather data sets which would explain
corresponding errors between measured and modeled energy use. It is likely that the discrepancies in the weather
parameters were responsible for some of the error in the modeled data, but its role was not quantifiable in this case.
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Building Type
Footprint Area (ft2)
Number of Floors
Percent
Window
Coverage (%)
Roof Color
Roof R-value
Space Uses
Heating Source
Cooling Source
Electrical
Load
(lighting, mechanical,

Engineering
Office

Admin/Theory
Office

LSB
Office

11290
2
13

7960
1
35

3770
3
24

Black
32
Private and openplan offices
Steam and electric
baseboards
Chilled water

Black and White
21, 48
Private offices and
lounge spaces
Steam and electric
baseboards
Chilled water

Black and White
21, 21
Private and openplan offices
Heat pump and
electric baseboards
Heat pump

294,000 kWh/yr

93,000 kWh/yr

141,000 kWh/yr

and plug)
Figure 2: Basic specifications of Engineering, Admin/Theory, and LSB buildings

Figure 3: A southwest view of the Engineering Wing and a similar view of its eQuest model
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Figure 4: A southeast view of the Administration/Theory Wing and a similar view of its eQuest model

Figure 5: A northwest view of the Lyman Spitzer Building addition, and a similar view of its eQuest model

The PPPL archives plans and keeps detailed records for its buildings, and consequently
the building dimensions, envelope materials and R-values, and some HVAC specifications were
determined exactly. However, even with a highly organized facility, some values could not be
determined, most notably the exact window type, outside air infiltration rate, and internal electric
loads. To fill in these gaps, I first made educated guesses for the missing values based on typical
values and relevant information such as when the building was last renovated and the number of
light fixtures and computers present in each space. I then went through the repeated process of
8

running the models, comparing the output to the actual energy use data, and making small
adjustments to parameters whose values were uncertain. The final modeled monthly energy use
is compared to the measured use in each building in the figures below.

Monthly Energy Use (MMBtu)

Engineering Bldg Energy Use
90
80
70
60
50
40
30
20
10
0

Measured Data
Modeled Data

Figure 6: Model-predicted and actual heating and cooling energy use of the Engineering building

Monthly Energy Use (MMBtu)

Admin/Theory Energy Use
70
60
50
40
30
20

Measured Data

10

Modeled Data

0

Figure 7: Model-predicted and actual heating and cooling energy use of the Admin/Theory building

9

Monthly Energy Use (MMBtu)

LSB Energy Use
60
50
40
30
20

Measured Data
Modeled Data

10
0

Figure 8: Model-predicted and actual heating and cooling energy use of the LSB

The process of calibrating these building models to the actual energy use data showed
that eQuest/DOE-2.2 can predict a building’s energy demand with a reasonable degree of
accuracy, but it also served as an indicator for which building parameters exercise the greatest
influence on total energy consumption. When assessing the impact of a variable on building
energy use, it is important to consider the effect that a realistic range of possible values would
have on the energy use of a building; this means that it matters not only how much an
incremental change in the variable changes the energy use, but the magnitude of the range over
which the variable may fluctuate. Some parameters, such as floor area, have a significant
incremental impact on energy use as well as a large range of relevant values. Others, such as
infiltration rate, tend to vary over a relatively small range but nevertheless result in significant
variation in total energy use. Finally, some input parameters, such as percent of windows which
have blinds drawn, have a wide range of values which, even at the extremes, cause very little
change in the building’s energy use. From the complete list of eQuest input parameters, I sought
to identify a simplified list of variables which belong to the first and second categories, and
eliminate the latter category of variables from consideration.
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3.1 Building Site
Some parameters are critical to building an energy model simply because they form the basis of
the model itself—the size of the building footprint and the number of floors, for example.
Conveniently, these are specifications which are easily determined through building records or
simple measurements. Building location has a large impact on the building’s energy demands as
well. DOE-2.2 takes it into account in its models primarily through the use of different weather
files; each building model is run in conjunction with a weather file, compiled with hourly
meteorological data from a typical year at a given location, and the effects of the building’s
location on its energy use are simulated through the choice of the appropriate weather file. In this
report, I consider only buildings in the Trenton, NJ area, thereby eliminating this variable from
consideration. It is simple, however to expand the model to include other location options by
allowing the user to choose from a library of available locations, and run the building simulation
with the corresponding weather file. The initial website implementation will include options for
Trenton, Philadelphia, and New York City.
Finally, the hours of operation of the building have a predictable effect on overall energy
use; the more hours a building is in use on a daily basis, the higher its energy needs. The exact
hours which the building is operational also play a role in determining the building’s energy
demands, but it is more minor. For a building which has an opening hour of 1am and a closing
hour which is varied from 9am to midnight, this relationship between number of operating hours
and energy use is nearly linear, with variation below 5% error from a linear trend. This indicates
that, while the operating time of day does affect the energy demands—particularly heating and
cooling—, an accurate energy model may only require specification of the number of operational
hours per day instead of both the opening and closing hours individually.

3.2 Building Envelope
Unsurprisingly, the R-value of the building envelope, including both the roof and walls, play a
fairly significant role in the building’s total energy consumption. Varying the insulation levels of
the three PPPL buildings over a reasonable range from R3 to R50 caused a fluctuation in energy
use of anywhere from 8-15%, a considerable difference for a single input variable. The results
also showed that as insulation is added to the envelope, there is a diminishing return of energy
savings. Beyond an R-value of around 50, the curve flattens out and the change in energy use
11

becomes negligible. This fact has implications not on how buildings are modeled, but rather on
when we would expect envelope insulation retrofits to be profitable; if a building already has
R30 walls, it is much less likely that an insulation upgrade would provide energy savings
sufficient to offset the costs of implementation.

Annual Energy Use (kWh)

Roof and Wall Insulation Upgrades
6.00E+05
5.00E+05
4.00E+05

LSB

3.00E+05

Engineering

2.00E+05
Admin/Theory

1.00E+05
0.00E+00
0

10

20

30

40

50

Envelope R-Value
Figure 9: Effect of envelope insulation changes on building energy use

While wall R-value is a significant factor in modeling building energy use, the actual
materials which make up the walls are not. A representative range of common wall constructions
resulted in only a 2-5% change in energy use in all three PPPL buildings.

Wall Construction
Total Energy Use (kWh)

5.0E+5
4.0E+5
3.0E+5

CMU 8"

2.0E+5

HWC 6"
Metal-frame

1.0E+5

Wood-frame
0.0E+0
Engineering

Admin/Theory

LSB

Wall Category
Figure 10: Effect of wall construction changes on building energy use
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The same is true of roof R-value and roof construction; the presence of concrete or metal decking
and built-up, gravel, or shingled roof coverings plays a minimal role in determining energy
efficiency when compared to the role of the roof insulation.
The outside air infiltration rate is another building envelope variable which has a large
impact on the energy needs of a building. Varying the values for the three PPPL buildings by just
1 ACH results in energy use fluctuations of 14-23%. The figure below shows the effects of
varying ACH by a more realistic 2 ACH.

Air Infiltration Rate
Total Energy Use (kWh)

7.0E+5
6.0E+5
5.0E+5
4.0E+5
Engineering
3.0E+5

Admin/Theory

2.0E+5

LSB

1.0E+5
0.0E+0
0

0.5

1

1.5

2

2.5

Infiltration Rate (ACH)
Figure 11: Effect of infiltration rate changes on building energy use

Unfortunately, the exact value of the infiltration rate in a given building is often unknown, which
makes it undesirable to include from the user’s perspective. The decision-making model handles
this in the same way as eQuest, by filling in typical average values by default and allowing the
user to edit them if they have access to the exact value for their building.
Exact window type was another variable which the PPPL did not have records of, and
was therefore virtually impossible to determine exactly. However, it is easy to determine the two
qualities of a window which most influence the heat flux through it, namely the number of panes
and whether it is clear or tinted. In tests conducted on the PPPL models, details such as the tint
shade, pane thickness, and inter-pane gas resulted in a smaller effect, which amounts to < 1% of
the building’s energy demand. Figure 12 shows the energy use of the LSB with different window
types, as a representative example.
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Window Types, LSB
Total Energy Use (kWh)

3.9E+5
3.8E+5
3.8E+5
3.7E+5
3.7E+5
3.6E+5
3.6E+5
3.5E+5
Clear, 2- Clear, 2pane, Air pane,
Argon

Bronze Grey Tint, Clear, 1- Clear, 1- Grey Tint, Blue Tint,
Tint, 22-pane pane, 1/4" pane, 1/8" 1-pane
1-pane
pane

Figure 12: Effect of window type changes on LSB energy use

Similar results are obtained when simulating the other two PPPL buildings. Based on these
results, I concluded that window characteristics other than number of panes and presence or
absence of a window tint do not exact a significant influence on the energy use of a building.
Even the difference between clear and tinted windows is largely insignificant for the PPPL
buildings however it is kept in consideration because it is easy both for the user to determine and
to factor into the window glass categorization.

