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Abstract 
Quantifying building energy efficiency is essential to prioritizing investments and 

monitoring energy efficiency programs for utilities and large-scale facility managers. 

Two inherent challenges of quantifying energy efficiency are (a) energy consumption 

is influenced by many different factors, some of which are outside the scope of 

influence or interest of users to change; and (b) energy consumption is highly variable, 

hence energy efficiency can also considerably change over time. The contribution of 

my research is a computational method that utilizes smart meter data to rank 

buildings’ energy efficiency while (a) removing the effect of factors that are outside 

the scope of influence and interest of users to change, and (b) accounting for the 

fluctuation in energy consumption, by specifying a confidence interval for energy 

efficiency estimates. Particularly, I extend frontier methods for energy efficiency 

ranking by developing Stochastic Energy Efficiency Frontiers (SEEF), a method to 

estimate the uncertainty in efficiency rankings and validate the functional form of the 

frontier. I validate the power and generality of my method using three data sets in 

residential and commercial settings. I demonstrate how SEEF helps identify factors 

that drive energy efficiency, and use its result to identify interventions that contribute 

to improvement to energy efficiency. For instance, in residential buildings, SEEF 

results validate that certain efficient features such as double-pane windows are more 

correlated with higher efficiency ranks, while other factors such as programmable 

thermostats have a smaller impact on rankings. The results of my research will enable 

practitioners to compare energy efficiency of buildings more accurately, and to 

compare them over time. 
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Shapiro, 2011). Ranking energy efficiency is essential to the improvement of energy 

performance and prioritization of investments, and is a crucial step in planning, 

monitoring, and verifying energy efficiency programs. 

1 Building Energy Efficiency Ranking: Definition, Goals, and Requirements 

Building energy efficiency ranking is an ongoing review of energy performance to 

determine if a building is getting better or worse compared to itself or other buildings 

in the portfolio1.  

The problem of ranking buildings’ energy efficiency follows two goals: (a) identify 

efficient and inefficient buildings, and (b) understand what drives efficiency or 

inefficiency. The former guides the selection of buildings to retrofit, and the latter 

informs the focus of energy efficiency policies and the choice of retrofit projects to 

implement on selected buildings. 

Furthermore, energy efficiency ranking methods need to be actionable and unbiased. 

To be actionable, ranking methods need to not only rank buildings based on their 

energy performance, but also to help practitioners make decisions and take specific 

actions to improve the energy efficiency of buildings. The actions inferred from the 

ranking methods need to be feasible and within the control and interest of the users to 

change. For example, as Chapter 3 of the thesis explains, my research shows that 

families with pets consistently use more energy than similar families without a pet. 

                                                            
1 In this thesis, the terms “building energy efficiency ranking”, “quantifying energy 
efficiency”, and “benchmarking” are used interchangeably, and are sometimes 
abbreviated as “ranking methods”. 
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However, the suggestion to encourage families with pets to switch to not having a pet 

is not practical. On the other hand, the conclusion that buildings with programmable 

thermostats only use slightly less energy than similar houses without programmable 

thermostats can be a valuable insight in prioritizing energy efficiency investments and 

resource allocation. Therefore, an actionable ranking method should remove the effect 

of immutable factors before ranking buildings, and find the correlation of energy 

efficiency rankings with other factors after ranking. Chapter 4 of the thesis explains 

this process in detail. 

To be unbiased, ranking methods need to remove the effect of random fluctuations of 

energy consumption or inherent advantages of users (such as enjoying favorable 

weather or a particular lifestyle) from energy efficiency ranks. The effect of inherent 

advantages on energy consumption can be removed together with removing the effect 

of immutable factors, as explained above. The effect of random fluctuations can be 

accounted for by providing a measure of the uncertainty of the ranks. This process is 

explained in Chapter 3 of the thesis, and illustrated using an example in Chapter 4. 

In short, an unbiased and actionable ranking method should remove the effect of 

certain inherent and immutable variables and account for the effect of random 

fluctuations in energy consumption in its estimates of energy efficiency. 

Prior to the introduction of Advanced Metering Infrastructure (AMI), monthly bills 

used to be the only source of information on energy consumption of residential and 

small to medium businesses. Recently, the deployment of smart meters has enabled 

utilities and building owners to have access to a wealth of consumption data to better 
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account for the effects mentioned above. However, computational methods to process 

smart meter data and generate energy efficiency rankings that are actionable and 

unbiased are missing. The contribution of my doctoral research is a computational 

method to utilize smart meter data to improve building energy efficiency ranking, 

called the Stochastic Energy Efficiency Frontiers (SEEF) method.  

In the next sections of this chapter, I will explain the existing methods for building 

energy efficiency ranking and identify their shortcomings which led to my research 

questions. I then describe the research tasks to address those research questions and 

explain my claimed contributions.   

2 Background on Residential Building Energy Consumption 

A building can be modeled as a dynamic system: it receives energy in the form of 

electricity, gas, etc. and provides a range of services such as air conditioning, 

refrigeration, and lighting to its occupants. The input-output relationship between 

energy consumption and services is influenced by several internal and external factors 

such as climate, building size and type, appliances, and behavior. At another level of 

influence, the socioeconomic and demographic status of the household can affect the 

building size and type, appliance selection, and behavior towards energy consumption 

and efficiency (Figure 2). 
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 ௡: Appliance Ownership Index of user nܫܱܣ

 ௜,௡: the count of appliance i that the household n ownsܣ	

 ௜: expected (industry average) energy consumption of appliance iܧ

ܫܱܣ ∗௡ൌ max௡	/	௡ܫܱܣ  ௡      (Normalized to range [0,1] )ܫܱܣ

 

Having established a simple model of energy consumption in buildings, I will provide 

a review of the most important energy efficiency benchmarking methods.   

3 A Review of Benchmarking Methods 

Building energy efficiency benchmarking methods can be categorized and compared 

based on different metrics and characteristics. For example, at a very high level, 

benchmarking methods are divided into longitudinal and cross-sectional methods 

(Granderson, 2011). Longitudinal methods compare a building with its own 

performance over time, while cross-sectional methods compare a group of buildings, 

normally all within the same time interval. Longitudinal benchmarking methods are 

primarily used in measurement and verification (M&V) of savings after energy 

efficiency programs. Cross-sectional methods, on the other hand, compare the energy 

efficiency of buildings at a particular point in time. In the rest of this thesis, whenever 

I use the term benchmarking, I refer to cross-sectional benchmarking. 

Another common division of benchmarking methods is theoretical versus empirical. 

Theoretical methods compare buildings’ performance with a theoretical model of the 

building, while empirical models compare observed values of energy consumption. 
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Theoretical models can be further categorized based on the type of the computations 

involved; e.g., thermodynamic, and statistical models.  

Table 1 summarizes the building ranking categories described above. A more detailed 

comparison of theoretical and empirical benchmarking methods is offered in the 

following section. 

Table 1 - A classification of benchmarking methods.  

Benchmarking 
Basis 

Type of 
Benchmark 

Method Example 

Longitudinal Theoretical 
Thermodynamic EnergyPlus 

Statistical IPMVP 

Cross-Sectional 

Theoretical 
Thermodynamic EnergyPlus 

Statistical Energy Star 

Empirical 

Index Model Energy Intensity Method 

Frontier Model Data Envelopment 
Analysis 

 

3.1 Theoretical Benchmarking Models 

Theoretical benchmarks are hypothetical cases that are calculated using engineering, 

thermodynamic, or statistical methods using a theoretical understanding of the 

relationship between energy consumption and its determining factors (Clevenger et al. 

2012). These models utilize buildings’ design information and industry averages of the 

fixtures, as well climate and assumptions about occupant behavior to predict energy 

usage (Xydis et al., 2008). For example, Griffith & Crawley (2006) explain a method 

for estimating the technical potential for energy efficiency in buildings using detailed 
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energy modeling. Thermodynamic models create a detailed thermodynamic (bottom-

up) model of the building, while statistical models create a top-down statistical model 

of the building based on a few variables such as weather and occupancy.  

Statistical models use historical data to create a statistical model that predicts energy 

consumption of the average building based on building characteristics and climate. 

