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ABSTRACT

Convenience stores are known to have higher Energy Use Intensities (EUIs) than most
other commercial building types. However, convenience store energy performance analyses have
not been systematically investigated. Moreover, current national convenience store benchmarks
are inconsistent from one data base to another due to lack of relevant energy data. This paper
assesses the energy performance of more than five hundred convenience stores in the same fleet
in Eastern United States. The investigation aims to establish benchmarks for convenience stores
with and without gasoline pumping stations. The main factors influencing the actual convenience
store building energy use were determined. Multiple regression models were developed to find
relationships between annual energy consumption per unit area and gross floor area, customer
transaction count, building operating year, etc. The statistically characterized results are meant to
serve as a reference data set in comparing the whole-building energy performance index for
buildings of similar functionality. The statistical correlation analyses can strengthen the robust
prediction of energy performance in convenience stores, enabling proper assessment of energy
conservation measurements (ECMs) for convenience store operations, as well as guiding

additional such energy performance studies.
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Chapter 1

Introduction

Commercial and residential building energy consumption is becoming a global issue
(World Business Council for Sustainable Development 2009; Environmental & Energy
Management News 2009). Residential and commercial building sectors consume nearly 40% of
total global primary energy, higher than either industry and transport sectors do (International
Energy Agency 2012). With population growth and the resultant increase in development of
building services and demand for thermal comfort, if no systematic conservation measures are
taken, the amount of energy consumed by buildings will continue to increase and likely create
considerable problems at peak load (Perez-Lombard, Ortiz, and Pout 2008). It is necessary to
make timely efforts in improving energy performance of existing buildings while maintaining an
optimum indoor environment.

Energy consumption in the commercial building sector has increased at a higher rate than
the residential sector. In 2010, the commercial sector in the United States (U.S.) consumed 18.26
Quadrillion Btu, accounting for 18.9% of total primary energy use (U.S. Department of Energy
2010). Figure 1-1 shows, for buildings with gross floor area ranging from 1,001 to 10,000 ft*
within the commercial sector, food sales and food service are the most energy intensive
typologies (U.S. Energy Information Administration (EIA) 2003a). Thus, there would appear to
be significant potential to reduce energy consumption by improving energy performance and

operational characteristics of these building types.



Energy Use Intensity by Building Type (1,001 to 10,000 ft?)
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Figure 1-1. Energy Use Intensity by Building Type (1,001 ft* to 10,000 ft?).

A convenience store usually stocks and sells a range of everyday items such as groceries,
toiletries, soft drinks, tobacco, and newspapers. The convenience store industry in the U.S. has
been expanding both in sales and in service for the past decade. In 2007, there were 145,900
convenience stores, with $306.6 Billion annual sales in the U.S. (U.S. Department of Energy
2010). This number has been increasing rapidly in recent years: in 2011, total convenience store
sales reached $681.9 Billion, more than twice of the number in 2007 (National Association of
Convenience Stores (NACS) 2012). Moreover, in order to adapt to the changing customer
preferences in an evolving market, most convenience stores’ offerings have been expanded into
the convergence of food sales and food service (the most energy intensive building typologies
noted in Figure 1-1, EUIs were reported as 188.5 and 322.9 kBtu/ft>-yr), as well as refueling
business. Eighty percent of convenience stores are open 24 hours, 7 days a week (Waintroob et al.
2006). This expanded functionality in a relatively constant footprint area leads to high building
energy utilization intensity, presenting challenges for energy savings within the stores to maintain

per transaction profit margins.
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Along with the high intensive energy characteristics observed among convenience stores,
there are striking similarities in system design, equipment configurations, and operation
characteristics which should enable results of analysis for one store to be applicable to the rest, or
at the very least, to similar clusters of stores within a fleet. Thus, if one set of Energy
Conservation Measures (ECMS) is successful in reducing energy consumption for a specific store,
repeating this measure in all the stores in the fleet should lead to considerable operational savings
which can then be redirected to upgrade existing facilities, profits or staff benefits.

As the convenience stores become one of the most energy intensive building types
because of their operational characteristics and wide range of customer services, it is essential to
investigate convenience store energy data in order to help building owners better understand the
energy performance of this facility type, thus being able to rank buildings for energy saving

investment opportunities, and make decisions on installing suitable ECMs.



Chapter 2

Literature Review

This chapter consists of literature review on two major topics. First, convenience store
energy benchmarks in existing building energy databases have been identified, meanwhile,
certain limitations regarding the corresponding energy references have also been pointed out.
Second, the concept of energy benchmarking has been introduced in details, including its
purpose, steps, technical methodologies, etc. Previous energy benchmarking studies have been

reviewed to demonstrate the effectiveness of this methodology.

2.1. Convenience Store Energy Usage

Few convenience store energy performance analysis reports are publically available.
Three public sources containing the convenience store data have been identified. The first source
is the Commercial Buildings Energy Consumption Survey (CBECS) conducted by U.S. Energy
Information Administration (EIA) in 2003. This data survey reports the median site EUI of
convenience stores (with and without gasoline refueling stations) as 228 kBtu/ft*-yr (719
KWh/m?-yr), 90% of which is electricity (U.S. Energy Information Administration (EIA) 2011).
Second, the ENERGY STAR Portfolio Manager reports the median site EUI of convenience
stores with gasoline refueling stations is 171 kBtu/ft*-yr (539 kWh/m?-yr), while convenience
stores without gasoline refueling stations can be as high as 511 kBtu/ft’-yr (1612 kWh/m?-yr)
(U.S. Environmental Protection Agency 2013). Lastly, in the recently released Buildings
Performance Database, these two values are 336 kBtu/ft*-yr (1060 kWh/m?-yr) and 184 kBtu/ft-
yr (580 KWh/m?-yr), respectively. The median site EUI for all the 73 convenience stores in this

database is 265 kBtu/ft>-yr (836 kWh/m?-yr) (U.S. Department of Energy 2013). These EUI
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values are summarized in Table 2-1. In short, median site EUIs for convenience stores in different
databases vary greatly and are not consistent, therefore, none of these could be used as an energy

benchmark for this facility type.

Table 2-1. Convenience Store Energy Benchmarks

Median EUI (kBtu/ft*-yr) All stores Stores with Stores without
gasoline refueling  gasoline refueling
stations stations
2003 CBECS 228 NA NA
New Portfolio Manager NA 171 511
Buildings Performance Database 265 336 184

Moreover, these three data sources have certain limitations which prevent them being the
reference benchmarks for convenience stores. For instance, the fact that all 73 stores in Buildings
Performance Database are either located in California or Arizona suggests a narrow and climate
biased sample, compared to 149,220 stores in operation across the U.S. Moreover, the exact
number of convenience stores in the new ENERGY STAR Portfolio Manager is not clear, but it is
noted that the number of convenience stores in this database is not enough to create an ENERGY
STAR performance rating equation. Lastly, the 2003 CBECS data is slightly out-of-date for the
convenience store category, as these facilities have experienced a major service and business
model transformation from only sales to a combination of “grocery store”, “restaurant”, and
“gasoline refueling station”. In summary, current national benchmarks for convenience stores
have limitations mainly due to lack of relevant energy data. Furthermore, studies on convenience
stores have not been systematically performed, making it difficult to understand the energy flow
in this facility type. In order to complete the mission of reducing energy consumption within
convenience stores, it is crucial to find a population of convenience stores with available
operational energy data and establish targeted performance goals using an appropriate

benchmarking approach.



2.2. Building Energy Benchmarking

In the Merriam-Webster dictionary, benchmarking is defined as “to study (a competitor’s
product or business practices) in order to improve the performance of one’s own company”
(“Benchmarking” 2014). Benchmarking in the building energy industry is a process to study the
energy performance of buildings with similar functionality, so that the goal of improving
performance and saving energy of one’s own building(s) can be fulfilled. In this section, previous
research will be reviewed in order to demonstrate the purpose and the process of building energy
benchmarking; followed by the mathematical methodologies applied to benchmark building
energy performance; then, previous research regarding benchmarking using regression analysis

will be summarized.

2.2.1 The Objectives of Benchmarking

Building energy benchmarking belongs to a sub-category of building energy performance
assessment. Building energy performance is a term to indicate the quantity of energy consumed in
a building, which can be reflected by one or more numeric indicators (Poel, Cruchten, and
Balaras 2007). For example, a widely used indicator is the annual building energy use per gross
floor area, which has the unit of kBtu/yr-ft2. Building energy performance assessment can be
generally divided into two categories: energy classification and performance diagnosis. Energy
classification is defined as “providing uniform means to communicate a building’s relative energy
efficiency and carbon emissions to both the owners and the public to encourage ongoing
efficiency and conservation gains” (S. Wang, Yan, and Xiao 2012). The concepts of

benchmarking, rating and labeling all belong to this category.



Building energy benchmarking is a simple, straightforward and low-cost method to
inform decision makers of a facility’s relative energy performance level by comparing a whole-
building energy performance index of the assessed building(s) against reference benchmarks
(National Renewable Energy Laboratory 2012). The objectives of building energy benchmarking
can be summarized as: 1) presenting a simple and instant communication on the relative energy
performance of the target building(s); 2) alerting concerned parties to poor energy performers; 3)
indicating the need for ECMs to decision-makers, such as building owners, architects, engineers,
and energy managers; and 4) providing a pre-retrofit baseline, so that it could be possible to

estimate energy savings of installed ECMs during the retrofit.

2.2.2 The Process of Benchmarking

Benchmarking is an essential step in the building energy retrofit process. Figure 2-1
shows an illustrative flowchart of the retrofit process. It is noted that building energy
benchmarking is conducted before establishing system and equipment energy conservation

measures (ECMs) priorities (National Renewable Energy Laboratory 2012).
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Figure 2-1. Building Energy Retrofit Process (National Renewable Energy Laboratory 2012).

The building energy benchmarking process consists of four stages, shown in Figure 2-2
(Pérez-Lombard et al. 2009). First, the building energy database needs to be established in order
to collect and archive the building energy information. Then, energy usage of the assessed
building(s) should be calculated, and an indicator of the building energy performance should be
selected and quantified as well. Third, conduct a comparative analysis in order to define best
practice examples, as well as the worst case scenario. Last, cost-effective ECMs will be

recommended.