3.3 Internal Loads
Besides the fact that powering light fixtures accounts for about 20% of a typical building’s
energy use, it also influences the heating and cooling loads by generating internal heat.
Therefore, in a heating-dominated building the energy savings of a lighting retrofit will be
diminished slightly by the increased heating costs, while in a cooling-dominated building the
energy savings will be augmented by decreased cooling costs. Lighting power density (LPD),
generally expressed in power per unit area, accounts for total energy use fluctuations of 15-20%
in the three PPPL buildings when varied across a moderate range of 0.5-2 W/ft2, as seen in
Figure 13.
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Lighting Power Density
Annual Energy Use (kWh)

8.00E+05
7.00E+05
6.00E+05
5.00E+05
Engineering

4.00E+05

Admin/Theory

3.00E+05

LSB

2.00E+05
1.00E+05
0.00E+00
0

1

2

3

4

5

6

LPD (W/sq. ft.)
Figure 13: Effect of LPD changes on building energy use

An essentially identical trend is seen with the power density of plug loads and miscellaneous
electrical equipment. This significant influence makes internal electrical loads a clear predictor
variable of a building’s total energy demand. The fact that the exact values for a building are
often unknown will be handled in the same way as infiltration values, by offering a default value
for a typical building and allowing the user to override this default if they have access to more
exact values.
Occupants are another source of internal heat generation; the presence of humans does in
fact lower the heating load and increase the cooling load of a building. Additionally, the presence
of more occupants increases the ventilation requirements of the building, which is manifested in
DOE-2.2’s default ventilation rate calculations. A tenfold increase in number of occupants
caused the annual energy demand to rise by about 5% in each of the three PPPL buildings.

3.4 HVAC
One shortcoming of the proposed decision-making model is a series of simplifying assumptions
about the modeled building’s HVAC system. The decision not to model the specifics of the wide
array of possible HVAC systems was a practical one; not only would it require the user to input a
number of specifications which are often difficult to determine, it would also increase the
15

number of predictor variables to a less manageable quantity. Therefore, my model assumes a
furnace-driven heating and electric cooling system with mechanical ventilation, where the
appropriate sizing and equipment specifications are determined by default DOE-2.2 calculations.
One consequence of this simplification is that the wide array of HVAC retrofits is not
included in the set of potential recommendations which the model evaluates. While this is a
limitation, it makes sense to leave out these upgrades given the practical concerns just
mentioned. Other categories of retrofits can be effectively evaluated through the generalizations
which this decision-making model takes advantage of. Specific modeling of HVAC systems, on
the other hand, is more difficult to generalize due to the large number of independent and
categorical variables such as the type of heating and cooling system, the efficiency of each
component, the presence or absence of efficiency measures such as economizers, etc. HVAC
retrofits are therefore best addressed through a detailed case-by case assessment of the system in
question, and are beyond the scope of this decision-making model.
More fundamentally, the HVAC system’s role is to generate the heating and cooling
required by the building and its exact specifications do not affect these loads. As such, HVAC
upgrades, while useful, do not interact with the lighting, heating and cooling loads of the
buildings and can be analyzed separately. However, the efficiencies of the HVAC components
do affect the energy consumed to provide these loads and maintain the building at the set
temperature. Because the outputs of the decision-making model are presented in terms of total
energy use, if a building has HVAC components efficiencies that are very different from the
default ones assumed in the simplified model, the accuracy of the results will be affected. The
effect of these assumptions on the validity of the model’s results is discussed in the following
section.

3.5 Parameter Conclusions
There are a number of more minor parameters which were considered, such as internal wall and
floor constructions, ground contact, presence of window blinds and skylights, building
orientation, external shading, and the impact of perimeter and core building zones, all of which
are addressed in eQuest models. However these were ultimately all found to have less significant
effects on total energy use and were not deemed to be worth considering in a simplified, userfriendly modeling program. Of course, when considered cumulatively, the effects of all of these
16

factors on energy use can be significant. However, when considered in the context of the tradeoff between accuracy and ease-of-use, they are less favorable, and are ignored in the final
decision-making model.

4. Decision-Making Model
The overall goal of the decision-making model is to take in a simplified set of building
parameters from the user, and output a set of retrofits which optimize energy savings based on
the user’s preferences of payback period and project budget. The structure of the program is
divided into three main parts: energy use predictions, cost calculations, and optimization. The
approximate energy use of the building is determined by way of an automated simulation
program which creates a DOE-2.2 input file for the specified building and outputs the resulting
energy demands. The cost calculation function determined the resulting costs for each potential
retrofit. Finally, the optimization function calculates expected costs and savings for each retrofit
grouping, and outputs the combination which produces the highest energy savings, while
maintaining a simple payback period and overall cost within the specified limits.

4.1 Definition of Scope
Based on the data from the PPPL buildings, I created a list of 10 parameters which most directly
predict building energy use trends:
-

Total floor area (ft2)

-

Wall area (outside surface – ft2)

-

Percent window area (ft2 windows/ft2 wall area)

-

Window glass type (categorical; single/double-pane and clear/tinted)

-

Internal electric power density: lighting and plug loads (W/ft2)

-

Hours of operation (hrs/week)

-

Wall R-Value

-

Roof R-Value

-

Air infiltration rate (ACH)

-

Occupant area (ft2/person)
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Each of these variables caused a variation in annual energy demand of at least 5% when varied
over a reasonable range of values for the three PPPL buildings. The validity of the proposition
that building energy demand can be accurately modeled with only these 10 variables is discussed
in the accuracy analysis section.
Since the decision making model must predict not only how much energy a building will
use, but also which retrofits will be most beneficial, several other variables which are critical to
predicting energy savings due to common retrofits must be included as well. First of all, the
potential retrofits chosen for the decision-making model are:
-