Then, the measured energy consumption of the building of interest is compared with 

the consumption of the average building. Any deviation from the average building is 

assumed to be due to the efficiency or inefficiency of the building of interest. For 

instance, Energy Star is a regression-based method for quantifying energy efficiency 

(EPA, 2012). It compares the energy consumption of a building to the average 

building of similar characteristics, calculated using a regression model. For office 

buildings, the regression model has the following seven variables: square foot, number 

of occupants, operating hours, number of workers per square foot, location and the 

amount of conditioned and heated space. The majority of statistical methods depend 

on regression models, and hence are limited by the shortcomings of ordinary 

regression (e.g. Atkinson, 1982; Riani & Atkinson, 2000; Savage, 2009). For example, 

single-building consumption models have reported errors of up to 41% (NREL, 2011).  

Depending on the level of detail of the model, availability of reliable data, quality of 

assumptions, and the accuracy of the simulation engine, theoretical models can be 

very accurate in identifying sources of inefficiency in a building (Griffith & Crawley, 

2006; Pisello et al. 2012; Waltner et al., 2012; Goldstein, 2012). However, such 
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detailed models are time and skill intensive to build and maintain, hence cost 

prohibitive in most instances (Patterson 1995; Yezioro et al. 2008; Maile, 2009).  

3.2 Empirical Benchmarking Models 

Empirical models utilize measured data (usually from a population of buildings) to 

compare and rank building energy efficiency. These models can be based on 

comparing a few metrics across buildings (e.g., energy per square foot); or, they can 

be based on the identification of the most efficient buildings and comparing all other 

buildings with them (e.g., frontier models). While empirical models use a realistic 

benchmark against which to compare any building, they can be limited by data 

availability. With the advent of Advanced Metering Infrastructure (AMI) and 

development of statistical methods specialized for analyzing AMI data, empirical 

models are becoming more practical for benchmarking purposes. Two important 

empirical models that will be explained in more detail in the following sections are 

Index Models and Frontier Models. 

3.2.1 Index Models 

The most common form of empirical models are Index Models. Index Models 

compare a common metric such as energy per square foot across different buildings. 

Some other examples of metrics that have been used in Index Models are aggregate 

energy consumption as reported by the meter, normalized energy consumption (i.e., 

the effect of weather and seasonal effects are removed), and energy intensity metrics 

(energy consumption divided by floor area, number of occupants, heating/cooling 

degree days, etc.). Index Models have also been used for macro-level analysis 
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purposes (for a review, see Phylipsen et al., 1997). These macro-level indices 

decompose the energy consumption of a unit (be it a building, a city, an industry, or a 

country) and then quantify its energy efficiency based on that decomposition, hence 

the title “Index Decomposition Analysis”. Some examples of Index Decomposition 

Analysis metrics are: Divisia index, Laspeyres index, Malmquist Factor index. For 

more detailed analysis of the pros and cons of each index, see Boyd et al. (1988) and 

Greening et al. (1997). 

In the absence of detailed data, Index Models need to make strong assumptions about 

the dynamics of energy consumption without having enough data to validate such 

assumptions. For example, a common assumption behind Index Models is the 

assumption of linearity of relationship between consumption and metrics such as floor 

area (e.g., when using energy per square foot as a comparison metric). Such 

assumptions often ignore the complexities of energy consumption processes in 

buildings. For example, Schipper (1983) questioned the value of using energy 

intensity (energy per square foot) to compare energy efficiency and calls for more 

comprehensive energy efficiency indices. Battles (1997) summarized the challenges in 

defining indices for measuring energy efficiency. Particularly, Battles highlighted data 

limitations and diversity of possible energy-efficiency indicators (i.e., diversity of 

metrics by which owners perceive the value of their buildings) as major challenges in 

defining a uniform energy efficiency index. Moreover, Amory Lovins (2004) 

summarized the complexity of energy efficiency measurement by highlighting how 

different users get different utilities from using energy fixtures. Huntington (1995) 

described the challenges in quantifying energy efficiency and the shortcomings of 
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Index Models. He suggested the use of non-parametric models (such as frontier 

models) to deal with those complexities and shortcomings. Previous research has also 

shown that buildings are not linear systems, and as buildings grow in size, the 

processes with which they consume energy changes (Kavousian et al. 2012). For 

instance, the volume of the house may increase with a different rate than the square 

footage; or, the penetration of certain equipment such as pools will change as the size 

changes. Another example of how and Index Model such as energy per square foot can 

be a misleading metric is the comparison of two coffee shops, one being frequently 

busy and filled by people who spend longer time there, while the other one being 

mostly quiet and with fewer customers. The first coffee shop in this case is expected to 

use more energy and should not be penalized for using more energy serving more 

customers. Frontier methods solve this problem by comparing the energy consumption 

of buildings of the same service level. 

Another class of empirical benchmarking models, called Frontier Methods, quantify 

the energy efficiency of buildings by forming an efficient frontier (best-practice 

technology) and comparing all buildings against that frontier. Frontier methods offer 

several advantages over other empirical models, and will be discussed in more detail 

in the following section.  

3.2.2 Frontier Methods 

Frontier methods have been used in finance and economics to specify a tradeoff 

between two or more metrics, such as returns versus risk or output versus input 

(Pareto, 1906; Farrell, 1957). As described in previous sections, in a buildings context, 
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Level of Service (LOS) of a building can be used as a proxy for the output of the 

building, while energy consumption can be used as a proxy for the input to the 

building. Frontier methods for energy efficiency benchmarking are based on the 

tradeoff between energy and LOS. 

As Figure 3 illustrates, the plot of LOS versus normalized energy consumption (the 

effect of weather and seasonal effects are removed from consumption). LOS values 

are calculated as explained above: a building with LOS of 1 has the highest appliance 

ownership index in the set (estimated based on energy intensity of appliances); 

therefore, it is expected to consume the most amount of energy on its appliances 

across the entire data set. A building with LOS of 0.5 is expected to consume half as 

much appliance energy as the building with LOS of 1, and so on. The figure shows a 

general increase in energy consumption for increase in LOS. However, for any given 

LOS, there is a minimum energy consumption level achievable. This minimum energy 

level for a given LOS can be represented by a boundary, which I call energy efficiency 

frontier. 
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input measurements. However, Simar and Wilson’s method did not consider the case 

of repeated measurements. 

DEA has been applied to energy efficiency ranking too. For example, Huntington used 

DEA to assess the productivity of US firms using energy and capital as inputs and 

products, goods, and services as outputs (Huntington, 1994). Carnes used DEA to 

estimate energy efficiency of Texas State universities based on course credits and 

research expenditure in each building (Carnes et al., 1998). Onut and Soner (2000) 

estimated the efficiency of five-star hotels in Antalia, Turkey, using occupancy, 

revenue, and number of guests as outputs and energy, water, and number of employees 

as inputs. DEA has also been applied to administrative buildings in Taiwan (Lee & 

Lee, 2008) and residential buildings in the US (Grosche, 2009). 

3.2.3 A Comparison of Frontier Methods with Other Empirical Benchmarking 

Methods 

Frontier methods are based on the basic definition of energy efficiency, which is 

“doing more using less” (Gillingham et al., 2009). Normally, energy managers and 

energy efficiency planners are not interested in changing the services in buildings 

(e.g., removing a dish washer without replacing it with a new one). Instead, they are 

interested in keeping the LOS almost the same, while minimizing the amount of 

energy. Therefore, we are interested in managing the tradeoff between LOS and 

energy consumption. Frontier methods explicitly illustrate this tradeoff. 

Frontier methods have several advantages over existing energy efficiency 

benchmarking methods including: 
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 Frontier models compare a building to the best practice rather than average 

practice. It is often more actionable to learn from the best rather than to 

compare a building against mediocre performance.  

 Frontier methods use an input-output paradigm in suggesting actions to 

improve efficiency. For example, the efficiency of a building can be improved 

both by reducing energy consumption for a given LOS and increasing LOS 

(e.g., accommodating more occupants) for the same amount of consumption.  

 Since frontier methods are non-parametric, they relax some of the strong 

assumptions that Index Models make about the relationship of factors such as 

floor area with energy consumption.  