Establish a Quantify Energy Comparison ECMs

Database Performance Analysis Recommendations

Figure 2-2. Building Energy Benchmarking Process (Pérez-Lombard et al. 2009).

The first step in a benchmarking process is to gather building energy related information
with a representative sample of buildings. Usually, information is collected by building users,
owners, energy management team, etc. It is expensive and time-consuming to collect such
amount of data including not only energy consumption, but also variables having influence on
energy performance, such as number of occupancy, activity type, system specifications,
temperature set points, site information, etc.

In the second step, energy usage needs to be quantified first in order to obtain the energy
performance indicator. Figure 2-3 shows the classification of energy quantification methods: 1)
calculation-based; 2) measurement-based; 3) hybrid method (S. Wang, Yan, and Xiao 2012). The
calculation-based method is further divided into dynamic simulation and steady-state modeling.

Dynamic simulation uses building energy simulation software (i.e. EnergyPlus, TRNSYS) to



generate building energy data by customizing inputs, like building type, location, HVAC system
type, etc. For the steady-state case, there are two approaches to build the model: forward
modeling and inverse modeling. Forward modeling is similar to dynamic simulation, but with
higher computation speed due to the model simplification. The main drawback of forward
modeling is the uncertainty of data quality, which needs expertise-driven calibration of simulation
results. On the other hand, inverse modeling avoids calibration through using both building
energy data and influential variables at first, to train the model parameters and structure (Kissock,
Haberl, and Claridge 2002).

The measurement-based method is a better approach compared to the calculation-based
one, because of improved data credibility by eliminating discrepancy between simulation and
actual results. There are two sources to gather the measuring data. First, the utility companies can
offer large amount of high quality energy data with different time interval lengths. It is widely-
adopted for its reliability and cost-effectiveness. However, this data source is incapable to provide
information across building end-uses, which therefore requires energy disaggregating to obtain
energy usage of individual systems and equipment. On the other hand, monitoring systems
provide more detailed energy data, at the cost of more sophistication and expenses. Different
monitoring platforms are available: Sub-metering, Non-intrusive load monitoring method
(NILM), and Building automation system (BAS). Sub-metering can collect individual power and
energy usage by placing metering hardware on each electric circuit. NILM has usually been
applied in the residential building sector (Marceau and Zmeureanu 2000). BAS, also known as
building energy management system (BEMS), can provide functions like monitoring, diagnosis,
and control of building sub-systems and equipment components (Levermore 2000).

The hybrid method uses measuring data to increase the accuracy of calculation results.
Calibrated simulation and dynamic inverse modeling both belong to this category. In the

calibration process, the simulation inputs are tuned by trial and error in order to make the



simulation results closer to the measuring data. Dynamic inverse modeling is similar to steady-

state inverse modeling, only needs more detailed training data based on field measurement.
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Figure 2-3. Energy Quantification Methods for Existing Buildings (S. Wang, Yan, and Xiao

2012).

With the quantified building energy usage, the building energy performance indicator can

be calculated then. As mentioned in Chapter 2.2.1, energy use intensity (EUI) is widely adopted

as the performance indicator. The energy quantity, which will be used as the nominator when

calculating EUI, can be either source energy or site energy. Site energy refers to the energy

consumed by the facility on site only, for instance, the sum of electricity used by equipment and

natural gas for cooking and water heating. On the other hand, source energy accounts for the total

energy consumed from the energy source, which means it also includes the energy loss during

energy generating and transmitting process. EUI is calculated by normalizing the total energy

consumption (site/source) by the building gross floor area.

The next step is comparative analysis, which is the core of benchmarking. In this step,
building energy performance indicator of the assessed building(s) is evaluated against certain

criteria, such as available reference, energy utilization benchmarks from literature or building

databases, recommended or required values in building design specifications or retrofit guides, as
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well as other relevant building codes/standards. If reference benchmarks are not available,
benchmarking within a statistically characterized building portfolio is another option as long as
there being enough large building stock to establish statistically significant parameters. The
analysis helps to identify the relative energy performance of the assessed building(s), thus
enabling ranking the candidate buildings for future energy conservation investment.

Last, the analysis results might also give clues on potential ECMs, which would help to
improve energy efficiency of the buildings. There are several ways to collect ECMs relevant
information. First, learn from energy efficient buildings among the portfolio. To be specific, since
energy efficient and wasteful buildings have already been identified in the third step, a walk-
though energy audit and/or interviewing with facility managers of these buildings might provide
insight into the reasons why certain stores consume less energy while others use much more. By
comparing the operation characteristics of these buildings, effective ECMs on the energy efficient
side can be adopted by the energy wasteful side.

Along with the method of comparing building to building, another approach is to study
the energy consuming behavior of building end-uses. This method can be applied only when
benchmarking with a statistically significant building stock, but not for the case using available
reference benchmarks. Because using the statistical approach, there will be opportunities to study
the influential factors of building energy use. Thus, we can have a better understanding of the
energy flow in the buildings, and potential ECMs regarding different end-uses could be
recommended. However, to thoroughly study the energy pattern of building end-uses, future

studies need to be carried out with smaller time interval data or sub-metering data.
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2.2.3 The Mathematical Methodology of Benchmarking

Existing research shows ordinary least squares (OLS), also known as linear regression
analysis, is more popular and reliable to develop benchmarking systems, compared to other
mathematical approaches: 1) simple normalization; 2) data envelopment analysis (DEA); 3)
stochastic frontier analysis (SFA); 4) the model-based method (Simulation) (Chung 2011).

Simple normalization approach is easy and inexpensive, but only considers the influence
of building size and building type, therefore, it could be an unfair comparison for buildings with
different operation characteristics. For instance, two same-sized office buildings have the same
EUIs, with one running seven days a week, while the other operates only five days a week. It is
obvious that the first one is more energy efficient. But by comparing only through EUIs, we
might come to the conclusion that their energy performances are equally efficient.

Though both SFA and DEA have been improved from OLS by separating random errors
from inefficiency components, but they are both sensitive to outliers, which will invalidate the
benchmarking results. Finally, the model-based method is limited in reliability as the data is
generated from simulation, instead of using actual energy data. Overall, OLS is still the best
mathematical approach for benchmarking as it is computationally easy and straightforward. Note
that the residuals in OLS measure not only the inefficiency but also unexplained factors.
Therefore, the strategy to make OLS-based benchmarking results more reliable is to include the

explanatory factors as many as possible.

2.2.4 Regression Analysis in Building Energy Benchmarking

The regression method was first introduced in the 1980s. Monts and Blissett concluded

this statistical approach is more reliable and provides more information, compared to a simple
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EUI comparison, as the latter remains unadjusted for significant sources of variation (Monts and
Blissett 1982). In the 1990s, Sharp further demonstrated linear regression models can be used to
compare building energy performance by using the data of office buildings and schools in 1992
CBECS database, and identified influential determinants of building EUIs (Sharp 1996; Sharp
1998). For the 1358 office buildings, it was found that the most dominant variables among all the
CBECS variables were the number of workers, the number of personal computers, owner-
occupancy, operating hours and the presence of an economizer or chiller (Sharp 1996). For the
449 schools, the primary determinants of electricity use were gross floor area, year of
construction, use of walk-in coolers, electric cooling, non-electric energy use, roof construction,
and HVAC operational responsibility (Sharp 1998).

The ENERGY STAR Portfolio Manager was then developed as a benchmarking tool and
became widely adopted in the U.S. The data used to build the regression models in the Portfolio
Manager is from the CBECS 1999 and 2003. The regression models for major commercial
building types including Office, Hotel, Hospital, Refrigerated/Non-refrigerated Warehouse, etc.
have been completed and published by far (ENERGY STAR Portfolio Manager 2014). Note that
among more than 80 property types built into the new Portfolio Manager, only 20 of them are
eligible to receive an ENERGY STAR score, and the convenience store type is not included.

Table 2-2 to 2-8 show the regression modeling results for the published facility types in

the ENERGY STAR Portfolio Manager.

Table 2-2. Regression Modeling Results for Office, Bank/Financial Institution, and Courthouse

Dependent Variable Source Energy Use Intensities (kBtu/ft?)

Number of Observations 498

Model R* Value 0.3344

Model F-Statitics 22.19

Model Significance (p-value) 0.0000
Unstandardized St. Error t-value p-value
Coefficient

(Constant) 186.6 4.699 39.71 0.0000

CLnSgFt 34.17 5.271 6.484 0.0000



CPCDen
CLNWLKkHrs

CLNWkrDen

CHDD*PH
CCDD*PC

BANK_50*CLNSqFt
BANK_50*CLNWkrDen

BANK_50

17.28
55.96
10.34
0.0077
0.0144
-64.83
34.20
56.30

3.645
13.53
7.304
0.0026
0.0064
20.25
15.88
15.01

4.135
4.135
1.416
2.962
2.253
-3.201
2.153
3.751

0.0000
0.0000
0.1575
0.0032
0.0249
0.0015
0.0318
0.0002
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Table 2-3. Regression Modeling Results for Grocery Store/Supermarket

Dependent Variable

Source Energy Use Intensities (kBtu/ft?)