Roof insulation upgrade

-

Wall insulation upgrade

-

Lighting power density (LPD) reduction

-

Window upgrade

-

Infiltration reduction or building sealing

-

Cool roof or roof membrane retrofit

These retrofits were chosen based in part on the characteristics previously discussed—frequency
of implementation in the real world and energy end-use categories impacted—as well as my
ability to generalize the retrofit to be modeled using DOE-2.2 simulations (this being the reason
for excluding HVAC retrofits, for example). Cool roof retrofits were also considered based on
their environmental implications beyond the energy use of the building in question, namely the
potential to reduce the urban heat island effect when implemented en masse. As a result of these
retrofit selections, I added three additional parameters to the list of indicator variables which the
user must input to the final decision-making model: LPD (W/ft2), building footprint (ft2), and
roof color (black or white). The LPD value is critical for estimating the potential energy savings
of a lighting retrofit, the footprint is needed to calculate the estimated costs of roof insulation or
membrane upgrades, and the roof color is used as an indicator of its albedo, which is used to
predict the energy savings due to a cool roof installation. On the back end of the decision-making
model, the “roof color” variable is converted into an albedo of 0.6 for white roofs and 0.1 for
black roofs.
These 13 variables certainly do not indicate energy use trends exactly; there will be some
error introduced based on these simplifications in how a building is modeled. However, the
premise of this thesis is that results can be obtained which are accurate enough to correctly
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recommend an optimized retrofit strategy. A potential focus of future research could be to assess
which predictor variables should be added or omitted in order to optimize the balance between
simplicity and accuracy; once data from use of the model is collected, it can inform this analysis.
For implementation in the decision-making model, these retrofits must be simplified so
that they can be simulated by the automated program. I therefore define a roof retrofit as an
upgrade in roof insulation from the current R-value to R50, and a wall retrofit as an upgrade to
R35. A lighting retrofit is defined as a reduction in lighting power density to 50% of its original
value, with a minimum of 0.5 W/ft2 so as to not recommend retrofits which would cause
insufficient lighting (this is based on an ASHRAE-recommended 500 lumens/ft2 for a typical
office environment). A window retrofit is defined as a replacement of all building windows with
clear, double-pane windows2. An infiltration or building sealing retrofit is defined as a reduction
in outside air infiltration (independent of ventilation) from its current value to 0.05 ACH.
Finally, a roof membrane retrofit is defined as a change in roof albedo from its original value to
0.6—a typical value for a white roof membrane.
Each of these definitions represents an aggressive but realistic change to a building from
the associated retrofit, and in the case of a roof membrane retrofit, would be the only real option
for the extent of the retrofit (it would be highly unusual to convert only a part of the area to a
cool roof). In the case of infiltration and LPD reductions, their effect on total energy use is linear,
as seen in the previous section, and so, for the most part, is their cost; there would likely be some
economy-of-scale effects when paying for the materials and labor for the retrofits, but the cost
would grow approximately linearly with the extent and severity of the retrofit. This means that,
when calculating the net benefit of one of these retrofits, it matters very little which benchmark
achievement is chosen as the definition of the retrofit, since the cost-benefit ratio remains
relatively constant. The same holds true for windows as well; the incremental benefit of
upgrading a window and the incremental cost of that upgrade will both increase linearly with the
square footage of windows which are upgraded.

2

This is not actually the best option for all buildings – tinted windows are better for cooling dominated buildings
while clear windows are optimal for heating-dominated buildings. For this model, however, it was necessary to
choose a single retrofit definition, and cooling-dominated buildings are the minority for this region. Additionally, as
seen in the previous section, the effect of window tint is dwarfed by the effect of window panes, and therefore this
should not significantly affect the model’s accuracy.
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In fact, the only time when the single retrofit definition affects the retrofit optimization
for a building is with the insulation upgrades, due to the diminishing returns of installing
additional insulation as the envelope R-value increases. To address this fact, the decision-making
model calculates the energy use based on the R50 definition for roofs and R35 definition for
walls, and then interpolates the energy savings and costs from intermediate retrofits based on
those simulated values. This allows the program to recommend less ambitious retrofits which
may produce more desirable results depending on the user’s preferences.
The calculations of the influence of an intermediate insulation upgrade are based on the
equation:
×
where

=

−
×

is the reduction in energy use as a fraction of the total original energy use and

is a

coefficient which represents the influence of a number of building characteristics. The derivation
of this equation can be found in Appendix A. Given the value of
50, the value for

for a retrofit with Rupgraded =

can be determined, which then allows the program to calculate the reduction

fraction for any intermediate value of Rupgraded. The integration of the intermediate retrofits in the
decision-making model is described in the section on cost calculation and optimization.

4.2 Automated Simulation Program
Because eQuest does not have the capacity to simulate a user-specified building automatically, I
wrote a program which interfaces directly with the DOE-2.2 engine. The DOE-2.2 engine
program provides several functions which read a BDL input (.INP) file, translate and process it,
and run the DOE-2.2 simulation on it, leaving the results in the form of a .SIM file. Using regular
expressions, a program can search through the .SIM file to locate the annual heating, cooling,
and total energy use of the building. This is the basic structure of my automated simulation
program. The first component is a block of C++ code which reads in the set of building
definition parameters and generates the appropriate BDL input files; this includes the model for
the building base case as well as the models for the building with each type of individual retrofit.
Next, a Visual Basic program calls the DOE-2.2 functions to process and run the simulation for
the input files. Finally, a Java program reads through each .SIM file and reports the results to a
separate text file. These functions are called from a batch file which reads in the user’s building
20

information and runs each program in succession. The batch file can iterate over many building
trials sequentially; this makes it ideal for generating a large data set that can be used to assess the
model and analyze trends.
The most challenging part of this generator was creating an input template which
converts the numerical values of the predictor variables into a complete, formatted .INP file for
the DOE-2.2 simulator. Since many building variables are being ignored for the sake of
simplicity, there are a number of assumptions which must be made in order to generate this
model. Firstly, the program does not attempt to lay out a floor plan, and therefore the building
model is comprised of single-room floors with no internal walls. Typical thermal and conductive
properties of envelope construction materials were determined from the DOE-2.2 user manual
and used to create a representative building envelope. The total window area is calculated by
multiplying the window percent and wall surface area. The model assumes an even window
distribution on all walls and divides the total area into equal-sized windows with one window per
wall per floor. Typical values for window shading coefficient, visual transmittance, and
conductivity based on the number of panes and whether the window is tinted are also taken from
the DOE-2.2 user manual. The building orientation is set to north. As previously mentioned, the
HVAC system assumed furnace-driven heating and electric cooling, and assumes that all floor
space is conditioned, lit, and occupied evenly across its floor area. DOE-2.2 uses fractional
schedules in the form of lists of multipliers to define when and at what capacity the building
operates, temperature schedules to define hourly heating and cooling setpoints, and “On/Off”
schedules to indicate use of HVAC pumps, vents, etc. When creating its input files, eQuest offers
recommended default values for these schedules, and therefore my input template assumes these
values as well. Finally, the model assumes average occupant density (as specified by CBECS)
and fluorescent lighting, with eQuest default values for latent and sensible heat flux from
occupants and electrical equipment. The structure of the input template outlining these
assumptions can be found in Appendix B. These oversimplifying assumptions will certainly
result in some error in the model’s predicted energy use, especially for atypical buildings.
However, for the majority of commercial buildings, these assumptions should hold true, and the
resulting error should be small enough that it will not affect which retrofit is found to be optimal.
Another assumption which this automated program makes for the sake of speed is that the
various retrofits are additive; namely, that the decision to implement one will not affect the
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impact of another. This is intuitively reasonable, based on the assumption that the HVAC system
will keep the internal temperature consistent regardless of what building parameters may change.
To verify this, however, I ran a subset of trials with each possible combination of retrofits
explicitly simulated. The resulting errors ranged from 0.0-1.7%, which is small enough to
support the additive assumption. This is especially valid when you consider that the greatest total
errors arise in the cases where many individual retrofits are combined, thereby compounding the
error. Given realistic budgetary constraints and an expectation of reasonable initial building
standards, most optimal retrofit regimes will be limited to a combination of only a few individual
retrofits, the overall error will generally be below 1%. The majority of the larger errors come
from the combination of roof insulation and roof membrane retrofits, since both affect heat flux
through the roof; if the roof insulation is improved, it reduces the energy-saving effect of a cool
roof and vice versa. Again, however, even these larger errors are insufficient to throw off the
model’s final recommendations in all but the most borderline cases.
The additive assumption allows the decision-making model to be streamlined and run
much more quickly, which is a significant benefit when considering the user experience.
Additionally, in the future it would be possible to expand the model to include a wider array of
retrofits; if each retrofit combination had to be simulated individually, the runtime would grow
exponentially, whereas with the additive assumption it only grows linearly. This makes future
expansion of the model very feasible.