Benchmarking methods are commonly compared based on two metrics: complexity, 

which measures the data and expertise needed to run the benchmarking process; and 

functionality. Complexity is a measure of scalability of the method. For example, 

collecting information for modeling individual buildings in great detail is a highly 

time and skill intensive task; hence, simulation models are not very scalable beyond 

comparing a few to a dozen buildings. On the other hand, Index Models only require 

aggregate consumption and a few important features such as floor area and number of 

occupants to create a metric to compare buildings. Since collecting such information 

about thousands of buildings is not highly time or skill intensive, Index Models are 

less complex and more scalable compared to simulation models.  However, the ability 

of Index Models to make inferences about the causes of inefficiency or strategies to 

improve the efficiency of buildings is limited. Functionality is a measure of the power 

of the method to make inferences and actionable insights for future energy efficiency 
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planning. For instance, simulation models can be used to generate different scenarios 

to examine hypothetical interventions on buildings, and therefore are more functional 

compared to Index Models. In the middle of the spectrum of complexity-functionality 

lie the engineering models. Engineering models are often parametric statistical models 

that model the energy efficiency of buildings using external factors (e.g., climate) and 

internal factors (e.g., occupancy patterns). Energy Star is an example of a statistical 

model. Since these models are based on parameters and statistical models, they still 

require making assumptions about the building. Frontier models often use similar 

parameters as parametric statistical models; however, they compare buildings non-

parametrically. Thus, frontier models are relatively simpler compared to statistical 

parametric models. However, since frontier methods illustrate the tradeoff between 

energy and services, they can be used to infer ways to save energy by leveraging this 

tradeoff (Figure 5).  
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I propose a statistical method called Stochastic Energy Efficiency Frontier (SEEF) to 

estimate bias-corrected efficiency scores and their confidence intervals from measured 

data. SEEF offers several advantages over existing applications of frontier methods in 

the energy efficiency context. Most importantly, SEEF treats energy efficiency as a 

random variable and finds bias-corrected efficiency estimates and their respective 

confidence intervals based on repeated measurements. Confidence intervals of 

efficiency ranks can be used to compare the efficiency of different buildings.  

5 Structure and the Audience of the Thesis 

Chapter 2 of the thesis examines driving factors of energy consumption in buildings, 

based on the results of my study of smart meter data for 1600+ homes in the U.S. in 

2010. I examine the role of climate, building systems, appliances, and occupant 

behavior in driving energy demand using real-world data, and compare my findings 

with results from previous studies. By the end of Chapter 2, readers will gain an 

appreciation of the power and limitations of data-driven energy management methods, 

and the importance of accounting for the effect of internal and external factors when 

ranking building energy efficiency. Furthermore, Chapter 2 establishes data 

requirements, analysis options, and potential insights from statistical analyses of 

building consumption data. This work has been peer-reviewed and published in the 

Energy journal in 2013.  

Chapter 3 incorporates the core contribution of my thesis, which is the algorithm 

behind the Stochastic Energy Efficiency Frontier (SEEF). I start the chapter with a 

critical review of existing benchmarking methods and in particular the application of 
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frontier methods in building energy efficiency. Next, I explain the SEEF algorithm to 

calculate the confidence interval for efficiency estimates. Finally, I present the results 

of applying SEEF to a real-world case study. Through the case study, I validate the 

power of SEEF, by demonstrating that SEEF is able to better profile buildings based 

on the adoption of energy efficient features. While SEEF is introduced in the context 

of residential appliance usage efficiency, it can also analyze other building types (e.g., 

commercial buildings) and other aspects of energy efficiency (e.g., total building 

energy efficiency, heating and cooling efficiency, etc.). This chapter was published in 

January 2014 issue of ASCE Journal of Computing in Civil Engineering. 

Chapters 4 and 5 serve to validate the power and generality of SEEF, by applying it to 

two different data sets of building energy consumption, one in the residential sector 

and the other in a commercial setting. The first case study (Chapter 4) presents the 

results of applying SEEF on a data set of 3600 residential customers’ electricity 

consumption (30-min interval) from July 20th, 2009 through December 26th, 2010 for a 

total of 525 days. In addition to consumption data, the data set includes a detailed list 

of dwelling characteristics, demographic, and socioeconomic status (SES) data about 

households. The household data describe (a) building structural variables, such as 

building type, insulation level, vintage, (b) buildings systems variables including type 

of water heating, cooking fuel, percent efficient light bulbs, (c) appliances ownership, 

for instance number of TV sets, refrigerators, (d) demographic and socioeconomic 

status (SES), such as number of people, age, and (e) behavioral features, including 

motivation for energy saving and energy efficient habits (or lack of them). Due to the 

diversity of behavioral and demographic factors among the households of the data set, 
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I was able to examine specific socioeconomic factors that contribute to energy 

efficiency. For example, I demonstrated that inherent demographic factors such as 

employment and home ownership have considerably larger influence on energy 

efficiency compared to self-assessed behavioral variables such as the willingness to 

make lifestyle changes to save energy. In Chapter 4, I also explain removing the 

effects of external and internal factors that influence energy consumption (e.g., 

weather and lifestyle). Therefore, this chapter validates that SEEF is both more 

unbiased and more actionable than other ranking methods. 

The second case study (Chapter 5) analyzes energy consumption and operational data 

for 120+ buildings on the campus of a technology firm in Washington, US, spanning 

from July 2008 to July 2012. The data set includes monthly energy consumption 

(electricity and gas) of individual buildings, as well as their headcount, number of 

computers, data center load, HVAC system type, and a breakdown of floor area (office 

space, data center space, café space, and warehouse). The data set also includes energy 

management data including dates and descriptions of Energy Conservation Measures 

(ECMs), retrofits, and Retro-commissioning (RCx) projects. In Chapter 5, I explain 

how SEEF results can provide actionable feedback to building energy managers, by 

examining the effects of several different energy efficiency interventions on ranking 

scores. For instance, I demonstrate that low-cost interventions such as changing 

HVAC setpoint can be more effective in long-term improvement of efficiency score 

compared to lighting projects.  
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Finally, Chapter 6 summarizes the research questions and contributions of this thesis, 

and suggests future research that can build on and extend its findings and offerings. 

The audience of this thesis include energy managers, utility energy efficiency 

planners, energy users, and researchers with an interest in data-driven energy 

efficiency. 
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Chapter 2 

Determinants of residential electricity consumption: Using smart meter data to 

examine the effect of climate, building characteristics, appliance stock, and 

occupants' behavior2 

1 Abstract 

We propose a method to examine structural and behavioral determinants of residential 

electricity consumption, by developing separate models for daily maximum (peak) and 

minimum (idle) consumption. We apply our method on a data set of 1628 households' 

electricity consumption. The results show that weather, location and floor area are 

among the most important determinants of residential electricity consumption. In 

addition to these variables, number of refrigerators and entertainment devices (e.g., 

VCRs) are among the most important determinants of daily minimum consumption, 

while number of occupants and high-consumption appliances such as electric water 

heaters are the most significant determinants of daily maximum consumption. 

Installing double-pane windows and energy-efficient lights helped to reduce 

consumption, as did the energy-conscious use of electric heater. Acknowledging 

climate change as a motivation to save energy showed correlation with lower 

electricity consumption. Households with individuals over 55 or between 19 and 35 

years old recorded lower electricity consumption, while pet owners showed higher 

                                                            
2 This chapter was first published in Energy Journal as: 
Kavousian, A., Rajagopal, R., Fischer, M. (2013) Determinants of residential electricity 
consumption: Using smart meter data to examine the effect of climate, building 
characteristics, appliance stock, and occupants' behavior. Energy, Volume 55, 15 June 2013, 
Pages 184-194, ISSN 0360-5442, http://dx.doi.org/10.1016/j.energy.2013.03.086. 
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consumption. Contrary to some previous studies, we observed no significant 

correlation between electricity consumption and income level, home ownership, or 

building age. Some otherwise energy-efficient features such as energy-efficient 

appliances, programmable thermostats, and insulation were correlated with slight 

increase in electricity consumption. 

2 Introduction 

Residential buildings consume 39% of the total electricity in the US, more than any 

other sector or building type [1]. Their electricity consumption has increased by 27% 

from 1990 to 2008 and—provided the expected efficiency gains are realized—is 

projected to increase by 18% from 2009 to 2035. To meet this demand, 223 GW of 

new generating capacity will be needed between 2010 and 2035, 75% of which is 

projected to be provided by fossil fuels [2]. Detailed planning and execution of 

demand-side energy efficiency programs is needed to reduce or stabilize residential 

electricity consumption, and to prevent its harmful impact on the environment and on 

energy security [3] and [4]. 

To effectively plan and execute energy efficiency programs, a sound understanding of 

the determinants that drive household electricity consumption (such as floor area, 

average outside temperature, and number of occupants) is needed [5]. However, 

because of lack of easily-accessible, high-resolution consumption data, underlying 

determinants of energy use and energy-related behaviors have not been extensively 

examined before [6]. 
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With growing deployment of smart meters and real-time home energy-monitoring 

services, data that allow studying such underlying determinants are becoming 

available (for examples of studies using high-resolution consumption data, see Refs. 

[7], [8] and [9]). However, the methodologies to analyze the data and infer the results 

that can be used to support decision making at the household level have not yet been 

formalized [6]. 