Number of Observations 83
Model R? Value 0.5136
Model F-Statitics 11.31
Model Significance (p-value) 0.000
Unstandardized St. Error t-value  p-value
Coefficient
(Constant) 581.1 19.83 29.31 0.0000
CLnSqgFt 84.97 29.04 2.926 0.0045
CLNWKHTrs 125.8 79.72 1.578 0.1187
CLNWkrDen 115.6 37.77 3.061 0.0031
CHDD*PH 0.0326 0.0119 2.739 0.0077
CCDD*PC 0.0947 0.0313 3.028 0.0034
CWalkinDen 794.4 167.1 4.755 0.0000
CCOOKDen 902.8 647.6 1.394 0.1674
Table 2-4. Regression Modeling Results for K-12 School
Dependent Variable LN (Source Energy)
Number of Observations 400
Model R* Value 0.8775
Model F-Statitics 310.3
Model Significance (p-value) 0.001
Unstandardized St. Error t-value p-value
Coefficient
(Constant) 4.45046 0.33956 13.11 <0.0001
LnSqFt 0.84274 0.04095 20.58 <0.0001
LNWkHTrs 0.06271 0.07188 0.87 0.3835
LNEdseat 0.12269 0.04019 3.05 0.0024
HDD*PH 0.00006155 0.00001748 3.52 0.0005
CDD*PC 0.00014839 0.00003392 4.38 <0.0001
Vent 0.14911 0.04911 3.04 0.0026
LNPcnum 0.07955 0.02368 3.36 0.0009
Monusel2 0.05659 0.04107 1.38 0.169
Cook7 0.0983 0.05269 1.87 0.0628




Table 2-5. Regression Modeling Results for Medical Office Building
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Dependent Variable

Number of Observations

Model R? Value

Model F-Statitics

Model Significance (p-value)
Unstandardized

Coefficient
(Constant) 2.78889
LnSqFt 0.91433
LNWhker 0.21568
LNWkhrs 0.46768
CHDD*PH 0.00005321
CCDD*PC 0.00020111

LN (Source Energy)
82

0.9336

213.6

<0.0001

St. Error t-value
1.19393 2.34
0.09998 9.14
0.09332 2.31
0.29816 1.57
0.00003712 1.43
0.00007429 2.71

p-value

0.0221
0.0001
0.0235
0.1209
0.1558
0.0084

Table 2-6. Regression Modeling Results for Hospital (General Medical and Surgical)

Dependent Variable

Number of Observations

Model R? Value

Model F-Statitics

Model Significance (p-value)
Unstandardized

Coefficient
(Constant) 484.8
CFTEDen 26.64
CBedDen 120.3
CMRIDen 8961
CCDD 0.0227

Source Energy Use Intensities (kBtu/ft?)

191

0.2235

14.67

0.0000

St. Error t-value
7.480 64.82
8.625 3.088
48.72 2.470
2989 2.998
0.0088 2.563

p-value

0.0000
0.0023
0.0144
0.0031
0.0112

Table 2-7. Regression Modeling Results for Hotel

Dependent Variable

Number of Observations

Model R? Value

Model F-Statitics

Model Significance (p-value)
Unstandardized

Coefficient
(Constant) 169.1
CRoombDen 33.22
FDRM 65.14
CRfgCommbDen 249.8
CLNWEkrDen 20.81
CHDD*PH 0.0107

CCDD*PC 0.0169

Source Energy Use Intensities (kBtu/ft%)

142

0.3669

13.04

0.0000

St. Error t-value
7.457 22.68
9.330 3.560
18.64 3.494
147.2 1.697
10.38 2.004
0.0029 3.653
0.0085 1.988

p-value

0.0000
0.0005
0.0006
0.0920
0.0471
0.0004
0.0488




16

Table 2-8. Regression Modeling Results for Data Center

Dependent Variable Power Usage Effectiveness (PUE)
Number of Observations 61
Model R? Value 0.0988
Model F-Statitics 7.579
Model Significance (p-value) 0.0078
Unstandardized St. Error t-value  p-value
Coefficient
(Constant) 1.924 0.0523 36.81 0.0000
C_Annual IT Energy -0.9506 0.3453 -2.753  0.0078

Research conducted outside of U.S. also indicated linear regression analysis to be a
promising approach to benchmark building energy performance (Birtles and Grigg 1997,
Olofsson, Sjogren, and Andersson 2005; Chung, Hui, and Lam 2006; Westphal and Lamberts
2007; Bohdanowicz and Martinac 2007; Chung and Hui 2009; Xuchao, Priyadarsini, and Siew
Eang 2010).

Moreover, these research projects also explored potential explanatory factors on building
energy consumption. A study of energy performance of 16 hotels in Hong Kong shows no
correlation exists between EUIs and hotel class, occupancy level, total floor area, hotel age,
number of guest rooms, and number of restaurants (Deng and Burnett 2000). Another study of 29
quality hotel buildings in Singapore, found weak correlation between electricity consumption and
number of occupied rooms. Worker density and years after the last major retrofit were found to
be highly correlated to EUIs (Priyadarsini, Xuchao, and Eang 2009). Using the same dataset, the
regression model between EUIs and worker density, hotel class, was formulated and displayed an
R? of 0.73 (Xuchao, Priyadarsini, and Siew Eang 2010). The study of 45 hotels in Taiwan
established two regression models to predict EUIs using independent variables: gross floor area,
number of guest rooms, occupancy rate, and building construction year. The adjusted R* were

reported to be 0.928 and 0.612, which implies good reliability of the models (J. C. Wang 2012).
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Chung et al. obtained a regression model with an R? value of 0.7082 for 30 supermarkets.
In this model, the response variable is EUI and the predictors are building age, gross floor area,
operation schedule, number of customers, and occupants’ behavior (Chung, Hui, and Lam 2006).
Another study on office buildings in Hong Kong selected 14 potentially significant factors, as
shown below, to build the regression model.

e Age factor: Build age;

e Occupancy factors: Floor area; Operation schedule; Number of employees;

o Climate factors: Degree day temperature;

e People factors: Occupants’ behavior and maintenance factor; Indoor temperature set point;

o Energy end-use factors: Chiller equipment type; Air side distribution type; Air side
control; Water side distribution control; Lighting equipment; Lighting control; Office

equipment.

Not all factors are significantly related to EUIs (Chung and Hui 2009).

Overall, developing benchmarking system using regression models is inexpensive,
efficient (incorporating more sources of variability yet adding adequate sophistication), and easily
understood by decision makers, and therefore, highly applicable to facilitate building energy

savings in practice.



Chapter 3

Research Objective

The objective of this study is, through utilizing the data of a fleet of convenience stores,
to develop the regression models for benchmarking their energy consuming characteristics. The
multi-variable regression-based benchmarking models yielded a robust prediction of convenience
store energy performance based on their physical and operational constraints. The statistically
characterized results serve to compare the whole-building energy performance index for buildings
of similar functionality. The comparative analyses identified those stores which appear to be
operating outside statistically expected ranges, either on the excessive side wing (energy-wasteful
performers) or the much less than expected, conservative, side (energy-efficient performers). In
either case the statistical analyses will assist in identifying potential ECMs to be implemented in
excessive sides or adopted from conservative sides in order to reduce operational energy use for
the fleet.

The expected contribution of this study is expanding building energy benchmarking
studies by adding the category of convenience store to the limited amount of facility types
available in the ENERGY STAR Portfolio Manager. Moreover, the polished statistical analyses

can potentially give insight and guidance to additional future benchmarking studies.



Chapter 4

Convenience Store Data Description

The energy utility data from over six hundred convenience stores used in this study was
collected and archived in a database by the store fleet energy management team. The stores are
located in Eastern U.S, including the states of Pennsylvania (PA), Maryland (MD), Virginia
(VA), Delaware (DE), New Jersey (NJ) and Florida (FL). Calendar year 2012 energy data was
used for calculating whole-building energy performance index. The stores investigated in this
study can be generally divided into two groups: 292 stores with a gasoline pumping station
(referring as “fuel type” in the latter context) and 262 stores without a gasoline pumping station
(referring as “non-fuel type” in the latter context). These convenience stores are compact in size,
with the total floor area (not including the area of gasoline pumping station) ranging from 2,409
ft* to 7,650 ft* (224 m* to 711m?) with median value of 4,694 ft* (436 m?). Construction year
ranges from 1964 to 2011, and 29% of these stores have experienced minor or major renovation
in the past fifteen years. Roughly 1,200 to 4,000 people visited a store per day in 2012. All fuel
type stores are open 24/7, while some non-fuel stores only operate for scheduled hours. Nearly
half of the investigated stores have installed Building Automation System (BAS). Figure 4-1

shows the floor plan of a sample store.



20

Backroom
Trashroom

Refrigerated

area Prep room

Open
kitchen

Retail area Refrigerated
area

Janitor

Electrical
room

Restroom Checkout
area

- —

Figure 4-1. Sample Store Floor Layout.

Office

Limited information was obtained regarding energy consuming sub-systems in the stores.
There are total of 26 different store footprint specifications, but only two (both for fuel type
stores) are accessible to the authors. These two specifications share similarities in Heating,
Ventilating and Air-Conditioning (HVAC) systems, lighting systems, refrigeration systems, and
plug loads. For HVAC systems in both specifications, three rooftop units (RTUs) equipped with
Direct Expansion (DX) coils and natural gas furnaces provide cooling and heating to the space.
Two exhaust fans ventilate the restroom area and the office area. The interior lighting system is a
mix of fluorescent lights and incandescent lights. The retail area (including the open kitchen) is lit
24/7, but lights in janitor, backroom and other associate areas are connected to the BAS, and
therefore can be automatically turned off when not occupied. There are four walk-in refrigerators,
one reach-in freezer, and one open refrigerated island in both specifications. Plug loads in the
stores mainly consist of food machines, automatic teller machines (ATMs), lottery machines, as

well as office equipment. Differences are also noticed regarding domestic hot water (DHW)
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systems, exterior lighting and interior lighting in certain areas. One specification uses electric
water heater and metal halide lamps, while the other uses gas to heat domestic water and light-
emitting diode (LED) lights.

Along with the energy consuming systems, limited but revealing information regarding
building envelopes was also gathered. The stores are one-story, concrete and wood construction.
The buildings have a mix of pitched and flat roof, and the latter is used to place RTUs and
condensing units. Polystyrene board is used as wall insulation material. A total insulating value of
R-30 is achieved in ceiling/roof construction with either vapor barrier fiberglass batts insulation
or unfaced blanket insulation. In the walk-in refrigerator area, Styrofoam is installed between
slabs for thermal and moisture protection. Exterior storefront glazing is insulated without internal
shading devices. All exterior doors are weather-stripped.

Table 4-1 listed variables extracted from the convenience store database that was used in

this study.

Table 4-1. Variables Extracted from the Convenience Store Database

Variable Unit
Store number

Store zip code

Year of construction

Year of remodeling

Operating hours hour
Total floor area ft?
2012 annual merchandise transaction number

2012 annual electricity consumption kWh
2012 annual natural gas consumption therms
Number of fuel dispensers

State

Store type

BAS monitored or not

Restroom accessible to the public or not
Pump station installed or not

Waste water treatment plant installed or not
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Energy Use Intensity (EUI) is widely-used as a straightforward indicator of building
energy performance, which is the energy consumption normalized by the building floor area,
often expressed as thousands of British thermal units (kBtus) per square foot per year (Filippin
2000). The energy consumption can be in different time scales and different spatial scales. We
calculated annual whole-building site EUIs by summing 2012 electricity and natural gas
consumption of each store, then divided them by the store floor area (gasoline pumping station
and parking lot areas are excluded). These values are used as the response/dependent variable in
the regression models.