4.3 Cost Calculation and Optimization
Once the presumed energy values for the current building are determined, the model calculates
the cost for each retrofit, and compares the energy savings from each retrofit to the associated
cost. “Beneficial” retrofits are defined as retrofits which have a payback period less than or equal
to the payback period specified by the user. This allows the program to tailor recommendations
to the user. The annual financial savings of each retrofit are calculated by multiplying the
building’s fuel and electrical demand reduction by the cost of energy, which is set at
$8.50/MMBtu fuel and $29.30/MMBtu electricity (U.S. Energy Information Administration,
2013). Users are able to override these default values with their exact energy unit costs for
improved accuracy if they are available. In order to create functions to calculate the cost of each
retrofit, additional assumptions had to be made based on accepted values for materials and labor
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costs, which were determined from a variety of sources including the DOE’s Energy Efficiency
and Renewable Energy: Building Technologies Program and a variety of commercial retrofit
service providers. A full list of the function derivations and sources can be found in Appendix C.
In general, however, the functions calculate a cost per square foot of affected area by assuming a
baseline cost and adding incremental costs based on the requirements of the retrofit. Wall
insulation upgrades, for example, are assumed to cost a baseline of $1.00/ft2 for materials and
labor overhead, with an additional $0.03/ft2 incremental charge per unit increase in R-value
demanded by the retrofit. This accounts for the economy-of-scale effect which favors more
dramatic changes over more minor ones. Once the unit costs are calculated, the program
multiplies them by the appropriate area to obtain the total retrofit cost for the input building.
The calculation of generalized retrofit costs introduces what is likely a considerable error
into the program, as retrofit costs are highly variable and difficult to estimate without a quote.
The program will therefore allow the user to input their own estimated costs for each retrofit if
those values are known, using the cost functions described as a default value if more accurate
estimates are not available. The program uses these values as well as the annual financial savings
previously calculated to determine whether the retrofit has a simple payback period which is
within the user-specified limit. If an insulation upgrade does not comply with this requirement,
the program checks the intermediate retrofit possibilities by calculating the payback period for
upgraded R-values which are incrementally decreased by 10 until either a compliant retrofit is
found or the upgraded R-value reaches the building’s baseline R-value. Finally, the program
considers each possible combination of compliant retrofits, and picks out the combination which
gives the highest energy savings without exceeding the user’s specified budget. Once again, if a
retrofit regime including insulation upgrades provides optimal energy savings but exceeds the
budget, the program tests intermediate retrofits in search of a combination which provides the
current highest energy savings but does not exceed the budget.

4.4 Accuracy Analysis
In order to understand the capabilities and limitations of the decision-making model, I first tested
the ability of the automated simulation program to produce realistic results for energy use under
different retrofit regimes. In other words, by simply entering the predictor variable values
required by my simplified model, how closely would the simulated results match reality? To test
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this, I ran the simplified program for the three PPPL buildings, using the eQuest inputs and
models as a reference since their accuracy had already been verified.

Engineering Wing
eQuest Results
Retrofit:
Baseline
Roof
Walls
Lights
Windows
ACH
Roof Color

Total Load (kWh)
574772.05
571930.35
567629.03
517207.65
575614.73
566069.85
573606.83

% change from
retrofit
--0.49
1.24
10.02
-0.15
1.51
0.20

Simplified Model Results
% change from
Total Load (kWh)
retrofit
570331.38
--563436.95
1.21
560008.80
1.81
526011.73
7.77
568715.54
0.28
557747.80
2.21
570096.77
0.04

Figure 14: Energy use trends for the Engineering Wing based on eQuest and simplified model calculations

Admin/Theory Wing
eQuest Results
Retrofit:
Baseline
Roof
Walls
Lights
Windows
ACH
Roof Color

Total Load (kWh)
334882.49
334107.51
328428.21
315827.13
306417.39
223679.21
335372.96

% change from
retrofit
--0.23
1.93
5.69
8.50
33.21
-0.15

Simplified Model Results
% change from
Total Load (kWh)
retrofit
359439.88
--357944.28
0.42
354850.44
1.28
340190.62
5.36
322337.24
10.32
288920.82
19.62
372199.41
-3.55

Figure 15: Energy use trends for the Admin/Theory Wing based on eQuest and simplified model calculations

LSB
Retrofit:
Baseline
Roof
Walls
Lights
Windows
ACH
Roof Color

Total Load (kWh)
372303.37
371415.16
364735.89
332318.53
376590.97
356198.71
372258.56

% change from
retrofit
Total Load (kWh)
--407395.89
0.24
400275.66
2.03
394492.67
10.74
379413.49
-1.15
402656.89
4.33
378894.43
0.01
407331.38

% change from
retrofit
--1.75
3.17
6.87
1.16
7.00
0.02

Figure 16: Energy use trends for the LSB based on eQuest and simplified model calculations
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These tables show the building’s total energy demand as well as the percent reduction in total
energy due to retrofits as calculated by both eQuest and the simplified model. The combined
effect of all the building parameters which are ignored in the simplified model is a percent error
in predicted energy use which ranges from 1-15%. While this will compromise the accuracy of
the cost and energy savings calculations to a certain extent, it is likely that the overall retrofit
recommendations output by the model will be generally reliable. This proposition is supported
by the fact that the simplified model predicts percent energy reductions due to different retrofits
which closely match those predicted by eQuest; the simplified model correctly identifies which
retrofits result in the greatest energy savings and by approximately how large of a margin. These
similarities show that the simplified model can accurately predict the effect of a retrofit on total
energy savings, which will result in accurate recommendations for which retrofits will be most
profitable, except in borderline cases.
One shortcoming of this testing method is that, while eQuest’s baseline energy use trends
were verified, it was impossible to judge the accuracy of its predictions for energy savings under
different retrofits. Figures 14-16 therefore can only assure us that the simplified model faithfully
mimics the energy savings modeled by eQuest, not the energy savings which would result in real
life. However, given its reputation and the accuracy with which eQuest predicts the monthly
energy use of the PPPL buildings, it is reasonable to assume that the simulations of retrofits to
those buildings will be similarly accurate. This assumption could be tested more rigorously in the
future.
The original intention for this project was to use the automated simulation program to
generate a large data set and use it as the training set for a machine-learning-based program. This
would essentially cut out the need to run the automated simulated program on the user’s input
building by approximating the predicted energy use trends through a machine-learning
algorithm. Using the nearest neighbors algorithm, the program would search through the training
set for the points which most closely match the user’s input building and determine the new
building’s energy use based on those neighbors. This would eliminate the 20-30 second
simulation time to make the program more user-friendly. Unfortunately, an error analysis of this
program revealed that with a 10,000-point training set, the average error of the nearest-neighbors
approximation is around 50%, a prohibitively large amount. My conclusion was that, for a
problem which involved so many variables with such wide ranges of values, the training set
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would have to be much larger—perhaps on the order of 106 points or more. In the future, it
would also be possible to test out different machine-learning algorithms to see if they produce
better results. For this first version of the program, however, it seems most reasonable to accept
the 30-second wait in exchange for a much greater degree of accuracy.
Beyond predicting the actual energy use of a given building, the most important
capability of this model is to accurately predict which retrofits will pay off and by how much.
This is nearly impossible to assess thoroughly due to a lack of real-world data. Once again, the
similarities between the eQuest-modeled efficiency improvements and the simply-modeled
efficiency improvements suggest that the predictions will be accurate except perhaps in
borderline cases. However, to test this more thoroughly, the best available strategy is to run the
model on a large number of sample buildings and assess the results to ensure they are reasonable.
The data set originally created for the machine learning program is ideal for these purposes. The
process of creating this data set and the results are discussed in the following sections.

4.5 Data Generation
The basic requirements of generating a large sample data set are: 1) the ability to define a
random building by producing predictive parameter values according to a realistic probability
distribution and 2) an automated program to run the simulations for these randomly-generated
buildings and report the resulting energy use under each possible retrofit regime. The latter is
covered by the automated simulation program, and I addressed the former by first researching
appropriate distributions for each chosen predictor variable. The 2003 Commercial Buildings
Energy Consumption Survey (CBECS), conducted by the Energy Information Administration,
provides detailed survey data of commercial building specifications across the country. It
addresses a wide range of building attributes (including conditioned floor area, number of
operating hours, window type, etc) and lists the number of buildings which fall under each range
of parameter values. This allows an approximate variable distribution to be calculated from the
data. I chose the most appropriate distribution type from among uniform, normal, and log-normal
distributions for the distributed variables and used simple proportions for the categorical
variables. I then used MATLAB to find the mean and standard deviation of the distribution
which most closely matched the CBECS data. The derivation of these distributions can be found
in Appendix D. The final data set was generated using MATLAB’s distributed random variable
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functions to write a set of 10,000 randomly-generated building points to a designated text file.
By iterating the automated simulation program over each entry in the file, I created a database of
10,000 simulated points which I could analyze, both as a validation of the decision-making
model and as a way to draw conclusions about the effect of retrofits on building energy use.