To address that gap, this paper proposes a methodology to analyze large data sets of 

residential electricity consumption to derive insights for policy making and energy 

efficiency programming. In particular, it offers a method to disaggregate the impact of 

structural determinants (e.g., insulation level of the residence) from behavioral 

determinants (e.g., occupant habits). As a case study, we use a large data set of 10-min 

interval smart meter data for 1628 households in the U.S. The data set is collected over 

238 days in 2010, and is supported by an extensive 114-question survey of household 

data. The household survey covers information about the climate, location, physical 

characteristics of the dwelling, appliances, and occupants. 

After a brief review of the gaps in existing literature, this paper explains our model, 

experimental data set, and the results of the our analyses. 

3 Summary of Limitations of Existing Models 

Several studies have analyzed residential electricity consumption and its determinants. 

For our purposes, we needed a bottom-up model that could make use of high-
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resolution electricity consumption data and a large set of information about the 

households. We found that most existing studies were limited in supporting our 

requirements, mostly because of: 

(a) Use of aggregate (low-resolution) consumption data: Most studies in the past have 

used monthly billing data, mainly because the advanced metering technologies of 

today were not easily accessible [10], [11], [12], [13], [14], [15], [16], [17] and [18]. 

However, residential electricity consumption has strong temporal variation, which is 

not captured with low-resolution consumption data such as monthly bills [9]. 

(b) Partial set of explanatory variables: Most previous studies have analyzed only a 

partial set of residential electricity consumption determinants; e.g., only appliance 

stock, weather conditions, or behavioral factors [19] and [20]. However, interactions 

among different factors (e.g., the relationship between weather, appliance load, 

lighting load, and heating load) offer considerable potential for improving energy 

efficiency [6]. Another limitation of some previous studies is the use of “bundle” 

variables (such as Zip Code) that combine (hence obscure) the effect of several 

underlying determinants. 

(c) No distinction between “idle” consumption of the house and peak consumption: 

Most studies in the past have either used peak consumption or the total electricity load. 

However, analyzing the lower limit of electricity consumption (i.e., idle load) gives 

valuable insights on the physical characteristics of the building. For example, a leaky 

building may have higher idle load because the heater or AC (air conditioner) needs to 

run constantly. Furthermore, as we will show in the paper, the distinction between idle 
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and maximum consumption helps to disaggregate the effect of structural and 

behavioral factors on residential electricity consumption. 

(d) Using energy intensity as the only indicator for analyzing electricity consumption: 

Most studies have used energy intensity (kWh per square foot) to compare residential 

electricity consumption [21], [22], [23], [24], [25], [26] and [27]. Scaling the 

electricity consumption by floor area implies that, for example, a refrigerator in a 2000 

sq.ft house consumes twice as much as the same refrigerator in a 1000 sq.ft house. 

Instead, we scale only those factors whose consumption is dependent on floor area 

(e.g., lighting and heating loads), and use the unscaled kWh value for other factors. 

4 Model Setup 

Our proposed model addresses the limitations of existing models by: (a) classifying 

explanatory variables based on their interaction with each other and with electricity 

consumption; (b) selecting a subset of variables that best explain electricity 

consumption; (c) using different load features (e.g., daily peak and idle load) to 

distinguish the effect of different variables on electricity consumption; and (d) using a 

stepwise method to rank explanatory variables based on their correlation with 

electricity consumption. 

4.1 Explanatory Variables 

Through a review of residential electricity consumption models and building sciences 

literature [5], we identified four major categories of determinants: 

 



Chapter 2: Determinants of Residential Electricity Consumption 

47 
 

1. Weather and location. Examples: daily outdoor temperature and climate zone; these 

determinants are normally outside the scope of influence of the household. 

2. Physical characteristics of the building. Examples: level of insulation and fuel use 

for water heating; modifying these determinants is normally considered long-term 

investments [28]. In return, the effect of such modifications is likely to persist longer. 

3. Appliance and electronics stock. Examples: the number of refrigerators or 

computers; modifying these determinants is normally considered medium to short-

term investments. 

4. Occupancy and occupants' behavior towards energy consumption: determinants in 

this category have different levels of effort and impact span. Some behavioral 

modification determinants are of short-term effort and impact (e.g., proper 

management of thermostat settings) [28]. Another group of determinants are 

associated with long-term effort and impact (e.g., purchasing energy-efficient 

appliances). Finally, some determinants in this category are outside the scope of 

interest to change (e.g., occupancy level during the day). 

Behavioral factors show strong correlation with each other, making multicollinearity 

an issue for the power and stability of the regression model. We used FA (Factor 

Analysis) [29] to remove multicollinearity of the variables, and identified latent 

variables that are not captured by direct behavioral questions. Factor Analysis reduces 

the number of variables by replacing them by potentially lower number of linear 

combinations of original variables (called factors) while conserving as much 

information as possible. Because these factors are linear combinations of the original 
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variables, they are easy to interpret and can be assigned physical significance. In short, 

Factor Analysis identifies the set of k latent   factors (f1,f2,…,fk) that drive q   

observable variables (responses to survey questions) indexed as xt=(x1,x2,…,xq), 

where ([30]): 

ݔ ൌ ݂߉ ൅   ݑ

where Λ is the q × k matrix of factor loadings, and f and u are q × l matrices of factors 

and variances. 

While estimating Λ by the Maximum Likelihood   method, Factor Analysis identifies 

a rotation and a scale of Λ that contracts as many coefficients to zero as possible. 

Having a sparse matrix Λ increases the interpretability of the factor model, since any 

factor will be created using only a few observable variables, hence allowing us to 

bundle several inter-related variables and label them as a factor. 

4.2 Model Selection 

When working with a large number of explanatory variables, even after Factor 

Analysis, the number of model variables may be too large to support a model that is 

easy to interpret and statistically stable. Furthermore, it is important to identify 

variables that contribute the most to the variation in consumption to inform future data 

collection efforts. Our preferred method for model selection is stepwise selection[31] 

because (a) it ranks the variables based on their importance; and (b) in sequentially 

adding variables to the model, it minimizes multicollinearity. 
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The forward stepwise algorithm starts with the mean value of the consumption (i.e., 

the intercept) and then sequentially adds to the model the variable that best improves 

the fit, as measured by the AIC (Akaike Information Criteria [32]), given by Equation 

(2): 

ܥܫܣ ൌ 	െ2. log ܮ ൅ 2. ݂݁݀  
 

where L is the likelihood and edf is the equivalent degrees of freedom (i.e., the 

number of free parameters for usual parametric models) of fit. The backward stepwise 

algorithm starts with the full model, then sequentially drops the variables that least 

hurt the fit, as measured by AIC. Forward and backward stepwise procedures usually 

result in similar models [31]. 

4.3 Response Variables 

We considered four different features of the hourly electricity consumption data: daily 

average, minimum, maximum, and maximum-minus-minimum (also called “range”). 

Daily minimum, maximum, and average values for each user were calculated for each 

day of the experiment (238 values for each user). Then, these 238 values for each user 

were averaged over the summer and winter (partial) periods, resulting in two daily 

minimum, two daily maximum, two daily average, and two daily maximum-minus-

minimum consumption values for each user (eight values in total for each user). Then 

separate regression models were fitted to each load feature for each season (eight 

regression models). Each regression model consists of 952 response variables (one 

value for each user). 
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We used a weighted regression model to explain the variation in household electricity 

consumption. Those determinants whose contribution to electricity consumption has a 

linear relationship with floor area (e.g., insulation level) are multiplied by the floor 

area of the residence, while other variables (e.g., number of refrigerators) are included 

without a multiplier. The regression equation of our model is given by: 

	଴௝ߚ௝ݕ ൌ 	∑ 	௜௝ߚ ௜ܺ௝	
ெ
௜ୀଵ ൅	 ௝ܺ	 ൈ 	∑ 	௜௝ߚ ௜ܺ௝	

௄
௜ୀெାଵ ൅	ߝ௝	  

where y  j is the electricity consumption (kWh) of household j  , X  ij is the value of 

the determinant i   for household j  , and β  ij is the regression coefficient for that 

determinant. M   is the number of variables (household features) that do not depend on 

floor area, while K   is the total number of variables, and ɛ is the error term. 

To summarize, our method enables working with large data sets of electricity 

consumption data and extensive household surveys, by (a) using different load 

features that help to understand different aspects of consumption (e.g., long-term 

steady idle load versus short-term volatile peak load); (b) selecting a subset of 

variables that contribute the most to each load feature; (c) ranking the contribution of 

different variables to each load feature through a stepwise model; and, (d) properly 

considering the effect of floor area, by using a weighted regression model. 