Besides the data extracted from the convenience store database, we also added weather
adjustments, Heating Degree Days and Cooling Degree Days (65°F/18.3°C based), as another
two explanatory factors. The weather information was extracted from an online weather database

based on the store zip codes. (Weather Underground 2012).



Chapter 5

Methodology

This chapter consists of the description of the methodologies applied in this study. First,
the procedures used to filter the convenience store data will be introduced; followed by the
description of two benchmarking approaches utilized in this study. Then, the second
benchmarking method, which is regression analysis, will be summarized in details. Last, a

methodology flowchart will be shown at the end of this chapter.

5.1. Data Filters

Since the fleet of stores has similar functionality, there is no need to filter out those with
different operational characteristics. Our data filtering mainly focuses on improving the quality of
energy data. We scrutinized the store monthly electricity use, and three filters were defined in

Table 5-1.

Table 5-1. Summary of Convenience Store Data Filters

Condition for including an observation in the analysis Number remaining
Original number of stores 622
Must have a complete 12-month electricity bill for 2012 582
Must not experience remodeling in 2012 568
Must not have abnormal monthly electricity usage in 2012 556

Must be currently still open 554
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5.2. Benchmarking Methodologies

With the filtered data, two approaches have been applied to benchmark energy
performance of the fleet of convenience stores. The EUI distribution was used to assess relatively
energy performance among the stores. This distribution graph provides some intuitionistic insight
into the convenience store relative energy consumption level among the fleet, as well as a
comparison for other stores with similar functionality. As Sharp pointed out, the method
improves benchmarking over an approach which only uses average EUI of the fleet as a reference
benchmark (Sharp 1998).

However, simple benchmarking only normalizes building energy use by gross floor area,
not taking other possibly influential variables (i.e. occupancy, weather) into account. Therefore,
statistical correlation analyses using software R (R Foundation 2013) was applied, and multiple
regression models were created to determine the relationship between building energy use and
key building physical and operational variables. Thirteen independent variables in Table 5-2,
including seven numerical variables, and six categorical variables, were selected for regression

analysis based on the availability of the data from the convenience store database.

Table 5-2. Independent Variables Selected for the Regression Model

Variable Unit Abbreviation
2012 cooling degree days °F CDD
2012 heating degree days °F HDD
Existing years from opening to the end of 2012 year OpYr
Total gross floor area ft? FA

2012 annual merchandise transaction number # MerNum
Operating hours hour Hour
Number of fuel dispensers # FDis
Remodeled or not Remodel
State State
BAS monitored or not BAS
Restroom accessible to the public or not RestRm

Pump station installed or not PumpSt
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Waste water treatment plant installed or not WWTP

The statistical characterized equation showing below was built.

Later those less influential independent variables were removed based on the regression
model fit criteria, to obtain a final simpler linear regression model according to the principle of
parsimony. Then, predicted EUIs of convenience stores can be calculated using the final
regression equations. Following the ENERGY STAR Performance Ratings Technical
Methodology (U.S. Environmental Protection Agency 2008), we calculated:

Energy Efficiency Ratio = Actual EUI / Predicted EUI 2

The lower a building’s energy efficiency ratio, the less energy per unit area has been
consumed by the building than what the model predicts, and the more efficiently the building

performs.

5.3. The Steps of Regression Analysis

The steps of carrying out a regression analysis are as follows (Kutner et al. 2005;
Slavkovic 2013):

1) Exploratory data analysis, develop one or more preliminary regression models;
a) Scatterplot of the response y against continuous predictors;
b) Boxplot of the response y against categorical predictors;

c) Histogram of the continuous variables;
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d) Transform to linearity if necessary;

2) Fit the model using least squares, compute the estimated regression function, and the
analysis of variance (ANOVA) table;

3) Examine the appropriateness of these regression models using the data at hand, develop

new models or revise the preliminary models;

a) Plot the residuals against predictors, and the predicted values; If there is curvature, go
to 1c; If there are outliers, check the data and make sure the values are correct;

b) Check the normal probability plot of residuals; If the residuals are not normal, go to
1c;

c) Check the overall F-value, and determine whether it is significant; If it is not

significant, use the model yi=Bq+s;;

d) Look at the R* value, which indicates how much of the variation in y is explained by

the regression model;
4) Make inferences on the basis of regression model;
a) Perform tests of the parameters;

b) Form confidence intervals for the parameters and fitted values, and form prediction

intervals;

5) Check influential or high leverage points; if there are influential or high leverage points,

refit the model without a few points to determine if your conclusions change.

After finalizing the regression model, the last step is to interpret predictors’ impact on the
response variable, answering questions such as:

1) Does the store energy performance increase as the customer transaction count
increases? If yes, how much does the energy performance increase with a one unit increase in the

customer transaction count? What about other predictors?
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2) Which are the most influencing (significant) factors on the store energy performance?

What are the inferences regarding potential ECMs we can make based on the data analysis?

5.4. Methodology Flowchart

Figure 5-1 shows the flowchart of the methodology applied in this study. First, we
collected and sorted the convenience store related data obtained from the database. Second, we
guantified the energy performance indicators, which were regarded as the response y, meanwhile
we identified several independent variables that would potentially influence store energy usage.
Third, a simple benchmarking has been implemented on the data, so that a straightforward data
description could give us some insight in the later regression analysis. Last, a comprehensive
benchmarking (regression analysis) was carried out, including steps of exploratory data analysis,

model selection, model diagnosis, and making inferences.
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Figure 5-1. Methodology Flowchart of this Study.



Chapter 6

Results and Discussions

6.1. Non-weather-normalized Site EUIs

Non-weather-normalized site EUIs are straightforward indicators of building energy
performance, which are calculated using the total building site energy divided by the building
gross floor area. This index does not account for the variability of weather impact, as well as
other potential influences. However, because its simplicity and intuitive display, EUI has been
commonly applied when comparing relative energy performance among the same facility type.
Table 6-1 lists minimum, maximum, median and average EUI values for the three datasets: 554

stores in total, fuel type stores only, non-fuel type stores only.

Table 6-1. Descriptive Statistics for Non-weather-normalized Site EUIs

EUI (kBtu/ft>-yr) Stores in total Fuel type stores Non-fuel type stores
Maximum 659.8 659.8 568.2

Median 416.9 407.2 423.9

Average 422.3 421.7 422.9

Minimum 227.2 291.8 227.2

Number of observations 554 292 262

The median EUI values in the database are generally higher than the survey results
previously discussed in chapter 2.1. Two aspects of reasons could explain the differences. On one
hand, the previous survey results are problematic due to a narrow and climate biased data sample.
On the other hand, the convenience stores investigated in this study have higher EUIs due to
being more compact in size and providing more diverse services compared to traditional stores.

We expected to observe a higher mean EUI for stores with gasoline pumping stations due

to the presence of more exterior lighting and gasoline pumps. However, no significant differences
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exist between mean EUIs for fuel type stores and non-fuel type stores. The most likely
explanation would be fuel type stores are generally more energy efficient as they are averagely 20
years newer than non-fuel type stores. The increased efficiency in energy consuming systems (i.e.
refrigeration, HVAC) and improved performance of building envelopes in newer fuel type stores
might offset energy use by the fuel dispensers and outdoor lights. This finding needs to be further
investigated by comparing end-use data between these two subsets of stores.

The normality of EUIs has also been studied, as to serve for the latter regression analysis.
We can see the distribution for EUIs of all stores is skewed below the average from Figure 6-1.
This skewness is principally caused by the same trend observed in fuel type stores. For non-fuel
type stores, the EUI distribution fits well within the normal distribution. The Shapiro-Wilk
normality test p-value for non-fuel type stores equals to 0.6145, while the p-values of all stores
and fuel type stores are 0.003157 and 2.545e-07, respectively. The null hypothesis of normality

can be rejected at the a=0.05 level when p-value is less than 0.05.
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Figure 6-1. Frequency Distribution of Non-weather-normalized Site EUIs for Convenience
Stores.



6.2. Exploratory Data Analysis

Before fitting the regression model, we explored the relationships between the response
EUI and all potentially influential predictors. The exploratory data analysis (EDA) principally

consists of two parts: scatterplots for continuous variables and boxplots for categorical variables.

6.2.1 Continuous Variables

Figure 6-2 to Figure 6-8 show the scatterplots for all the continuous independent
variables we have studied.

Degree day is an indicator of the heating or cooling demand associated with building’s
outdoor condition. The energy demands for space heating and cooling are expected to increase
while heating and cooling degree days increase. However, we observed a least square fit line
showing the trend against our expectation for cooling degree day (CDD) case, see Figure 6-2.
Also note that both trend lines are close to the horizontal line, indicating degree day is slightly

influencing on the response EUIs.



33

EUI and CDD

009

00S

oov

ay/max N3

00¢€

2000

1500

1000

500

AF

CDD:

Figure 6-2. Scatterplot of EUI and Cooling Degree Day.
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Figure 6-3. Scatterplot of EUI and Heating Degree Day.

In the figures (6-4, 6-5, 6-6, 6-7, 6-8) displaying the relationships between EUI and store
operating year, floor area, merchandise transaction number, operating hours and number of fuel
dispensers, we split the stores into two groups and added three least square fit lines: one for each
group, and a blue dash for uncategorized data, that is, all sites, irrespective of any distinguishing
independent variables. The red triangle points are fuel type stores. Boxplots for OpYr, FA, and
MerNum were created under the corresponding x-axis. Most of the fuel type stores have opened
within the last fifteen years, and only a few were remodeled from non-fuel type stores. The

average building size of fuel type stores are 1,600 ft* larger than non-fuel type. Generally, there
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are 234,000 more merchandise transactions per year per store in fuel type stores than non-fuel
type.

For the variable of operating year in Figure 6-4, EUI increases as the store age increases.
This tendency is not obvious for all stores’ case and non-fuel stores’ case. However, the slope of
the fit line for fuel type stores is much steeper. The EUI decrease observed with building age
decrease can be due to more strict building energy codes over these years, and more energy

efficient equipment installed in newer stores.
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Figure 6-4. Scatterplot of EUI and Store Operating Year.