5. Data Analysis
The primary goal of this analysis is to ensure that the results output by the decision-making
model are reasonable, and the basis of this accuracy is the successful calculation of annual
energy use reductions. The following sections investigate the energy savings predicted by the
model as a function of various input parameter values for each retrofit category.

5.1 Roof Insulation Retrofits
The energy reduction results from a roof retrofit modeled by the simplified simulator exhibit the
same trends and range as the eQuest simulations examined earlier in this report. A plot of the
energy reduction as a fraction of total initial energy use shows the same exponential decrease
indicated in the plot of insulation retrofits for the PPPL buildings, and predicts percent-decreases
in energy use which match those of the eQuest models. This suggests that the simplified model
faithfully depicts the benefits of a roof insulation upgrade despite ignoring the majority of minor
building specifications.
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Figure 17: Reduction in total energy use due to roof insulation upgrades from a range of initial roof R-values

The figure differentiates between black and white roofs, and the results suggest that there is no
significant difference between the ways in which each membrane type responds to an insulation
upgrade.

5.2 Wall Insulation Retrofits
While we might initially expect an analogous plot for wall insulation upgrades to show the same
trends, there is much more variation in the benefits shown from a wall insulation upgrade. This is
due in part to the variation in window coverage; even a wall whose R-value is significantly
increased will not register an improvement if the wall is 90% glass. In a similar vein, there is also
a much greater variation in wall surface area than roof surface simply in terms of absolute range
of values represented by this data set (due in part, for example, from the wide range in the
number of floors a building can possess). This creates a much greater range in energy reduction
fractions than is seen in roof upgrade plot. This variation should not affect the frequency with
which wall retrofits are recommended, however, since the costs are calculated per square foot of
wall area. The resulting plot is shown below.
28

Energy Reduction (fraction of total energy)
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Figure 18: Reduction in total energy use due to wall insulation upgrades from a range of initial wall R-values to R-35

The black line shows the exponential best fit to the data, which closely matches the trend in the
roof upgrade plot, as we would expect. The energy reduction fraction predicted by this plot for
the PPPL buildings is similar to those predicted by the eQuest models. Overall, these results once
again make sense based on the variables in consideration, and support the validity of the
simplified model’s energy use predictions.

5.3 Lighting Retrofits
The plot of energy reduction fraction against the building’s initial lighting power density shows a
simple linear trend over the standard range of values, as expected. There is a great deal of
variation in the data, meaning that a given LPD in a building could indicate a wide range of
energy reduction fractions. The values predicted by the eQuest PPPL models are contained
within this range; although this is not a strong indication of accuracy, it does at least support the
idea that the simplified model produces similar results to eQuest.
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Figure 19: Energy reduction as a fraction of total energy use from a lighting power density reduction of 50%

This graph also shows the difference between energy savings in a heating-dominated vs. coolingdominated building. As expected, the cooling-dominated building shows greater energy savings
on average due to a lighting retrofit, and this graph suggests that this difference accounts for a
difference of about 0.05 (5%) between the average energy reduction fractions for a heating- vs.
cooling-dominated building. This graph also hints at the extent to which the internal electric
loads control whether the building is heating- or cooling-dominated in the first place; at the
lower tail of the LPD range virtually all of the buildings are heating-dominated, whereas the
same is true of the upper tail with cooling-dominated buildings. Both of these observations point
to trends we would expect to see in real life, which supports the validity of the simplified model.

5.4 Window Retrofits
The effect of window upgrades on energy use is fairly straightforward; higher quality windows
reduce the heat flux through those surfaces, increasing the building’s energy efficiency. We
would therefore expect a simple linear increase in energy reduction with an increase in the
percent window coverage of the walls, due to a window upgrade.
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Energy Reductions from Window Upgrades
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Figure 20: Energy reduction as a fraction of total energy use from a window upgrade to clear, double-pane glass

There is a generally increasing trend in the energy reduction fraction as the percent window
coverage increases, although it is not a strong trend. This suggests that there are other factors
which influence the effects of a window retrofit on a building’s energy needs. These cause the
wide variation in the energy reductions and the lack of a strong linear trend. The absence of any
trends between the clear and tinted windows suggests that that particular characteristic does not
have a large impact on the building’s energy use, which is consistent with the graphs of the PPPL
eQuest models. The range of values for reduction fraction is also consistent with those graphs.

5.5 Infiltration Retrofits
Much like the lighting and window retrofits, we would expect a linear increase in energy
reduction with the initial infiltration rate of the building, since the rate is reduced to the same
value of 0.05 ACH regardless of the initial rate value. This is indeed what we find when the data
are plotted.
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Figure 21: Energy reduction as a fraction of total energy use due to an infiltration rate reduction to 0.05 ACH

Also like the other retrofits, there is a significant range of possible values for the reduction
fraction for a given initial infiltration rate, which is the result of the combined influence of all the
other building specifications. The range is consistent with the values found from the eQuest
simulations of the PPPL buildings, although because it is so large this fact is merely weak
evidence in support of the simplified model.

5.6 Roof Membrane Retrofits
The final retrofit, a cool roof or roof membrane retrofit, has the lowest range of energy reduction
values, and is therefore not likely to be cost-effective in the majority of trials. This is due in part
to the reduction in the energy-saving effect of roof albedo as the roof insulation increases. In
some cases, the retrofit actually causes a calculated decrease in energy efficiency. However,
these values show an interesting trend when plotted against the heating-to-cooling load ratio of
each building.
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In buildings which are cooling-dominated (with a heating/cooling ratio less than 1), a membrane
retrofit is essentially always beneficial, a fact which stems from the same roots as the term “cool
roof”. Membranes with a higher albedo reflect a greater amount of solar radiation and
significantly lower the cooling load in warmer months, while at the same time slightly increasing
the heating load in cooler months. Therefore, in cooling-dominated buildings, we would expect a
cool roof retrofit to be universally beneficial. Even in heating-dominated buildings, however, a
membrane retrofit can raise energy efficiency because a) the change in roof temperature due to
reduced absorption of radiation is greater in the warmer half of the year due to increased solar
intensity and b) the peak building loads overlap with the warmest part of the day. These facts
combine to give the trend shown in Figure 19. This trend will be amplified when considering the
financial savings as opposed to energy savings, since cooling systems run on electricity and are
significantly more expensive to operate than fuel-powered heating systems. There is no clear
explanation for the peak on the right side of the graph, however it is worth noting that this peak
is sharpened due to the logarithmic scale of the x axis.
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5.7 Retrofit Recommendations Results
Next, I looked at the trends in the benefit/cost ratios of each retrofit as calculated by the
optimization program. The figure below shows the ratio for roof upgrades plotted against the
initial R-value.
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Figure 22: 5-year benefit/cost ratio of a roof insulation upgrade from the initial R-value to R50

This data comes from the results of the large set of test buildings run through the cost calculation
and optimization program with a required payback period of 5 years, a budget cap of $1,000,000,
and default energy and retrofit costs. Under this constraint, about 30% of roof retrofits on the
sample buildings were financially beneficial. This number jumped to almost 50% with an 8-year
required payback period. Obviously, the percentage of buildings which would be recommended a
roof retrofit increases as the building’s initial R-value decreases, and the expected benefit/cost
ratio increases as well. This is due to the effect seen in the previous section, where the energy
savings from incrementally insulating a low R-value roof is greater than incrementally insulating
an already well-insulated roof.
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The same trend applies to wall retrofits, except that a much lower percentage of wall
retrofits are financially beneficial—about 1% at 5 years and 2% at 8 years. This is due to the fact
that roofs tend to see a greater heat flux and are less expensive to retrofit per unit area.
Lighting retrofits yielded substantial benefits for all buildings with high initial LPDs.
This trend is less revealing since the most common range for commercial buildings, 1-2 W/ft2, is
on the border where the payoff of a lighting retrofit is most uncertain.
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Figure 23: 5-year benefit/cost ratio of a lighting retrofit reducing LPD by 50%