4.4 Data Summary and Preprocessing 

We applied our model to a data set of 10-min interval smart meter data for 1628 

households, collected over 238 days from February 28, 2010 to October 23, 2010. 

Detailed data about household characteristics were available via a 114-questions 
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online survey, covering a wide range of characteristics including climate and location, 

building characteristics, appliances and electronics stock, demographics, and 

occupants' behavior. 

Participants were provided with a device that recorded the electricity consumption of 

the household for every 10 min and sent the data to a central server to be stored. The 

device installation and server costs were covered by the experiment administrators (for 

more details of the experiment, refer to Ref. [33]). 

Participants were employees of a technology company in Silicon Valley and 

voluntarily participated in the experiment. They all paid for their own electricity bill. 

More than 50% of the participants reported income levels higher than $150,000. 

However, it is worth mentioning that the mix of households in our study (i.e., well-

educated, upper and middle class families who are also early adopters of new 

technologies such as home energy monitoring systems) is also more likely to respond 

to energy efficiency programs by investing in energy-efficient products [34]. Hence, 

the results of our analysis can be particularly helpful to energy efficiency program 

managers and policy makers to develop programs specifically targeted towards the 

households represented by our sample. 

After collecting the data, 952 households for which reliable smart meter and survey 

data were available were selected for the analysis. Less than 3% of survey responses 

were inconsistent or missing, for which we imputed data using iterative model-based 

imputation techniques ([35] and [36]). After the initial screening, we did not observe 

any outliers in the data set. Selected households were located in 419 different Zip 
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Codes, 140 different counties, 26 different states, and were spread across all six 

climate zones defined by the Department of Energy [1]. California had the largest 

representation (53% of households) of all states in the data set. During the data 

collection process, the weather conditions in most areas where participant households 

resided were similar to the 30-year average climatic conditions; however, some areas, 

especially in the north east of the U.S., experienced slightly higher-than-normal 

temperatures [37]. Average electricity consumption in our sample lied between 

California and US averages. Some structural determinants such as household size, 

square footage of the house, and the proportion of single family detached units in our 

sample were close to US population averages [33]. 

We analyzed the consumption data at hourly level to ensure that the fluctuations in 

electricity consumption are considered, but not obscured by sudden spikes in the 

consumption. This also makes the results of our analysis comparable with those of 

previous studies on smart meter data and electricity market analysis [38]. 

We transformed some variables to better reflect the technical characteristics of 

buildings. For example, we transformed the construction year to a categorical variable 

that indicated the residential building code that was effective at the time of the 

construction (i.e., different revisions of ASHRAE 90.2 [1]). We also included a 

categorical variable for House Size to capture the effects of the floor area that are not 

completely explained by square footage. For example, when a building's floor area 

passes a certain threshold, the type of structural and architectural material that is used 

in the building often changes significantly. Since we do not have a separate variable 
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for floor area and are not dividing the electricity consumption of the dwelling by its 

floor area, introducing the House Size variable does not create a multicollinearity 

problem (Table 1). 

 

Table 2 - Summary statistics of the daily maximum, minimum, and average hourly 
consumption, averaged overall users in the case study. The variability in daily minimum 
hourly consumption is the lowest, and that of the daily maximum is the largest. 

Variable No. of 
days 

Min Median Mean Max Standard 
Dev. 

Daily 
minimum, 
kWha 

238 0.2 0.4 0.4 0.5 0.039 

Daily 
average, 
kWha 

238 0.5 0.8 0.9 1.2 0.1 

Daily 
maximum, 
kWha 

238 1.7 2.5 2.5 3.5 0.256 

 

The household survey included 40 questions on the attitudes of occupants towards 

energy consumption. Using Factor Analysis as was explained in previous sections, and 

informed by behavioral sciences research, we formed 22 major factors that 

collectively explain more than 80% of the information included in the original 40 

questions; i.e., the threshold value in the scree test for choosing the number of factors 

was explaining 80% of the variance. The 22 variables explain the attitudes of 

households in three groups: (1) Energy Efficiency Actions, (2) Information Seeking 

Behaviors, and (3) Home Improvements Behaviors. After Factor Analysis, adding a 

number of transformations of the original variables, and removing some variables, the 
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Overall, locality (indicated by a proxy such as Zip Code) and House Size demonstrate 

considerable correlation with residential electricity consumption, most likely because 

they are correlated with several other variables that influence energy consumption. For 

example, Zip Code is often correlated with climate, building type, type of systems 

used in the building, building materials, and socioeconomic status of the household. 

On the other hand, House Size is often correlated with affluence, socioeconomic 

status, number of residents, and appliance stock. 

5.1 The Effect of External Determinants on Residential Electricity 

Consumption 

Zip Code explains up to 46% of the variability in consumption. However, once Zip 

Code is removed from the models, underlying drivers of electricity consumption such 

as Cooling Degree Days are highlighted. 

CDD (Cooling Degree Day) is the dominant factor in the summer, explaining 38% of 

the variability in total electricity consumption. On the other hand, HDD (Heating 

Degree Day) is not a significant factor, even in the winter model. We offer an 

explanation for this observation in Section 5.2. Other studies have also reported 

similar results on the effect of Zip Code and cooling load on electricity consumption 

[39], [40], [41] and [42]. 

5.2 The Effect of Physical Characteristics of Building 

House Size is the most important factor among building characteristics in our models, 

while house age, type of building, and ownership status do not show significant impact 

on electricity consumption in our sample. Other variables such as installing double-
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pane windows and energy-efficient lighting fixtures show correlation with reduced 

electricity use. The following sections explain these results in more detail. 

5.2.1 Type of Building 

Type of Building is a significant factor in the winter daily maximum model, where 

heating load dominates. In the winter, households who live in multifamily apartments 

have the lowest daily maximum consumption, followed by town houses; finally, 

detached (free-standing) houses have the highest daily maximum consumption in the 

winter. Similar results have been reported previously ([5] and [43]). 

5.2.2 House Size 

House Size has a dual effect on daily minimum and daily maximum consumption. 

Daily minimum consumption is much more correlated with House Size during the 

winter (House Size explains 21% of the variability in winter minimum consumption, 

while it explains only 2% of the variability in summer minimum). On the other hand, 

House Size has a much larger impact on daily maximum consumption during the 

summer compared with winter. Both observations can be explained by the relationship 

of House Size with heating and cooling loads, and the nature of these two loads. First, 

larger houses require more heating and cooling loads, both because they have more 

volume to condition, and because they have higher heat loss or gain with the outside. 

Also, heating load tends to have a more consistent nature, especially when systems 

such as radiant heating are used. Cooling load, on the other hand, tends to have a more 

intermittent nature, since the air conditioner compressor only needs to run 

intermittently to produce cool air. 
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5.2.3 House Age 

We did not observe any significant correlation between electricity consumption and 

building age. While some previous studies have observed an increase in household 

electricity consumption of new houses due to more penetration of air conditioning and 

other high-consumption appliances [44], other studies have observed the reverse, 

reporting a decrease in household electricity consumption for newer houses, 

attributing that pattern to improved insulation and use of more efficient lighting and 

air conditioning stock [45] and [46]. Our hypothesis is that in our sample, these two 

forces have canceled out each other's effect, resulting in a uniform trend between 

household electricity consumption and the age of the house. Another possible 

explanation for the uniform trend in our data is that the physical conditions of 

buildings have been maintained through time, possibly due to the enforcement of 

building regulations. 

When we grouped the households into different time periods based on the prevalence 

of different ASHRAE 90.2 residential building codes, we observed that the houses that 

were built before 1975 on average consumed less electricity than the houses that were 

built between 1993 and 2003 (p-values = 0.00266 and 0.00105, respectively). A 

potential explanation for this trend is the increased penetration of air conditioners and 

other high-consumption appliances in newer houses. 

5.2.4 The Effect of Appliance Stock and Electronics 

As Tables 3 and 4 show, number of refrigerators is a statistically significant factor in 

almost all models, but its effect is more highlighted in the daily minimum 
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consumption. Former studies show that (a) refrigerators are the largest electricity 

consumer among household appliances (according to Ref. [44] in 2001, refrigerators 

consumed 14% of total electricity delivered to U.S. homes, only second to air 

conditioners who consumed 15%), and (b) the secondary refrigerators in the US 

households are on average considerably older (and less-efficient) than the primary 

refrigerators [44]. Therefore, the ownership of more than one refrigerator in a 

household implies a high probability of having an inefficient, high-consumption 

fixture, hence the significant contribution of the number of refrigerators to household 

electricity consumption. 