Similar to operating year, Figure 6-5 shows for floor area, there are also significant

differences of the two OLS fit lines between fuel and non-fuel types. The slopes of the fit lines
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for fuel type stores and non-fuel type stores are nearly the same, but they are both steeper than all
stores’ case. Also note that inconsistent EUIs were seen among the same sized stores. Unless
these variations can be explained by other predictors, certain ECMs need to be implemented for
stores with high EUIs.

Another interesting finding is the expected EUIs at fixed floor area for fuel type stores
(points on the red line) are higher than those for non-fuel type (points on the black line). This
means fuel type stores are expected to consume more energy per unit area than non-fuel type.
Different from the expected EUIs, there is no significant difference between the actual EUI
distributions of fuel and non-fuel types, referring to section 6.1. This contradiction may be caused
by continuous and committed efforts focused on improving energy efficiency of fuel type stores

by the owners of the convenience store fleet.
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Figure 6-5. Scatterplot of EUI and Floor Area.
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Figure 6-6. Scatterplot of EUI and Merchandise Customer Number.

The slopes in merchandise transaction number plot are gentle. It is likely the trend would
be more obvious when plotting with smaller time interval data. It is also noted the blue dash lines
for OpYr, FA and MerNum are significantly different from the two lines (red and black) when
fitting data separately. Therefore, it is possible that creating two separate regression models has

an advantage over simply fitting all data in one model.
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Figure 6-7. Scatterplot of EUI and Store Operating Hour.

Figure 6-7 shows there are simply 24 stores that are not operating 24/7, and they are all
non-fuel type stores. It is difficult to conclude whether operating length is an influential predictor
based on this small sample size.

Lastly, in Figure 6-8, the number of fuel dispensers only has seven levels. At each level,
EUIs are scattered along the vertical line. Hence, it is also difficult to detect the actual trend with

this limited variability in fuel dispenser number.
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Figure 6-8. Scatterplot of EUI and Number of Fuel Dispensers.

6.2.2 Categorical Variables

Figure 6-9 to Figure 6-14 show the boxplots for all the categorical independent variables.
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Figure 6-9. Boxplot of EUI with and without Remodeling.

From Figure 6-9, we can see the mean EUI of stores with remodeling is slightly smaller
than those without remodeling.

The presence of a Building Automation System (BAS) is another variable of great
interest. The BAS monitors and controls the sub-systems and equipment in a building, which in
theory could reduce building energy and maintenance costs by establishing optimal coordinated
performance among end use sub-systems. A BAS is expensive and is usually financed through
energy and insurance savings. However, the boxplot in Figure 6-10 shows only small EUI
difference exists between stores with BAS and stores without BAS. There are two ways to
interpret this observation: either the BAS is effective but needs to be re-commissioned to ensure it

continues to work properly over time; or the BAS is not a suitable device for energy savings in
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convenience stores. For the latter interpretation, part of the problem may lie in the 24/7 operation
mode of convenience stores: having constantly running equipment, and do not have a typical

periodical system operation as office buildings do.
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Figure 6-10. Boxplot of EUI with and without Building Automation System.

Figure 6-11 shows stores with private restrooms have higher EUIs over those with public

restrooms.
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EUl and State
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Figure 6-12. Boxplot of EUI for Different States.

The influence of state on EUIs is not distinguishable in Figure 6-12. It is probably
because the convenience stores in this study are all located in Middle Atlantic region, with similar
climate and building energy policies. It will be interesting to observe any change in EUI of the

fleet expanded into warmer, Southern climate.
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The influence of the presence of a pump station is negligible, shown in Figure 6-13. For

waste water treatment plant in Figure 6-14, there seems to be an association between the presence

of a treatment plant and EUL.
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EUl and Waste Water Treatment Plant
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Figure 6-14. Boxplot of EUI and Waste Water Treatment Plant.

Note for each level of an individual variable, big variance exists in EUI. For instance, for
stores with gross floor area around 5000 ft?, EUI ranges from 300 kBtu/ft to 700 kBtu/ft%. In
other words, one factor is not enough to explain the variance in EUI. Therefore, regression
models were created, and more explanatory variables were included. However, because limited
information regarding energy consuming sub-systems within the stores, we could not explore all
the possible influential factors. To be more specific, the variable in the database — Store Type, is a
complex combination of different independent variables which are more directly related to
equipment configurations of different stores, such as refrigerated area, food machine number.
Future work should include translating this Store Type factor into variables directly related to

building energy usage, as well as gathering additional relevant data.
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6.3. Regression Model

Including unnecessary predictors does not invalidate the regression model, but it does
make the model needlessly complicated (Kutner et al. 2005). Therefore, we discarded
insignificant predictors, and obtained three final regression models: for all stores (R? =0.5248),
for fuel type stores only (R? =0.7044), for non-fuel type stores only (R? =0.5661), respectively.
The results are summarized in Table 5, 6, and 7.

FA and MerNum are significant in all three models. The intercepts in all three models
have no interpretable meaning since FA and MerNum are strictly positive. The negative
coefficient associated with FA implies that larger stores have smaller expected EUIs, while the
positive coefficient associated with MerNum implies that stores with more merchandise
transaction numbers have larger expected EUIs. Taking non-fuel type stores as an example to
illustrate FA’s and MerNum’s specific impacts: keeping other predictors remain fixed, the
expected EUI will decrease by 0.06216 kBtu/ft> with a one unit increase in FA; every one
thousand increase in merchandise transaction will increase the expected EUI by 0.1613 kBtu/ft’.

The coefficient of determination R? shows how much variance in the response EUI have
been explained by the varieties in the predictors. Since the R? values for both fuel and non-fuel
are larger than that of all stores’ case, separating stores into two types to build regression models
does outweigh fitting all data into one model. For fuel type stores only, the R? of 0.7044 indicates
more than 70% of the variance in EUI has been explained jointly by all the predictors in the
model. Previous similar studies have R* values ranging from 0.65 to 0.9 for other different types
of buildings (Chung, Hui, and Lam 2006; Wang 2012). ENERGY STAR Performance Ratings
have an R? range of 0.09 (data center) to 0.93 (medical office building) (U.S. Environmental
Protection Agency 2010; U.S. Environmental Protection Agency 2004a). Generally, R? values of

0.3 are common in social science, while a value of 0.9 or even higher in experimental or technical
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studies have been applied as an R? target indicating an effective regression model. Literature for
building energy studies indicate an R? of 0.7 is the rule of thumb. Therefore, future studies need
to be carried out for improving the non-fuel type stores’ regression model as the current model’s

R? does not meet the criteria.

Table 6-2. Regression Modeling Results for All Stores

Dependent Variable Site Energy Use Intensities (kBtu/ft”)
Number of Observations 554
Model R? Value 0.5248
Model F-Statitics 75.23 on 8 and 545 DF
Model Significance (p-value) <2.2e-16

Unstandardized Coefficient St. Error t-value p-value
(Intercept) 582.4 36.4 16.0 < 2e-16 ***
CDD -0.02069 0.00646 -3.20 0.00144 **
FA -0.06636 0.00321 -20.7 < 2e-16 ***
MerNum 0.0001009 0.0000112 8.98 < 2e-16 ***
Hour 1.898 1.46 1.30 0.19486
FDis 9.184 0.806 11.4 < 2e-16 ***
PumpsSt: with 8.539 4.83 1.77 0.07735E
Restrm: Public 15.57 7.08 2.20 0.02823 *
WWTP: with 25.00 9.46 2.64 0.00845 **

Note: Significance codes: 0 — “****,0.001 — “**’, 0.01 — ‘**, 0.05 - ‘E.

Several predictors, insignificant in non-fuel type stores, show their significance in the
fuel type stores only model - CDD, OpYr, FDis, Remodel, State, and WWTP. The physical
interpretations of CDD, OpYr and FDis are the same with FA and MerNum. The “older” the
stores are, and the more fuel dispensers the stores have, the higher their EUIs become.
Interestingly, the negative coefficient of CDD contradicts the expectation of how weather impacts
building energy usage and also confirms what we observed in the exploratory data analysis. A
possible explanation could be that the internal heat gain within the stores is extremely large and
stores are cooled with air-conditioners longer than usual (even all-year-round). The portion in
total building energy consumption related to heating could be small. This standpoint could also
explain why HDD is not influencing in all three models. In short, stores tend to be internal load

dominated. This speculation can be investigated further with store sub-metering data.
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In order to understand a categorical variable’s impact on EUI, State location serves as a
categorical example. There are totally five levels in this variable: DE, MD, NJ, PA, and VA. The
reference level, which has been defined as zero in the regression model, is the DE location. Thus,
the result that NJ is significant means the EUI difference between DE and NJ is notable, with
expected EUIs of stores in NJ 27 kBtu/ft> higher than those in DE. The method to interpret
Remodel and WWTP is similar. Remodeling does help fuel type stores decrease energy demand.
Stores with a waste water treatment plant consume substantial amount of energy compared to

those without treatment plants.

Table 6-3. Regression Modeling Results for Fuel Type Stores

Dependent Variable Site Energy Use Intensities (kBtu/ft”)
Number of Observations 292
Model R? Value 0.7044
Model F-Statitics 50.97 on 13 and 278 DF
Model Significance (p-value) <2.2e-16

Unstandardized Coefficient St. Error t-value p-value
(Intercept) 661.1 38.3 17.3 < 2e-16 ***
HDD -0.006538 0.00484 -1.35 0.17818
CDD -0.02651 0.0118 -2.25 0.02557 *
OpYr 4.849 0.566 8.57 7.29e-16 ***
FA -0.05917 0.00376 -15.8 < 2e-16 ***
MerNum 0.00007593 0.0000123 6.20 2.07e-09 ***
FDis 4.005 1.66 2.41 0.01673 *
BAS: without 5.993 4.20 1.43 0.15452
Remodel: with -41.89 10.3 -4.08 5.91e-05 ***
State: MD -8.615 9.63 -0.895 0.37162
State: NJ 27.51 8.51 3.23 0.00137 **
State: PA -14.35 8.70 -1.65 0.10018
State: VA -9.058 10.3 -0.882 0.37842
WWTP: with 20.43 9.44 2.16 0.03128 *

Note: Significance codes: 0 — “****, 0.001 — “***_0.01 — ‘**, 0.05 — ‘E.