When considering buildings within the range of 1-2 W/ft2, lighting retrofits paid off in 5 years
about 70% of the time. Based on the energy savings trends shown in the previous section, we can
assume that this likelihood rises substantially for cooling-dominated buildings. At 8 years, the
likelihood that a lighting retrofit will pay off for typically-lit buildings is 94%.
Window retrofits, in contrast, are virtually never found to be financially beneficial; the
cost of the retrofit per square foot is too high to overcome the cost of the retrofit within a
reasonable payback period. In the future, this model could be amended to consider window
films, which are much cheaper to buy and install. It could also be adjusted to consider individual
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walls separately to account for the effects of building orientation; for example, only south-facing
walls could be replaced in response to greater sun exposure.
Infiltration retrofits exhibit a similar trend to lighting retrofits, with draftier buildings
showing a greater potential for improvement and therefore a higher likelihood of a payback
within the required time period. Building sealing proved financially beneficial for 10% of
buildings considered within a 5-year period, and 22% within an 8-year period. The lower success
rate as compared to lighting retrofits is likely due at least in part to the fact that infiltration
reductions primarily save on fuel costs, which are cheaper per MMBtu than electricity.
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Figure 24: 5-year benefit/cost ratio of a reduction in infiltration rate from the initial rate to 0.05

Finally, cool roof retrofits return on their investment within 5 years in 18% of cases
simulated, and 21% return within 8 years. The bias towards cooling-dominated buildings is
evident in the benefit-cost ratios as well, with a generally linear trend. Due to the high variability
however, it is difficult to make universal claims about when cool roof retrofits are financially
beneficial.
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Figure 25: 5-year benefit/cost ratio of a cool roof retrofit based on ratio of building heating to cooling loads

Overall, the energy savings results and cost-benefit analysis provided by the model are
reasonable and support the accuracy and utility of this decision-making model. The trends shown
in the data match known trends in building energy use and efficiency retrofits, and the success or
recommendation rates of each retrofit are consistent with advice and recommendations available
in the commercial retrofits field. While the predicted benefit/cost ratios are likely inexact, the
general trends are captured and the most important information—which retrofits provide a
benefit/cost ratio greater than 1—are preserved and accurately conveyed in the vast majority of
cases.

5.8 Website Implementation
The final product of this thesis is a web-based user-interface which allows a visitor to the
site to input the relevant information, runs the component programs of the decision-making
model, and displays the results, including the estimated costs and savings for each retrofit, as
well as the optimized retrofit combination. The program provides default values for the more
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complex building specifications and for the retrofit and energy costs, allowing the user to input
more accurate information if it is available to them. The construction of this website is currently
in progress, and will be available by May 2013 at http://berr.princeton.edu.

6. Conclusions and Future Work
The primary function of this research is to establish the capabilities of building energy
models to accurately simulate the efficiency of buildings with a reduced set of input parameters.
This report makes the case that, with only 13 variables, the energy demands of a building can be
simulated with reasonable accuracy, enabling retrofit recommendations to be generated with
much less effort on the part of a building owner.
Based on the accuracy analysis at each step in the decision-making process, users should
take the predicted benefit/cost ratio and retrofit recommendations as guidelines for planning a
retrofit for their building; this program obviously cannot replace the involved process of site
assessments and a more detailed analysis tailored to the building in question. However, the
results suggest that this model is accurate enough to give valuable suggestions to users and
correctly indicate which improvements are worth the time and money required to implement
them. With this information easily available, building owners may be more likely to pursue
energy retrofits, since they have some assurance that the returns justify the investment. It would
be possible to insert an optional survey into the website, to collect information about whether the
improved accessibility of this basic information at all influenced the user’s thoughts about
implementing energy retrofits.
Due to its highly modular nature, this program could easily be adjusted and expanded to
better respond to the preferences of building owners. Some additions have been mentioned
already—expanding the model to include additional geographic areas or consider a wider array
of retrofits. A more in-depth investigation into the accuracy of a simplified model as the number
and type of input parameters is varied could produce interesting and useful results as well; the 13
parameters chosen in this project create a model which performs quite well, but it may be
possible to further optimize this trade-off between accuracy and ease-of-use. By inserting a
survey in the web implementation of the model, data could be collected which would help inform
this research and may lead to an improved version of the model.
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Another area for potential improvement is the DOE-2.2 engine itself; though it makes a
valiant attempt to model a complex system, it has certain inaccuracies, and as new modeling
programs are created, they could be substituted in as the basis for the decision-making model’s
recommendations. With more extensive research into costs of commercial retrofits, it may also
be possible to improve the cost functions so that the default values are quite accurate, and
possibly account for synergistic effects when retrofits are implemented simultaneously (the cost
of increasing insulation and replacing a roof membrane is almost certainly less than the cost of
performing both retrofits separately). Finally, it would be valuable to collect data comparing the
predicted costs and results of building retrofits by this model with the actual costs and results of
retrofits which are implemented, if such data is available. A survey of this information, for
example, could help pinpoint sources of inaccuracy and identify ways to address these
inaccuracies. Each of these features would increase the utility of this model, encouraging wider
adoption of energy-efficient technology and helping our country stabilize its energy needs.
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Appendices
Appendix A: Derivation of Intermediate Roof Insulation Upgrades Equation
Based on the data from insulation upgrades between varying R-values, the addition of energy
demand based on heat flux through the building envelope goes as:
~
where A is the surface area and R is the R value of the envelope. Based on this relation, the total
energy use of a building can be described as:
=

+

→

=

+

The energy savings of a roof retrofit, expressed as a fraction of the total energy use, where all
other factors remain constant can be derived as:
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=
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(Bou-Zeid, Elie)