Other than refrigerators that have a steady load, most high-consumption, intermittent 

appliances such as electric water heater, electric clothes dryer, and Spas/Pools 

primarily contribute to daily maximum consumption. These are the appliances that are 

not “always on” and their operating schedules are dependent on the activities and 

habits of the occupants. Therefore, they are indicators of (and are driven by) 

occupants' habits and activities rather than the location and physical characteristics of 

the dwelling, hence their correlation with daily maximum load. Our results are in line 

with former studies who have shown the large impact of high-consumption appliances 

on total electricity consumption. For example, according to the U.S. Energy 

Information Administration, air conditioners, electric water heaters, and laundry 

appliances consume 16.0%, 9 1%, and 6.7% of the total electricity consumption in US 

households, respectively [44]. Similarly in Europe, according to EuroAce, 57% of the 

energy consumed in buildings is used for space heating, 25% for hot water, 11% for 

lighting and electrical appliances, and 7% for cooking [47]. 
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In some models, some building shell insulation variables such as basement insulation 

had positive coefficients, implying that controlled for other factors, insulated houses in 

our sample consumed more electricity on average. However, this effect was not 

physically substantial. Previous studies who have examined the effect of insulation on 

electricity consumption have also reported mixed results. While some have verified 

that insulation reduces electricity consumption [48], [49] and [50], some others have 

reported no significant correlation between insulation level and residential electricity 

consumption [39]. Still, another group of studies have reported that buildings with 

higher insulation ratings are likely to consume more electricity [51]. Several reasons 

may contribute to increased energy consumption in well-insulated homes. One 

potential reason for positive correlation of insulation and energy consumption is 

higher cooling load in well-insulated houses due to the heavier use of AC instead of 

natural ventilation [52]. This is relevant since our data set covered the entire summer 

but not the entire winter months, so the effect of cooling loads on our results is more 

significant. Another potential reason for this observation is the positive correlation of 

insulation with House Size, appliance stock, or income [53], all of which are 

correlated with higher electricity consumption. Finally, the relationship between 

insulation and electricity consumption may be in the opposite direction: larger houses 

with higher energy consumption are more motivated (and more plausible) to add extra 

insulation; i.e., insulation might have been a result of high consumption, not a cause 

for it. If it was not for the insulation, these houses would have consumed much higher 

energy than other houses, but insulation helps to mitigate that effect [51]. 
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Use of energy-efficient lights was correlated with lower consumption, as did the use of 

double-pane windows. Finally, use of programmable thermostats was correlated with 

increased electricity consumption. One possible explanation for this trend is that 

programmable thermostats turn the air conditioner or heater on at certain times, even if 

the house is not occupied. Therefore they may actually increase heating or cooling 

load compared with manual settings, especially when the house is not occupied 

regularly. Finally, our data did not show a statistically significant difference in 

electricity consumption between rented and owned houses, contrary to several 

previous studies [43]. 

5.3 The Effect of Occupants 

We analyzed the effect of occupants from three different perspectives: the effect of 

occupancy level, the effect of occupant behavior (long-term habits and preferences), 

and the effect of occupant socioeconomic status. The following sections summarize 

our results. 

5.3.1 The Effect of Occupancy Level 

Number of occupants is a significant variable in daily maximum models, while it is 

not a significant variable in daily minimum models. This observation supports the 

notion that the presence of occupants primarily impacts the consumption in excess of 

the daily minimum. Furthermore, the models suggest a non-linear relationship 

between household electricity consumption and the number of occupants, selecting the 

square root of number of occupants over the number of occupants. In other words, our 

model verifies that when the number of occupants double, electricity consumption 
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increases at a slower rate (1.4 in our data), leading to the conclusion that larger 

households have higher aggregate electricity consumption but lower per capita 

consumption. A similar concave relationship between number of occupants and 

electricity consumption has been reported in former studies [54], [55] and [56]. 

Pet ownership is a statistically significant factor in the models, while the magnitude of 

its impact is the largest for the summer daily minimum, winter daily maximum, and 

winter daily maximum–minimum models. The effect is significant even after 

removing the effect of other significant variables. Our hypothesis for explaining the 

correlation between pet ownership and higher electricity consumption is two-fold: (a) 

it is likely that people who have pets spend more time at home, and (b) even when 

they leave home, they do not completely turn the AC off. Therefore, pet ownership 

may be a proxy for the percentage of time that the house is “active”. Further research 

is needed to validate this hypothesis. 

Age of occupants showed a significant correlation with electricity consumption. 

Specifically, households with occupants older than 55 and between 19 and 35 showed 

lower electricity consumption. The older household members tend to be more 

conscious about the way they use electricity, and also tend to use less electric gadgets. 

On the other hand, household members between 19 and 35 are more likely to have a 

full-time job and therefore are less at home. These observations suggest that both the 

occupancy rate (how much time one spends at home) and intensity of energy use of 

household members influence electricity consumption [57]. 
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5.3.2 The Effect of Long-Term Habits and Preferences 

Behavioral factors that have long-term impacts (such as Purchasing Energy-Star 

Appliances and Air Conditioners) or are considered long-term habits (such as 

adjusting thermostat settings moderately) are significant explanatory variables for 

daily minimum consumption. 

As Table 3 shows, in the daily minimum model, the behavior of Purchasing Energy-

Star Appliances and Air Conditioners has a positive coefficient. This suggests that, in 

our study sample, contrary to common belief, households that have expressed 

motivation to buy energy-efficient appliances and air conditioners have higher levels 

of daily minimum consumption, after adjusting for all other variables. Since most new 

higher-end appliances are energy-star, the tendency to purchase energy-star appliances 

may simply mean buying new, high-quality appliances, which is by itself a proxy for 

wealth [58], [59], [60] and [61]. Another explanation for the positive coefficient of 

energy-star appliances the “rebound effect”, where an increase in the efficiency of 

appliances results in increased use of them, hence an increase in overall energy 

consumption [3] and [6]. 

Another long-term habit, Turning Off Lights When Not in Use, is significant in most 

winter models but not at all significant in summer models. A closer look at this 

variable reveals a significant geographical pattern: people in the two coasts in our 

sample declare much higher rates of turning off lights when not in use. Also, this 

variable becomes insignificant when Zip Code is included in the model, which is 

another evidence to its geographical trend. Last, in models where this variable is 
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indeed significant, its coefficient is positive, implying that those in our sample who 

declare they turn lights off when leaving the room consume more energy on average. 

Our conclusion is that Turning Off Lights When Not in Use is capturing a latent factor 

in our sample, and further data are needed to quantify the effect of energy-conscious 

behavior of turning off unnecessary lights. 

5.3.3 Effect of Income Level 

We did not observe any statistically significant correlation between income level and 

electricity consumption. The relationship between household income and energy 

consumption has been the subject of extensive research. While a large number of 

studies have concluded that energy consumption increases monotonically with income 

[19], [28], [51], [62], [63], [64] and [65], a number of studies have reported observing 

an inverted U-path relating energy consumption and household income [59], [66] and 

[67]. At the same time, the effect of income on household electricity consumption has 

been shown to be mediated by ownership of appliances; i.e., income of the household 

impacts the consumption through affecting the stock (quantity and quality) of 

appliances [17], [27], [68] and [69]. This is especially true for populations like our 

sample where households are similar to each other in socioeconomic status and 

therefore the income effect is minimal. 

6 Conclusions 

Summarizing our findings, we showed that: 
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(a) Factors that influence residential electricity consumption can be categorized into 

four major groups: external conditions (e.g., location and weather), physical 

characteristics of dwelling, appliance and electronics stock, and occupants. 

(b) Each of the four categories above, on average, has a different time span and effort 

level for modification; while location, weather, and occupancy are outside the scope of 

influence for modification, physical characteristics of the building, appliance stock, 

and occupant behavior factors can be modified in long-term, medium-term, and short-

term investment spans, respectively. Accordingly, the persistence of the modification 

effect is generally proportional to the level of effort and investment that was allocated 

to it. 

(c) Daily minimum and daily maximum consumption are explained by different sets of 

explanatory factors. Daily minimum has a lower variation level compared with daily 

maximum, and is best explained by factors that are steady through time, such as 

weather (Degree Days), location (Zip Code), House Size, and number of refrigerators. 

On the other hand, daily maximum is best explained by large and intermittent loads 

such as electric water heater and air conditioners. 