Compared to fuel type stores, the non-fuel type stores’ model is simpler, however, with
low predictive power. Only FA and MerNum are influential factors. Future studies should include
collecting more potentially influential independent variables for non-fuel type stores to increase

the model predictive power.
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Table 6-4. Regression Modeling Results for Non-Fuel Type Stores

Dependent Variable Site Energy Use Intensities (kBtu/ft”)
Number of Observations 262
Model R? Value 0.5661
Model F-Statitics 66.8 on 5 and 256 DF
Model Significance (p-value) < 2.2e-16

Unstandardized Coefficient St. Error t-value p-value
(Intercept) 566.9 19.3 29.3 < 2e-16 ***
CDD -0.01369 0.0105 -1.30 0.193
FA -0.06216 0.00341 -18.2 < 2e-16 ***
MerNum 0.0001613 0.0000181 8.91 < 2e-16 ***
BAS: without -7.668 4.99 -1.54 0.125
WWTP: with 22.51 15.28 1.47 0.142

Note: Significance codes: 0 — “***°/0.001 — “**’, 0.01 — “**, 0.05 — ‘E.

6.4. Benchmarking Table

Energy efficiency ratios (EERS) have been calculated based on Equation (2) in section 3,
then sorted from lowest to highest. The two-parameter gamma fit curves for fuel and non-fuel
store types were created in Figure 6-15 and 6-16, and then used to calculate the EER at each

percentile, see Table 6-5 and 6-6.
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Figure 6-15. Convenience Store EER Distribution for Fuel Type Stores.
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Non-Fuel Type Convenience Store Distribution
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Figure 6-16. Convenience Store EER Distribution for Non-Fuel Type Stores.

The energy efficiency ratios are centered around one in both plots, and are more
consistent compared to those for other building types in ENERGY STAR (U.S. Environmental
Protection Agency 2010; U.S. Environmental Protection Agency 2004a; U.S. Environmental
Protection Agency 2008; U.S. Environmental Protection Agency 2011; U.S. Environmental
Protection Agency 2009; U.S. Environmental Protection Agency 2004b; U.S. Environmental
Protection Agency 2007a; U.S. Environmental Protection Agency 2007b; U.S. Environmental
Protection Agency 2007c). This might be the result from building owners’ efforts, which can help

to keep buildings’ operational characteristics consistent and equipment efficient.

Table 6-5. Convenience Store Benchmarking Lookup Table for Fuel Type Stores



Fuel Type Stores

Cumulative Energy Efficiency Ratio
Percentile > = <

10 0 0.9071
20 0.9071 0.9379
30 0.9379 0.9604
40 0.9604 0.9800
50 0.9800 0.9986
60 0.9986 1.0173
70 1.0173 1.0377
80 1.0377 1.0618
90 1.0618 1.0959
100 1.0959 Inf

Table 6-6. Convenience store Benchmarking Lookup Table for Non-Fuel Type Stores

Non-Fuel Type Stores

Cumulative Energy Efficiency Ratio
Percentile > = <

10 0 0.8837
20 0.8837 0.9217
30 0.9217 0.9497
40 0.9497 0.9741
50 0.9741 0.9973
60 0.9973 1.0208
70 1.0208 1.0464
80 1.0464 1.0769
90 1.0769 1.1202
100 1.1202 Inf




Chapter 7

Conclusions

In this paper, we present a convenience store energy benchmarking process and results
using the method of regression to normalize influential variables’ impacts on store annual energy
usage. Two benchmarking lookup tables for fuel and non-fuel type convenience stores were
created. The regression models can be used for benchmarking buildings with similar
functionalities. The benchmarking methodology can be applied in other building types for which
benchmarking models haven’t been available, provided, of course the energy utilization data for a
statistically significant set of buildings is available.

Certain limitations also exist in this study. Future work include gathering more
gualitative and quantitative data, in the following three areas: building sub-metering data by end
use, smaller time interval energy data, as well as data regarding building physical characteristics
which can be translated into independent variables that directly influence total building energy
usage. The first two datasets would help us understand dynamic operational energy flows in
convenience stores better, while the third dataset would be crucial to improve the predictive

power of the non-fuel type convenience store benchmarking model.
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Appendix A

Selected R Codes

## Analysis of the response EUI for all stores case

attach(mtcars)

conv=read.csv("regression.csv", header=TRUE)

attach(conv)

h=hist(EUI,breaks=seq(200,700,by=25),main="Histogram of EUIs of All
Stores" xlab="EUI: kBtu/ft2",ylab="Number of Stores",xlim=c(200,700),ylim=c(0,120))

x=EUI

xfit=seq(min(EUI),max(EUI),length=40)

yfit=dnorm(xfit,mean=mean(EUI),sd=sd(EUI))

yfit=yfit*diff(h$mids[1:2])*length(EUI)

lines(xfit,yfit,lwd=2)

library(MASS)

result=boxcox(EUI~1, data=conv, lambda=seq(from=-2, to=4,by=0.01))

ggnorm(EUI,main="Normal Q-Q Plot of EUls of All Stores")

shapiro.test(EUI)

## Fuel type stores as an example

library(car)
conv=read.csv("regression_fuel.csv",header=TRUE)
fix(conv)

attach(conv)
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### Exploratory Data Analysis

##Square footage

res.y <- Im( EUl ~ BAS + CDD + OpYr + Fdis + HDD + MerNum + PumpSt + Remodel
+ Restrm + State + StTy + WWTP, data=conv)$res

res.x <- Im( FA ~ BAS + CDD + OpYr + Fdis + HDD + MerNum + PumpSt + Remodel
+ Restrm + State + StTy + WWTP, data=conv)$res

plot(res.x, res.y, main="Partial residual plot for EUI on Floor Area", xlab="Gross Floor
Area", ylab="EUI")

abline( Isfit( res.x, res.y) )

loess.fit <- loess(y~x,data=data.frame(x=res.x,y=res.y))

x.grid <- seq(from=min(res.x), to=max(res.x), length=554)

tmp <- predict (loess.fit, newdata=data.frame(x=x.grid), se=T)

lines(x.grid, tmp$fit, lwd=3,col=2)

lines(x.grid,tmp$fit+2*tmp$se. fit,Iwd=2,Ity=2,col=2)

lines(x.grid,tmp$fit-2*tmp$se.fit,Iwd=2,lty=2,col=2)

scatterplot(EUI~FA|StTy, data=conv,xlab="FA: sqft", ylab="EUI: kBtu/ft2",main="EUI
and Floor Area",smoother=FALSE boxplots="x",legend.title="Store Type")

abline( Im(EUI~FA),col="blue",lty=2)

scatterplot(KWh~FA|StTy, data=conv,xlab="FA: sqft", ylab="Elec: KWh",main="Elec

and FA",smoother=FALSE,boxplots="x",legend.title="Store Type")

##Merchandise number
res.y <- Im( EUl ~BAS + CDD + OpYr + Fdis + HDD + FA + PumpSt + Remodel +

Restrm + State + StTy + WWTP, data=conv)$res
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res.x <- Im( MerNum ~ BAS + CDD + OpYr + Fdis + HDD + FA + PumpSt + Remodel

+ Restrm + State + StTy + WWTP, data=conv)$res

plot(res.x, res.y, main="Partial residual plot for EUI on Merchandise Transaction
Number", xlab="Merchandise Transaction Number", ylab="EUI")

abline( Isfit( res.x, res.y))

loess.fit <- loess(y~x,data=data.frame(x=res.x,y=res.y))

x.grid <- seq(from=min(res.x), to=max(res.x), length=554)

tmp <- predict (loess.fit, newdata=data.frame(x=x.grid), se=T)

lines(x.grid, tmp$fit, lwd=3,col=2)

lines(x.grid,tmp$fit+2*tmp$se.fit,lwd=2,Ity=2,col=2)

lines(x.grid,tmp$fit-2*tmp$se.fit,Iwd=2,lty=2,col=2)

scatterplot(EUI~MerNum|StTy, data=conv,xlab="MerNum: #", ylab="EUI:
kBtu/ft2",main="EUI and Merchandise Number", smoother=FALSE, boxplots="x",
legend.title="Store Type")

abline( Im(EUI~MerNum),col="blue",lty=2)

##Operating Year

res.y <- Im( EUI ~ BAS + CDD + FA + Fdis + HDD + MerNum + PumpSt + Remodel +
Restrm + State + StTy + WWTP, data=conv)$res

res.x <- Im( OpYr ~ BAS + CDD + FA + Fdis + HDD + MerNum + PumpSt + Remodel
+ Restrm + State + StTy + WWTP, data=conv)$res

plot(res.x, res.y, main="Partial residual plot for EUI on Store Operating Year",
xlab="Store Operating Year", ylab="EUI")

abline( Isfit( res.x, res.y) )
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plot(OpYr,EUl,main="EUI and OpYr" xlab="0pYr: year",ylab="EUI: kBtu/ft2")

abline( Im(EUI~OpYT))

scatterplot(EUI~OpYT|StTy, data=conv,xlab="0pYT: year", ylab="EUI:
kBtu/ft2",main="EUI and Operating Year",smoother=FALSE,boxplots="x",legend.title="Store
Type")

abline(Im(EUI~OpYT),col="blue",Ity=2)

##CDD
plot(CDD,EUl,main="EUI and CDD",xlab="CDD: °F",ylab="EUI: kBtu/ft2")

abline(Im(EUI~CDD))

##HDD
plot(HDD,EUI,main="EUI and HDD" xlab="HDD: °F",ylab="EUI: kBtu/ft2")

abline( Im( EUI~HDD) )

##Hour

scatterplot(EUI~Hour|StTy, data=conv,xlab="Hour: hr", ylab="EUI:
kBtu/ft2",main="EUI and Operating
Hours",smoother=FALSE,boxplots=FALSE,legend.title="Store Type")

abline( Im(EUI~OpYT),col="blue" Ity=2)

##Fuel Dispenser
boxplot(EUI~Fdis,data=conv, main="EUI and Fdis", xlab="Number of Fuel Dispensers",

ylab="EUI: kBtu/ft2")
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scatterplot(EUI~Fdis|StTy, data=conv,xlab="FDis: #", ylab="EUI: kBtu/ft2",main="EUI

and Number of Fuel Dispensers”,smoother=FALSE,boxplots=FALSE,legend.title="Store Type")

abline( Im(EUI~Fdis),col="blue",Ity=2)