The validity of this equation was verified by comparing the plotted equation to the simulated
data set results, shown in the figure below. In this case, Rnew is equal to 50 and Rold is the initial
R-value of the sample building’s roof.
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This graph shows that the data closely fit the derived function. If the coefficient, C is determined
for the given building, the derived equation should accurately predict the fractional energy
savings due to an intermediate retrofit.
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Appendix B: Input File Template
INPUT ..
TITLE
LINE-1 = building
..
"Entire Year" = RUN-PERIOD-PD
BEGIN-MONTH = 1
BEGIN-DAY = 1
BEGIN-YEAR = 2013
END-MONTH = 12
END-DAY = 31
END-YEAR = 2013
..
"Standard US Holidays" = HOLIDAYS
LIBRARY-ENTRY "US"
..
"BUILD-PARAMETERS 1" = BUILD-PARAMETERS
AZIMUTH = 0
GROSS-AREA = Insert total floor area
..
"Outer Material" = MATERIAL
TYPE = PROPERTIES
THICKNESS = 0.083
CONDUCTIVITY = 0.4167
DENSITY = 116.0
SPECIFIC-HEAT = 0.2
..
"Wall Insulation" = MATERIAL
TYPE = RESISTANCE
RESISTANCE = Insert Wall R-Value
..
"Roof Insulation" = MATERIAL
TYPE = RESISTANCE
RESISTANCE = Insert Roof R-Value
..
"Deck" = MATERIAL
TYPE = PROPERTIES
THICKNESS = 0.052
CONDUCTIVITY = .0667
DENSITY = 34.0
SPECIFIC-HEAT = 0.29
..
"Built-up roof" = MATERIAL
TYPE = PROPERTIES
THICKNESS = 0.031
CONDUCTIVITY = 0.0939
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DENSITY = 70.0
SPECIFIC-HEAT = 0.35
..
"FloorMaterial" = MATERIAL
TYPE = PROPERTIES
THICKNESS = 0.5
CONDUCTIVITY = 0.7576
DENSITY = 140.0
SPECIFIC-HEAT = 0.2
..
"Roofing Layers" = LAYERS
MATERIAL = ( "Deck", "Roof Insulation", "Built-up roof" )
..
"Ext Wall" = LAYERS
MATERIAL = ( "Outer Material", "Wall Insulation" )
..
"Floor Layers" = LAYERS
MATERIAL = ( "FloorMaterial" )
..
"Ext Wall-CONST" = CONSTRUCTION
TYPE = LAYERS
ABSORPTANCE = 0.7
LAYERS = "Ext Wall"
..
"Floor-CONST" = CONSTRUCTION
TYPE = LAYERS
ABSORPTANCE = 0.7
LAYERS = "Floor Layers"
..
"Roof-CONST" = CONSTRUCTION
TYPE = LAYERS
ABSORPTANCE = Insert 0.9 for a black roof, 0.4 for a white roof
LAYERS = "Roofing Layers"
..
"Window Glass" = GLASS-TYPE
TYPE = SHADING-COEF
SHADING-COEF = Determined by glass category
GLASS-CONDUCT = Determined by glass category
VIS-TRANS = Determined by glass category
..
***Number of “off-hours” vs “on-hours” determined by operating hours parameter***
"Occ Schedule Weekday" = DAY-SCHEDULE-PD
TYPE = FRACTION
VALUES = ( 0.02, 0.02, 0.02, 0.02, 0.02, 0.02, 0.90, 0.90, 0.90, 0.90, 0.90, 0.90, 0.90,
0.90, 0.90, 0.90, 0.90, 0.02, 0.02, 0.02, 0.02, 0.02, 0.02, 0.02 )
..
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"Occ Schedule Weekend" = DAY-SCHEDULE-PD
TYPE = FRACTION
VALUES = ( 0.02, 0.02, 0.02, 0.02, 0.02, 0.02, 0.10, 0.10, 0.10, 0.10, 0.10, 0.10, 0.10,
0.10, 0.10, 0.10, 0.10, 0.02, 0.02, 0.02, 0.02, 0.02, 0.02, 0.02 )
..
"Lights Schedule Weekday" = DAY-SCHEDULE-PD
TYPE = FRACTION
VALUES = ( 0.20, 0.20, 0.20, 0.20, 0.20, 0.20, 0.9, 0.9, 0.9, 0.9, 0.9, 0.9, 0.9, 0.9, 0.9,
0.9, 0.9, 0.20, 0.20, 0.20, 0.20, 0.20, 0.20, 0.20 )
..
"Lights Schedule Weekend" = DAY-SCHEDULE-PD
TYPE = FRACTION
VALUES = ( 0.20, 0.20, 0.20, 0.20, 0.20, 0.20, 0.35, 0.35, 0.35, 0.35, 0.35, 0.35, 0.35,
0.35, 0.35, 0.35, 0.35, 0.20, 0.20, 0.20, 0.20, 0.20, 0.20, 0.20 )
..
"Loads Schedule Weekdays" = DAY-SCHEDULE-PD
TYPE = FRACTION
VALUES = ( 0.2, 0.2, 0.2, 0.2, 0.2, 0.2, 0.90, 0.90, 0.90, 0.90, 0.90, 0.90, 0.90, 0.90,
0.90, 0.90, 0.90, 0.2, 0.2, 0.2, 0.2, 0.2, 0.2, 0.2 )
..
"Loads Schedule Weekend" = DAY-SCHEDULE-PD
TYPE = FRACTION
VALUES = ( 0.2, 0.2, 0.2, 0.2, 0.2, 0.2, 0.20, 0.20, 0.20, 0.20, 0.20, 0.20, 0.20, 0.20,
0.20, 0.20, 0.20, 0.2, 0.2, 0.2, 0.2, 0.2, 0.2, 0.2 )
..
"Infil Schedule AllDays" = DAY-SCHEDULE-PD
TYPE = FRACTION
VALUES = ( 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1 )
..
"Cooling Schedule AllDays" = DAY-SCHEDULE-PD
TYPE = TEMPERATURE
VALUES = ( 90, 90, 90, 90, 90, 90, 73, 73, 73, 73, 73, 73, 73, 73, 73, 73, 73, 90, 90, 90,
90, 90, 90, 90 )
..
"Heating Schedule AllDays" = DAY-SCHEDULE-PD
TYPE = TEMPERATURE
VALUES = ( 50, 50, 50, 50, 50, 50, 73, 73, 73, 73, 73, 73, 73, 73, 73, 73, 73, 50, 50, 50,
50, 50, 50, 50 )
..
"Fan Schedule AllDays" = DAY-SCHEDULE-PD
TYPE = ON/OFF
VALUES = ( 0, 0, 0, 0, 0, 0, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 0, 0, 0, 0, 0, 0, 0 )
..
***Week and Annual Schedules Definitions not shown***
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"Floor Polygon" = POLYGON
V1 = (0,0)
V2 = (X determined from footprint and wall surface areas,0)
V3 = (X,Y determined from footprint and wall surface areas),
V4 = (0,Y)
..
SET-DEFAULT FOR EXTERIOR-WALL
CONSTRUCTION = "Ext Wall-CONST"
..
SET-DEFAULT FOR UNDERGROUND-WALL
CONSTRUCTION = "Floor-CONST"
..
"Floor0" = FLOOR
X=0
Y=0
Z=0
AZIMUTH = 0
POLYGON = "Floor Polygon"
SHAPE = POLYGON
FLOOR-HEIGHT = Determined from wall area, building footprint, and total floor area
SPACE-HEIGHT = Determined from wall area, building footprint, and total floor area
..
"Floor0 Space" = SPACE
X=0
Y=0
Z = 0.000000
AZIMUTH = 0
SHAPE = POLYGON
POLYGON = "Floor Polygon"
FLOOR-WEIGHT = 70
ZONE-TYPE = CONDITIONED
PEOPLE-SCHEDULE = "Occ Schedule"
LIGHTING-SCHEDULE = ( "Light Schedule" )
EQUIP-SCHEDULE = ( "Loads Schedule" )
INF-SCHEDULE = "Infil Schedule"
LIGHTING-TYPE = REC-FLUOR-NV
INF-METHOD = AIR-CHANGE
AIR-CHANGES/HR = Insert infiltration rate
PEOPLE-HG-LAT = 200
PEOPLE-HG-SENS = 250
EQUIP-LATENT = ( 0 )
EQUIP-SENSIBLE = ( 1 )
LIGHTING-W/AREA = ( Insert LPD value )
EQUIPMENT-W/AREA = ( Insert internal electric loads - LPD )
AREA/PERSON = Insert occupant area value
LOCATION = FLOOR-V1
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..
"The Floor" = UNDERGROUND-FLOOR
LOCATION = BOTTOM
..
"EWall1f0" = EXTERIOR-WALL
LOCATION = SPACE-V1
..
"Window1f0" = WINDOW
GLASS-TYPE = "Window Glass"
HEIGHT = Determined from wall surface area, number of floors, and window percent
WIDTH = Determined from wall surface area, number of floors, and window percent
X=1
Y=1
FRAME-WIDTH = 0.25
FRAME-CONDUCT = 2.78
..
***Repeated for each of the other 3 walls***
"The Ceilingf0" = EXTERIOR-WALL
CONSTRUCTION = "Roof-CONST"
LOCATION = TOP
..
***Repeated for each floor, where the number of floors is determined by the footprint
and total floor area***
MSTR-ELEC-METER = "EM1"
MSTR-FUEL-METER = "FM1"
..
"HVAC System 0" = SYSTEM
TYPE = PSZ
SIZING-RATIO = 1.15
HEAT-SOURCE = FURNACE
BASEBOARD-SOURCE = ELECTRIC
MAX-SUPPLY-T = 120
MIN-SUPPLY-T = 55
FURNACE-AUX = 0
HEATING-SCHEDULE = "AlwaysOn Schedule"
COOLING-SCHEDULE = "AlwaysOn Schedule"
OA-CONTROL = FIXED
FAN-SCHEDULE = "Fan Schedule"
COOLING-EIR = 0.345
FURNACE-HIR = 1.24
CONTROL-ZONE = "Floor 0 Zone"
..
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"Floor 0 Zone" = ZONE
TYPE = CONDITIONED
FLOW/AREA = 0.5
OA-FLOW/PER = 20
BASEBOARD-CTRL = THERMOSTATIC
DESIGN-COOL-T = 75
DESIGN-HEAT-T = 72
SIZING-OPTION = ADJUST-LOADS
COOL-TEMP-SCH = "Cooling Schedule"
HEAT-TEMP-SCH = "Heating Schedule"
SPACE = "Floor0 Space"
..
LOADS-REPORT
VERIFICATION = ( ALL-VERIFICATION )
SUMMARY = ( ALL-SUMMARY )
..
SYSTEMS-REPORT
VERIFICATION = ( ALL-VERIFICATION )
SUMMARY = ( ALL-SUMMARY )
..
PLANT-REPORT
VERIFICATION = ( ALL-VERIFICATION )
SUMMARY = ( ALL-SUMMARY )
DUMP-OPTIONS = ( DEBUG, SIMULATION )
..
END
..
COMPUTE
..
STOP
..
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Appendix C: Derivation of Retrofit Cost Functions
Under each upgrade type, I have included the ranges of relevant materials and labor costs from a
variety of sources. The two main sources are the 2013 National Construction Estimator’s online
costbook, and the NREL efficiency measures database. The NREL data was used primarily to
check material rather than labor costs because it is intended as a reference for residential as
opposed to commercial buildings.