(d) Using our model, we were able to explain 55–65% of the variability in electricity 

consumption, as measured by the R2 of the regression model. This is comparable with 

most studies in the past. Using variable transformations and other machine learning 

techniques [70], we were able to achieve R2 values of above 70%. However, we prefer 

the linear model due to its interpretability. Furthermore, we deliberately did not use 

variables such as households' estimate of their electricity bill (available from the 
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survey) that improve the R2 of the fit, but add little explanatory significance to the 

results of the model. 

(e) Overall, weather and physical characteristics of the building illustrate more 

influence on residential electricity consumption compared to other categories such as 

occupant behavior. These results are comparable with the work of [43] who showed 

that building characteristics determine 42% of the variability in residential electricity 

consumption, whereas occupant behavior explains 4.2%. Within the physical 

characteristics of the building, floor area, type of building, and use of electric water 

heater contributed the most to consumption, whereas within the appliance stock, 

number of refrigerators was the most important factor. Finally, pet ownership (which 

can be considered a proxy for the percent of time that the house is active) was a 

significant factor in explaining variation in electricity consumption. 

7 Policy Implications 

Based on the results of our models, we highly recommend policies and regulations 

aimed at improving the thermal performance of buildings, including both 

improvements to the insulation level of the dwelling and improving the efficiency of 

the stock of air conditioning and electric heaters. Since certain end uses such as space 

heating are more prone to rebound effects [19], we strongly recommend provisions for 

regular home energy audits in codes and regulations [49]. Furthermore, we 

recommend policies and regulations aimed at improving the efficiency of the 

appliance stock. Certain end uses such as refrigerators illustrate great potential for 

consumption reduction. Policies and programs that encourage the purchase of energy-
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efficient refrigerators and other appliances must also devise provisions for buying 

back the old refrigerators or make the financial incentive contingent on households 

returning the old refrigerators. 

Most high-consumption, intermittent appliances such as electric water heater, electric 

clothes dryer, and Spas/Pools demand high volume and intermittent electric loads, 

hence are attractive targets for load shifting programs. Since these end uses are 

primarily driven by occupants' habits and activities, respective energy efficiency 

programs should be focused on behavioral modification. For example, educational 

campaigns encouraging households to use larger loads of laundry, to lower the 

temperature of their electric water heaters, or to shift their laundry time to a more 

appropriate time in the day can be effective in this regard. 

In terms of the impact of behavioral factors, our results agree with some previous 

works that residential electricity consumption is primarily determined through the way 

households use electricity, and less by the way that they value energy efficiency [28] 

and [40]. However, energy-saving values usually impact efficiency through “habits” 

such as Purchasing Energy-Star Appliances. A dual approach as suggested by Kelly 

[51], where less efficient homes are encouraged to perform structural changes (such as 

adding insulation) while more efficient homes are motivated to reduce consumption 

through behavioral interventions and economic incentives is supported by our analyses 

[40]. Energy saving values and habits are shown to respond to changes in price of 

electricity [63] and [71]; therefore, behavior modification programs can be more 

effective when supported by monetary and regulatory policies. 
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8 Future Work 

More data are needed to validate some of the findings of this paper. Specifically, 

household data from a more heterogeneous sample over a larger period of time are 

needed for validating the generality of these results. The use of self-reports to measure 

behavior may have introduced some bias in the data, called “social desirability” bias 

[72]. However, since the purpose of this study was to explain the variability in 

electricity consumption, and the households in our study were all from middle and 

upper social class, we assume that the bias in responses was uniform over the 

respondents and therefore the results of the model explain the variability in electricity 

consumption with a reasonable accuracy. 

In this paper, we examined energy consumption and its features such as daily 

maximum and minimum consumption, and explained their variability using household 

data. A potential follow-up to this study is to develop a metric for quantifying energy 

efficiency of the households, and compare households using that metric instead of 

their consumption data. Such metric needs to be defined in a way that recognizes the 

inherent differences among different groups of households and at the same time 

enables comparison across those different groups. 
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Chapter 3 

Data-Driven Benchmarking of Building Energy Efficiency Utilizing Statistical 

Frontier Models3 

Amir Kavousian, Ram Rajagopal 

1 Abstract 

Frontier methods quantify the energy efficiency of buildings by forming an efficient 

frontier (best-practice technology) and comparing all buildings against that frontier. 

Because energy consumption fluctuates over time, the efficiency scores are stochastic 

random variables. Existing applications of frontier methods in energy efficiency either 

treat efficiency scores as deterministic values, or estimate their uncertainty by 

resampling from one set of measurements. Availability of smart meter data (repeated 

measurements of energy consumption of buildings) enables using actual data to 

estimate the uncertainty in efficiency scores. Also, existing applications assume a 

linear form for efficient frontier; i.e., assume that the best-practice technology scales 

up and down proportionally with building characteristics. However, previous research 

shows that buildings are non-linear systems.  

This paper proposes a statistical method called Stochastic Energy Efficiency Frontier 

(SEEF) to estimate bias-corrected efficiency score and its confidence intervals from 

measured data. The paper proposes an algorithm to specify the functional form of the 

                                                            
3 This chapter was first published in the ASCE Journal of Computing in Civil Engineering as: 
Kavousian, A. and Rajagopal, R. (2014). "Data-Driven Benchmarking of Building Energy 
Efficiency Utilizing Statistical Frontier Models." J. Computing in Civil Engineering, 
10.1061/(ASCE)CP.1943-5487.0000327 (January, 2014). 
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frontier, identify the probability distribution of efficiency score of each building using 

measured data, and rank buildings based on their energy efficiency. 

To illustrate the power of SEEF, results from applying SEEF on a smart meter data set 

of 307 residential buildings in the US are presented. SEEF efficiency scores are used 

to rank individual buildings based on energy efficiency, to compare sub-populations of 

buildings, and to identify irregular behavior of buildings across different time-of-use 

periods. 

SEEF is an improvement over energy intensity method (comparing kWh/Sq.Ft): While 

SEEF identified efficient buildings across the entire spectrum of building sizes, the 

energy intensity method showed bias towards smaller buildings. The results of this 

research can help researchers and practitioners compare and rank (i.e., benchmark) 

buildings more robustly and over a wider range of building types and sizes. 

Eventually, this results in improved resource allocation in energy efficiency programs. 

2 Introduction 

Quantifying building energy efficiency is essential to developing and monitoring 

energy efficiency programs (Ahn et al., 2010). Two categories of methods for 

quantifying building energy efficiency are engineering and empirical methods 

(Lutzenhiser et al., 2010).  

Engineering methods simulate building performance by creating thermodynamic 

models of building operations (Clevenger et al. 2012). These models utilize buildings’ 

design information and industry averages of the fixtures to predict energy usage 
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(Xydis et al., 2008). Depending on the level of detail of the model, availability of 

reliable data, quality of assumptions, and the accuracy of the simulation engine, 

engineering models can be very accurate in identifying sources of inefficiency in a 

building (Griffith & Crawley, 2006; Pisello et al. 2012; Waltner et al., 2012; 

Goldstein, 2012). However, such detailed models are time and skill intensive to build 

and maintain, hence cost prohibitive in most instances (Patterson 1995; Yezioro et al. 

2008; Maile, 2009).   

Empirical methods utilize measured energy consumption data to create models using 

variables such as climate, building characteristics, energy fixtures (e.g., appliances and 

equipment), and occupancy. Most empirical methods (such as Energy Star®) depend 

on regression models, and hence are limited by the shortcomings of ordinary 

regression (e.g. Atkinson, 1982; Riani & Atkinson, 2000; Savage, 2009). Regression 

methods identify the average trend over the entire population, and then compare each 

building with that overall trend. Thus, if a few badly-performing buildings skew the 

regression line toward less-efficient buildings, a building with modest performance 

may appear to be highly efficient. In contrast, non-parametric empirical benchmarking 

models such as Data Envelopment Analysis (DEA—Farrell, 1957) compare a building 

with the best-performing building in its own class. Comparing each building with the 

best-practice technology in its own class (or of similar functionality) enables 

estimating total potential for energy efficiency. The goal is to estimate how much 

reduction in energy consumption is possible without compromising the functionality 

of the building.  
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A Linear Programming Problem (LPP) such as LPP 1 calculates the efficiency values 

of buildings given input matrix X and service matrix S (Farrell, 1957). For illustration 

purposes, assume the LPP corresponding to linear frontier (ray OH in Figure 8): 

,ݏ௜ሺߠ ሻݔ ൌ min  ߣ
Subject to: 