#HHWWTP

res.y <- Im( EUIl ~ BAS + MerNum + OpYr + HDD + CDD + FA + Remodel + Fdis +
PumpSt + Restrm + StTy + State, data=conv)$res

boxplot(res.y~WWTP,data=conv, main="EUI for With VS Without Waste Water
Treatment Plant”, ylab="EUI")

boxplot(EUI~-WWTP,data=conv, main="EUI and Waste Water Treatment Plant",

ylab="EUI: kBtu/ft2",names=c("Without Plant","With Plant"))

##BAS

res.y <- Im( EUI ~ StTy + MerNum + OpYr + HDD + CDD + FA + PumpSt + Fdis +
Restrm + State + Remodel + WWTP, data=conv)$res

boxplot(res.y~BAS,data=conv, main="EUI for BAS VS NONBAS", ylab="EUI")

boxplot(EUI~BAS,data=conv, main="EUI and Building Automation System",

ylab="EUI: kBtu/ft2")

##Remodel

res.y <- Im( EUl ~ BAS + MerNum + OpYr + HDD + CDD + FA + PumpSt + Fdis +
Restrm + State + StTy + WWTP, data=conv)$res

boxplot(res.y~Remodel,data=conv, main="EUI for Remodel VS Non-Remodel",

xlab="1for Remodel, 0 for Non-Remodel", ylab="EUI")
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boxplot(EUI~Remodel,data=conv, main="EUI and Remodel", ylab="EUI:

kBtu/ft2",names=c(""Without Remodeling","With Remodeling"))

##PumpSt

res.y <- Im( EUI ~ BAS + MerNum + OpYr + HDD + CDD + FA + Remodel + Fdis +
Restrm + State + StTy + WWTP, data=conv)$res

boxplot(res.y~PumpSt,data=conv, main="EUI for With VS Without Pump Station",
ylab="EUI")

boxplot(EUI~PumpSt,data=conv, main="EUI and Pump Station", ylab="EUI:

kBtu/ft2" ,names=c("Without PumpSt","With PumpSt"))

##Restrm

res.y <- Im( EUl ~ BAS + MerNum + OpYr + HDD + CDD + FA + Remodel + Fdis +
PumpSt + State + StTy + WWTP, data=conv)3$res

boxplot(res.y~,data=conv, main="EUI for Private VS Public Restroom", ylab="EUI")

boxplot(EUI~Restrm,data=conv, main="EUI and Restroom", ylab="EUI: kBtu/ft2")

##State

res.y <- Im( EUI ~ BAS + MerNum + OpYr + HDD + CDD + FA + Remodel + Fdis +
PumpSt + Restrm + StTy + WWTP, data=conv)$res

boxplot(res.y~State,data=conv, main="EUI for Remodel VS Non-Remodel",
ylab="EUI")

boxplot(EUI~State,data=conv, main="EUI and State", ylab="EUI: kBtu/ft2")

##Correlation between variables
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X <- chind( conv$OpYT, conv$FA, conv$MerNum, conv$HDD, conv$CDD, conv$Fdis,

conv$BAS,conv$Remodel, conv$State,conv$StTy, conv$PumpSt,conv$WWTP,conv$Restrm)
cor(x)
x.scaled=scale(x)
names(x.scale)

is.matrix(x)

## Compute R"2 and VIF's: Check for multicolinearity

R2.table <- matrix( NA, 13, 2) # to hold the results

dimnames(R2.table) <- list(c("OpYTr", "FA", "MerNum", "HDD", "CDD", "Fdis", "BAS",
"Remodel", "State", "Hour", "PumpSt", "WWTP", "Restrooms"),c("R2","VIF") )

n <- nrow(x)

for(jin 1:13 ){

tmp <- Isfit( x[,-j], X[,j])

SSTot <- (n-1) * var( x[,j])

SSErr <- sum( tmp$res”2 )

R2 <-1 - SSErr/ SSTot

VIF<-1/(1-R2)

R2.table[j,1] <- R2

R2.table[j,2] <- VIF}

R2.table

##Model selection and analysis

#Using only one training data
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model.result=Im(EUI~ HDD + CDD +OpYr +FA + MerNum + Hour + Fdis +BAS +

Remodel + PumpSt + Restrm + State+ WWTP, data=conv)
summary(model.result)
library(ISLR)
library(leaps)
regfit.full=regsubsets(EUI~FA + MerNum + OpYr + HDD + CDD + Hour + Fdis+BAS
+ Remodel + PumpSt + Restrm + State+ WWTP, data=conv)
reg.summary=summary(regfit.full)
par(mfrow=c(2,2))
plot(reg.summary$rss,xlab="number of variables",ylab="RSS" ,type="1")
plot(reg.summary$adjr2,xlab="number of variables",ylab="Adjusted R-sq",type="1")
plot(reg.summary$cp,xlab="number of variables",ylab="cp" type="1")
plot(reg.summary$bic,xlab="number of variables",ylab="BIC" type="1")

coef(regfit.full,8)

#Cross validation
predict.regsubsets=function(object,newdata,id,...){
form=as.formula(object$call[[2]])
mat=model.matrix(form,newdata)
coefi=coef(object,id=id)

xvars=names(coefi)

mat[,xvars]%*%coefi

¥

k=10



set.seed(1)
folds=sample(1:k,nrow(conv),replace=TRUE)

cv.errors=matrix(NA k,8,dimnames=list(NULL,paste(1:8)))

for (j in 1:k){

best.fit=regsubsets(EUI~MerNum + FA + OpYr + HDD +CDD + StTy +
WWTP,data=conv[folds!=j,])

for (i in 1:8){

pred=predict(best.fit,conv[folds==j,],id=i)

cv.errors[j,i]J=mean((conv$EUI[folds==j]-pred)"2)

}

}

mean.cv.errors=apply(cv.errors,2,mean)
mean.cv.errors

par(mfrow=c(1,1))
plot(mean.cv.errors,type="b")
coef(best.fit,4)

coef(best.fit,5)

coef(best.fit,6)

#Analysis of residuals
par(mfrow=c(1,1))

fitted <- finalmodel$fitted
res.st=rstandard(finalmodel)

plot(fitted,res.st , main="Standardized residuals versus fitted values")
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lev <- Im.influence(finalmodel)$hat

plot( lev, res.st, main="Standardized residuals versus Leverages")
p <8

n <- nrow(conv)

abline( v =2*p/n)

abline( v=3*p/n)

abline( v =5*p/n)

identify(lev,res.st)

abs.res <- abs(res.st)

plot (fitted, abs.res)

abline (Isfit(fitted, abs.res))

COOKS <- cooks.distance(finalmodel)

round(COOKS,1)

# Gamma fit

ratio=conv$EUI/fitted

y=(1:292)/292

ratiol=sort(ratio)

plot(ratiol,y,xlab="Efficiency Ratio",ylab="Cumulative Percent",main="Fuel Type
Convenience Store Distribution™)

library(MASS)

fitdistr(ratio, ‘gamma’)

dx=seq(0.5,1.5, len=1000)

points(dx, pgamma(dx, shape=184.14780, rate=184.07988), pch=20,cex=0.5,col=2)



abline(h=0.25,col=3)
p=seq(0,1,len=11)

g=qgamma(p,shape=184.14780, rate=184.07988)
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Appendix B

Store Energy Performance Rankings

Full list of fuel type stores of the fleet from the poorest performers to the most energy

efficient ones.

Rank (Wasteful Energy

to Efficient) Ratio Site#
1 1.275248 266
2 1.19825 382
3 1.186791 158
4 1.185087 959
5 1.167074 840
6 1.154671 205
7 1.152164 909
8 1.149266 915
9 1.143953 208
10 1.143099 | 8501
11 1.137269 275
12 1.124662 369
13 1.123914 | 8027
14 1.121469 | 8617
15 1.117104 973
16 1.114886 854
17 1.112079 920
18 1.108623 981
19 1.108199 929
20 1.098905 664
21 1.098333 088
22 1.098279 120
23 1.097896 670
24 1.096829 | 8014
25 1.095935 653
26 1.094781 299
27 1.093563 170
28 1.093507 989
29 1.091355 658