Roof Insulation Upgrade:
Sample materials and labor costs –
Type
Material Cost ($/ft2)
2013 National Construction Estimator
Polyisocyanurate
0.64
board, R-5.9
Polyisocyanurate
0.77
board, R-9.4
Polyisocyanurate
0.98
board, R-13
Industrial board
1.10
insulation, R-14
Rockwool batt
0.75
insulation, R-15
Rockwool batt
1.09
insulation, R-30
NREL Database
Closed-cell foam,
--R-19
Closed-cell foam,
--R-30
Cellulose, R-30
--Cellulose, R-49

Labor Cost ($/ft2)

---

Total Cost ($/ft2)

0.40

1.04

0.40

1.17

0.54

1.52

0.14

1.24

0.11

0.86

0.11

1.20

---

1.60

---

2.20

---

0.66

---

1.30

Additionally, a Building Science Press report which shows cost ($/ft2-R) values for a variety of
insulation materials and thicknesses generally fall between $0.02-0.08/ft2-R, with the thicker
versions of each material having lower normalized costs.
Based on these values, I assigned a roof insulation upgrade cost of:
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Wall insulation upgrade:
Sample materials and labor costs –
Type
Material Cost ($/ft2)
2013 National Construction Estimator
Polystyrene board,
0.90
R-9.4
Exterior sheathing,
0.77
R-3.3
Polyethylene
0.62
sheathing, R-9.4
Polyethylene
0.67
sheathing, R-13
NREL Database
Polyisocyanurate,
--R-6
Polyisocyanurate,
--R-12

Labor Cost ($/ft2)

Total Cost ($/ft2)

0.54

1.44

0.58

1.35

0.54

1.16

0.54

1.21

---

1.10

---

1.50

Based on these values, I assigned a wall insulation upgrade cost of:
'() *+, (-. ). = D1.0 + 0.03;
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Lighting upgrade:
For this model, I simplify a lighting retrofit as the installation of motion/daylighting sensors in
each room of the building, and replacement of all light bulbs with dimmable CFLs. A room is
defined as 250 ft2, and the number of light bulbs is determined by the 500 lumens/m2 or 46.5
lumens/ft2 ASHRAE recommendation. The breakdown of normalized cost is derived below:
Sensor unit price: $80 (based on prices from Lutron)
$80 / 250 ft2 = $0.32/ft2
Light bulb unit price: $12 (prices and specifications from NREL database)
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$0.005/lumen * 46.5 lumens/ft2 = $0.23/ft2
Labor costs: based on the National Construction Estimator, installation costs are
approximately equal to the cost of the materials
The final retrofit cost is therefore calculated as:

7')89 H'() = 1.1 × ( 9'', 8,+8)

Window replacement:
Sample materials and labor costs –
Type
Material Cost ($/ft2)
2013 National Construction Estimator
Double-pane
24
NREL Database
Clear, 2-paned with
air fill, metal frame
Low-E, 2-paned,
insulated frame

Labor Cost ($/ft2)

Total Cost ($/ft2)

15

39

---

---

33

---

---
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Additionally, an article on Buildings.com cites window retrofits as costing $40/ft2 (Penny 2012).
Based on this data, I define a window retrofit cost as:
7')89 H'() = 40 × (G899 (?, 8H+ 8,+8) ×

(*+,H+B) G@BA'G H'J+,8C+)
100

Infiltration reduction:
Sample materials and labor costs –
Type
Material Cost ($/ft2) Labor Cost ($/ft2)
NREL Database
10ACH to 1ACH
----2ACH to 1ACH
----NREL Case Studies (Dentz and Podorson, 2012)
25% reduction
----40% reduction
----60% reduction
-----

Total Cost ($/ft2)
2.0
0.31
0.23-0.6
0.4-2.2
1.1-2.9

These costs varied widely and do not apply as well to the typical commercial scenario where
both the initial and target infiltration rates are very low. I tried to approximate these trends,
however, with the following cost function:
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Roof membrane replacement:
Sample materials and labor costs –
Type
Material Cost ($/ft2)
NREL Database
Asphalt shingles,
--white or cool color
EPA Department Store Case Study, Austin TX
White membrane
---

Labor Cost ($/ft2)

Total Cost ($/ft2)

---

1.9

---

1.5

There was little data available on roof membrane materials and installation costs, but I judged the
EPA case study to be a more reliable estimate since it dealt with a built-up roof membrane on a
commercial building. I therefore define a roof membrane retrofit cost as:
7')89 '() = 1.5 × (>?@9A@BC '')*,@B))
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Appendix D: Definition of Building Parameter Distributions
My goal was to test the accuracy of the decision-making model through the creation of a large
data set of sample buildings. I therefore wanted the set to reflect a full realistic range of
buildings. To generate this, I determined each parameter for each sample building with a
distributed random variable function. The reasoning behind each function is described below.
The following parameters were described by normal or log-normal distributions based on data
from the Commercial Buildings Energy Consumption Survey (CBECS):

Total floor area:
Mean = 13.9 thousand ft2
1,000-10,000 sq. ft.

75% of buildings

1,000-25,000 sq. ft.

90% of buildings

1,000-50,000 sq. ft.

95% of buildings

Distribution: log-normal; µ = log(14000); σ = 1
Occupant area:
Mean = 400 ft2
Distribution: normal; µ = log(300); σ = 75

Number of floors:
1-2

90% of buildings

1-3

97% of buildings

1-9

99% of buildings

Distribution: log-normal; µ = log(2); σ = 1

Weekly occupied hours:
0-40

22% of buildings

0-60

68% of buildings

0-84

81% of buildings

0-167

90% of buildings

Distribution: log-normal; µ = log(50); σ = 1
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The following parameters did not have survey data available, but could be derived based on
common knowledge.

Floor height: (From the combination of floor area, number of floors, and floor height, the wall
surface area was determined.)
Distribution: log-normal; µ = log(12); σ = 0.25

Window percent coverage:
Distribution: evenly-distributed; range = [0,100]

Wall insulation:
Distribution: evenly-distributed; range = [3,35]

Roof insulation:
Distribution: evenly-distributed; range = [5,50]

Window category:
Distribution: proportions = 25%/25%/25%/25%; categories = 1-pane/2-pane, tinted/clear

Roof membrane category:
Distribution: proportions = 75%/25%; categories = black, white

The following parameters did not have survey data available, but were derived using statistics
from other sources.

Internal electric loads:
The Building Energy Data Book gives average plug loads for an office building as 1 W/ft2
(PNNL 2010).
Distribution: log-normal; µ = log(1); σ = 0.5
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Lighting power density:
A DOE case study of a wide variety of commercial buildings in Texas showed average LPD
values ranging from 1.0-2.2 W/ft2, depending on the building type (Winters 2007).
Distribution: log-normal; µ = log(2); σ = 0.25

Infiltration rate:
A DOE report references 1.8 cfm/ft2 or about 0.3 ACH “baseline” infiltration rate (Gowri 2009),
while a variety of energy consulting companies reference typical infiltration rates for commercial
buildings as ranging between 0.2-1.5 ACH.
Distribution: log-normal; µ = log(0.35); σ = 0.65
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