30 1.091062 979
31 1.089091 | 8608
32 1.088944 696
33 1.087296 380
34 1.084267 565
35 1.084027 | 8021
36 1.080486 984
37 1.078763 201
38 1.077329 | 8603
39 1.076869 970
40 1.076395 941
41 1.076239 | 8302
42 1.074038 598
43 1.073805 | 8033
44 1.071029 | 8309
45 1.070299 934
46 1.068119 651
47 1.065298 274
48 1.065171 | 8307
49 1.064828 676
50 1.064737 | 8613
51 1.061785 967
52 1.061728 148
53 1.061652 | 8019
54 1.061239 961
55 1.060296 289
56 1.059795 547
57 1.057532 584
58 1.057519 843
59 1.056058 652
60 1.055813 694
61 1.055327 | 8036
62 1.05532 8300
63 1.054233 845
64 1.052897 759
65 1.051761 947
66 1.051634 553
67 1.050638 937
68 1.049898 | 8604
69 1.049724 675
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70 1.049613 260
71 1.048353 | 8305
72 1.045718 997
73 1.043997 927
74 1.043422 558
75 1.043008 975
76 1.042776 559
77 1.041708 599
78 1.041005 | 8024
79 1.040286 | 8049
80 1.038564 159
81 1.038215 657
82 1.037678 858
83 1.036262 567
84 1.03533 926
85 1.035164 | 8011
86 1.034339 | 8605
87 1.034206 | 8032
88 1.033712 974
89 1.032743 669
90 1.032573 597
91 1.032517 590
92 1.032345 956
93 1.031723 699
94 1.03172 8008
95 1.030307 | 8001
96 1.030279 581
97 1.02971 557
98 1.029487 672
99 1.029453 698
100 1.029109 | 8310
101 1.028972 960
102 1.028906 720
103 1.028216 580
104 1.026885 | 8018
105 1.026713 662
106 1.026523 555
107 1.02544 8037
108 1.025173 | 8602
109 1.024816 285
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110 1.024112 147
111 1.023442 660
112 1.022669 852
113 1.022638 684
114 1.022483 849
115 1.02214 268
116 1.022 936
117 1.021436 841
118 1.020494 938
119 1.019741 856
120 1.019663 595
121 1.019654 853
122 1.018652 583
123 1.018477 677
124 1.01821 667
125 1.018108 416
126 1.017018 924
127 1.016572 287
128 1.015706 980
129 1.015644 939
130 1.014794 | 8045
131 1.010522 286
132 1.010383 969
133 1.010075 | 8034
134 1.008161 288
135 1.007579 | 8306
136 1.007247 269
137 1.007052 925
138 1.005361 298
139 1.004524 562
140 1.003568 160
141 1.00292 8030
142 1.00254 978
143 1.002531 578
144 1.002148 659
145 1.001408 972
146 1.001403 668
147 1.001286 935
148 1.000718 931
149 1.000586 964
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150 0.99949 554
151 0.999156 688
152 0.998838 844
153 0.998285 695
154 0.996917 683
155 0.996647 585
156 0.995173 966
157 0.995002 | 8615
158 0.994934 586
159 0.994813 955
160 0.993602 | 8050
161 0.993229 591
162 0.992785 588
163 0.992758 943
164 0.991964 | 8042
165 0.990158 691
166 0.989856 | 8044
167 0.989465 | 8500
168 0.986661 371
169 0.986628 982
170 0.986469 990
171 0.985391 589
172 0.984689 859
173 0.984608 459
174 0.984557 | 8053
175 0.984512 563
176 0.983544 245
177 0.983395 | 8609
178 0.983308 | 8038
179 0.982929 940
180 0.982928 932
181 0.980892 996
182 0.979639 569
183 0.978854 | 8047
184 0.978535 465
185 0.97727 486
186 0.977117 | 8046
187 0.976841 115
188 0.975637 | 8311
189 0.974793 593
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190 0.972978 851
191 0.972036 157
192 0.971193 855
193 0.969555 566
194 0.968789 965
195 0.967227 556
196 0.966511 673
197 0.966076 98

198 0.965728 | 8612
199 0.965588 758
200 0.9655 682
201 0.965342 944
202 0.965004 674
203 0.964479 85

204 0.964272 | 8020
205 0.963928 | 8035
206 0.963735 | 8606
207 0.963648 198
208 0.963131 282
209 0.962583 957
210 0.962483 994
211 0.962224 985
212 0.962127 729
213 0.961235 690
214 0.959224 561
215 0.958869 166
216 0.956469 933
217 0.956014 295
218 0.955609 665
219 0.955183 271
220 0.954916 952
221 0.954574 118
222 0.952948 | 8304
223 0.952865 577
224 0.95283 8600
225 0.952336 | 8005
226 0.951245 572
227 0.950771 687
228 0.948802 679
229 0.948151 | 8007
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230 0.947478 834
231 0.944908 656
232 0.943364 946
233 0.94329 692
234 0.942703 141
235 0.942611 697
236 0.941903 | 8015
237 0.940286 721
238 0.939975 | 8040
239 0.938619 | 8052
240 0.937219 850
241 0.935428 654
242 0.935426 134
243 0.935097 276
244 0.932972 277
245 0.931011 689
246 0.930922 270
247 0.930449 | 8010
248 0.929428 | 8013
249 0.92929 8618
250 0.926008 837
251 0.924389 | 8006
252 0.924184 998
253 0.924053 678
254 0.923161 | 8308
255 0.923092 857
256 0.920415 655
257 0.918998 995
258 0.918242 153
259 0.917555 146
260 0.917345 219
261 0.91318 573
262 0.912365 991
263 0.910504 | 8025
264 0.910042 848
265 0.908779 953
266 0.906294 693
267 0.906181 951
268 0.902918 284
269 0.902381 963
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270 0.902265 671
271 0.900981 81
272 0.900279 685
273 0.896018 297
274 0.890356 838
275 0.890136 983
276 0.884868 999
277 0.883424 587
278 0.882612 281
279 0.882599 461
280 0.88143 143
281 0.87878 592
282 0.873096 | 8303
283 0.868953 976
284 0.868118 958
285 0.853774 663
286 0.84697 8051
287 0.845356 794
288 0.844215 942
289 0.831811 948
290 0.787104 968
291 0.76633 582
292 0.710601 480

The following table lists non-fuel type stores of the fleet from the poorest performers to

the most energy efficient ones.

Rank (Wasteful Energy
to Efficient) Ratio Site#

1 1.282128 133
2 1.231594 25
3 1.231529 916
4 1.198843 842
5 1.166487 730
6 1.153815 9

7 1.147833 468
8 1.143436 30
9 1.140534 452
10 1.134446 174
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11 1.133361 207
12 1.129727 200
13 1.126873 31

14 1.12591 358
15 1.125764 817
16 1.125696 811
17 1.12427 471
18 1.122119 831
19 1.118775 819
20 1.115356 411
21 1.113624 771
22 1.109804 106
23 1.10939 29

24 1.106523 300
25 1.104581 836
26 1.099656 226
27 1.099383 398
28 1.099327 212
29 1.09298 743
30 1.092625 156
31 1.088268 96

32 1.083611 116
33 1.082558 366
34 1.082146 418
35 1.082095 317
36 1.082069 829
37 1.081175 748
38 1.079868 446
39 1.079534 923
40 1.077383 725
41 1.077234 185
42 1.075504 267
43 1.075362 736
44 1.074373 216
45 1.073015 337
46 1.071079 103
47 1.069991 373
48 1.069312 178
49 1.067545 74

50 1.065051 84
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51 1.064773 179
52 1.064291 12

53 1.064283 429
54 1.063228 187
55 1.060693 801
56 1.060552 204
57 1.059792 388
58 1.057314 309
59 1.056229 780
60 1.055746 732
61 1.053794 919
62 1.053559 387
63 1.051267 112
64 1.050561 72

65 1.048383 476
66 1.04754 763
67 1.047034 34

68 1.046272 66

69 1.045429 323
70 1.044521 234
71 1.042486 301
72 1.041819 211
73 1.041655 331
74 1.041646 294
75 1.041442 345
76 1.04138 401
77 1.040547 344
78 1.038273 108
79 1.038095 173
80 1.035772 798
81 1.035046 731
82 1.034332 746
83 1.034029 152
84 1.03384 188
85 1.033421 197
86 1.033184 914
87 1.033149 954
88 1.032643 494
89 1.032563 911
90 1.031237 482
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91 1.030207 377
92 1.029185 240
93 1.029146 232
94 1.028881 291
95 1.02864 365
96 1.028562 14

97 1.028201 427
98 1.027609 778
99 1.02727 790
100 1.027122 213
101 1.02528 181
102 1.023912 912
103 1.023497 488
104 1.02284 753
105 1.022806 100
106 1.021903 413
107 1.020321 714
108 1.020312 155
109 1.019832 79

110 1.018951 439
111 1.017605 165
112 1.016458 105
113 1.015116 125
114 1.015064 777
115 1.015011 701
116 1.015009 532
117 1.014321 57

118 1.013114 376
119 1.012983 60

120 1.011959 221
121 1.010138 89

122 1.01004 24

123 1.009994 35

124 1.009578 479
125 1.009531 239
126 1.008834 252
127 1.007391 457
128 1.007323 119
129 1.007149 223
130 1.006276 745
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131 1.005905 347
132 1.004952 273
133 1.00264 435
134 1.000543 168
135 0.999515 6
136 0.999408 23
137 0.998834 265
138 0.998708 438
139 0.99541 67
140 0.995248 19
141 0.995164 256
142 0.995112 59
143 0.995024 101
144 0.994111 412
145 0.994028 383
146 0.992014 346
147 0.991807 55
148 0.991585 444
149 0.991528 154
150 0.990631 77
151 0.990614 497
152 0.988756 733
153 0.987756 343
154 0.986684 128
155 0.986462 203
156 0.986118 492
157 0.984619 229
158 0.983407 54
159 0.983351 485
160 0.982902 372
161 0.982661 111
162 0.980315 171
163 0.979948 723
164 0.979819 718
165 0.979706 306
166 0.978144 499
167 0.977655 196
168 0.97723 719
169 0.97524 442
170 0.975183 45
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171 0.974148 257
172 0.970992 7
173 0.969993 360
174 0.968604 235
175 0.96837 362
176 0.968296 809
177 0.968229 88
178 0.967898 744
179 0.966922 830
180 0.965718 374
181 0.965385 322
182 0.964893 254
183 0.964311 262
184 0.964197 184
185 0.962984 949
186 0.962976 740
187 0.962875 828
188 0.962129 433
189 0.960684 681
190 0.960638 810
191 0.960343 551
192 0.959772 750
193 0.958383 825
194 0.95798 754
195 0.957501 61
196 0.957451 473
197 0.95674 68
198 0.956482 183
199 0.955876 735
200 0.95416 193
201 0.953484 395
202 0.953291 329
203 0.952391 70
204 0.951998 236
205 0.951612 342
206 0.950082 917
207 0.946035 38
208 0.945971 823
209 0.945305 378
210 0.945105 218
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211 0.943507 | 8009
212 0.94316 247
213 0.94298 434
214 0.942957 779
215 0.942394 391
216 0.941579 826
217 0.939198 56
218 0.937777 423
219 0.937587 455
220 0.936673 1
221 0.934988 549
222 0.933921 97
223 0.932942 441
224 0.93263 253
225 0.932163 396
226 0.929852 142
227 0.929604 238
228 0.928145 767
229 0.926397 477
230 0.925456 470
231 0.924403 215
232 0.916055 135
233 0.915306 39
234 0.914855 222
235 0.913696 8
236 0.909169 87
237 0.903917 739
238 0.902326 191
239 0.896892 43
240 0.896028 349
241 0.894113 11
242 0.891717 392
243 0.8892 137
244 0.88761 816
245 0.886044 702
246 0.884096 242
247 0.882865 355
248 0.881753 107
249 0.871241 348
250 0.869589 722
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251 0.866364 773
252 0.859016 713
253 0.847327 749
254 0.846286 784
255 0.822253 21

256 0.815922 977
257 0.803635 460
258 0.796552 781
259 0.789473 352
260 0.67185 495
261 0.565948 73

262 0.521863 40
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