	ܵݖ ൒  (LPP1 = LPP(S,X))    ݏ
	ܺݖ ൑  ݔߣ
	ݖ ∈ ࣬ା

௞  
 

The efficiency of observation P is given by the solution to the LPP (1); i.e., ߠ௜ሺݏ,  ,ሻݔ

which is also equal to the ratio SPQ / SPP. In other words, ߣ is the ratio by which it is 

possible to reduce the energy consumption of a building without reducing its level of 

service. By minimizing ߣ we find the maximum achievable energy reduction without 

reducing level of service.  

 is the intensity vector and serves to construct the smallest cone which covers the data ݖ

in the sample. Adding constraints to the values of	ݖ changes the shape of the frontier, 

as well as the efficiency values. These constraints depend on the assumptions about 

the relationship between energy consumption and LOS, and are called “returns to scale 

technologies”.  The term returns to scale is frequently used in economics to describe 

the relationship between changes in inputs versus outputs. For instance, a Decreasing 

Returns to Scale (DRS) implies that the output (in our case LOS) grows with a rate 

slower than that of input (in our case energy consumption). A Constant Returns to 

Scale (CRS) implies that the LOS and energy consumption can increase or decrease 

with the same rate. Finally, a Variable Returns to Scale (VRS) means the rate of 

change of LOS can be higher or lower than that of energy consumption depending on 
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the size of energy consumption. Table 1 lists different assumptions for returns to scale 

and their corresponding LPP constraints.  

Table 6 - Different returns to scale technologies and their respective LPP constraints and 
frontier shapes. 

 Constant 
Returns to 
Scale 

Decreasing Returns to 
Scale 

Variable Returns to Scale 

Constraint for 
∑ ࢏ࢠ
࢑
ୀ૚࢏ 	term 

None 
෍ ௜ݖ

௞

௜ୀଵ
൑ 1. ෍ ௜ݖ

௞

௜ୀଵ
ൌ 1. 

Frontier Shape Ray OH points O, C, D, E and 
the ray EHE and the x 
axis 

A’, A, B, C, D, E plus the 
ray EHE and the x axis 
starting at A’. 

  

 

2.2 Related Work 

Previous studies have applied DEA to estimate the energy efficiency of buildings. For 

example, Carnes et al. (1998) applied DEA to examine energy efficiency of Texas 

State universities. They used electricity, fuel, and thermal energy as energy inputs, and 

used course credits taught and research expenditures as the outputs of the energy 

consumption for Texas universities. They discussed several variations of DEA, 

including the use of multiple outputs and multiple inputs (e.g., non-energy inputs such 

as capital investment). Onut & Soner (2006) used DEA to analyze the energy 

efficiency of five-star hotels in Antalya, Turkey and made recommendations for 

increasing the energy efficiency. Grosche’s (2008) applied DEA to the US Residential 

Energy Consumption Survey (RECS) data from 1997 and 2001 and compared the 

energy efficiency of US residential building stock in that period. Grosche concluded 
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that the energy efficiency in US households improved from 1997 and 2001, but most 

of that improvement came from households using natural gas and fuel oil for their 

heating purposes (Grosche, 2008).  

One limitation of studies applying DEA to energy efficiency is that they all have used 

a linear parametric frontier, without a data driven validation of the frontier shape. We 

show later in this paper how the shape of the frontier can be validated using the data. 

Another limitation in existing studies of DEA in energy efficiency is the assumption of 

deterministic energy efficiency scores. Before widespread use of high-frequency 

meters, studies that analyzed energy consumption used a limited data set of energy 

consumption, usually available for only a short period of time. Due to lack of repeated 

measurements, these studies assumed a deterministic consumption level for each 

building. However, energy consumption has a significant stochastic component, 

impacted by factors such as weather and occupancy patterns (Azar & Menassa, 2011; 

Berges et al. 2011; Chen et al. 2012). Since DEA is highly adaptive to data, efficiency 

estimates based on single measurements can be very biased and unreliable if reported 

without estimating their error distributions.  

In limited data settings, Simar & Wilson (1998) proposed a bootstrapping method that 

estimates a confidence band for the frontier by reassigning efficiency scores across 

buildings. This resampling across buildings attempts to simulate input stochasticity by 

reutilizing the same fixed measurements. The implied assumption of this method is 

that efficiencies are not a function of individual and potentially unobserved building 

characteristics. Thus, when multiple measurements per building are available, the 
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bootstrapping method is not the optimal method to estimate uncertainty in energy 

efficiency scores; instead, the actual repeated measurements of energy consumption 

should be used. 

This paper addresses these various challenges and limitations by introducing a new 

methodology, Stochastic Energy Efficiency Frontier (SEEF), that combines: (a) a 

hypothesis-testing method to choose efficient frontier shape; (b) a methodology to 

estimate the uncertainties in the energy efficiency scores using available repeated 

measurements; (c) a method to use the estimated uncertainties to create a bias-

corrected efficient frontier and a confidence band for the frontier; and (d) a statistical 

ranking mechanism to compare efficiency scores across the building population. 

3 SEEF Model and Algorithm 

Stochastic Energy Efficiency Frontier (SEEF) is a stochastic performance-based 

method to rank buildings’ energy efficiency. By introducing SEEF, this paper 

demonstrates the value of using frontier methods to rank buildings’ energy efficiency 

and improves the way the energy efficient frontier is defined. The proposed SEEF 

methodology extends standard DEA analysis in energy efficiency field, by 

incorporating uncertainty to the estimation of the frontier as well as introducing a data-

driven method to support the choice of frontier shape. SEEF consists of three stages: 

(1) set up the model by choosing the frontier shape and forming the LPP; (2) run 

Algorithm 1 to estimate efficiency scores and their confidence intervals; and (3) 

benchmark buildings by comparing their ranks. We describe each step in the rest of 

this section. 
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3.1 Choice of Frontier Shape 

To validate the choice of frontier shape, we use the following hypothesis setup: 

Null hypothesis H0: frontier is a straight line (representing a Constant Returns 

to Scale—CRS) 

Alternative hypothesis H1: frontier is piecewise linear convex (representing a 

Variable Returns to Scale—VRS) 

We use the following test statistic to reject or accept the null hypothesis H0: 

ܴ ൌ
∑ ஼ோௌߠ

௞௄
௞ୀଵ

∑ ௏ோௌߠ
௞௄

௞ୀଵ
 

Where ߠ஼ோௌ
௞  is the efficiency estimate of building ݇ as calculated with respect to a 

CRS frontier, and similarly for VRS. If H0 is true, then R will be close to 1, otherwise 

R < 1. Since we do not know the distribution of R a priori, we find its empirical 

distribution from the data set (see Algorithm 1 for details). Based on the empirical 

distribution of R, we define a critical value for the null hypothesis and check the 

statistic R against it. 

3.2 Stochastic Energy Efficiency Frontier (SEEF) Algorithm 

Once the frontier shape is known, efficiency scores can be calculated by solving LPP 1 

(S,X). Before explaining SEEF method, we establish some assumptions:  

(a) Energy consumption is stochastic. It is best explained by a random variable whose 

variance can be (partially) explained using variables such as climate zone and type of 

building (Kavousian et al. 2012). 
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(b) Service level values are deterministic. For example, the floor area of a house and 

the size of the family are not stochastic. 

(c) The building sample adequately represents the population of interest; i.e., the 

sample selection error is not significant. 

Assumptions a, b, and c above imply that the energy efficiency scores are also random 

variables, not deterministic values. Furthermore, the only source of uncertainty in 

efficiency score is the stochasticity of energy consumption measurements. As a result, 

the energy efficiency of two or more buildings cannot be compared using just a single 

value of efficiency. Algorithm 1 explains how uncertainty of energy consumption can 

be incorporated into the efficiency estimates. 
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To illustrate the algorithm with an example, consider two buildings A and B, each 

with 90 days of energy consumption data. These 90 values can be presented with a 

random variable distribution; i.e., each is a realization of the energy consumption 

random variable. We start with randomly selecting a consumption value for each user. 

But instead of directly selecting one of the 90 values, we form an ECDF of observed 

consumption values for each user, then randomly select a probability on the ECDF, 

and finally find corresponding consumption value by interpolating between observe 

values (see Figure 9). Once the energy consumption values of the two buildings are 

selected, the energy efficient frontier can be formed. In this case, the building with a 

lower energy consumption over LOS ratio defines the frontier. Having specified the 

efficient frontier, we can find the efficiency values of each building using the formula 

presented in Figure 4. This process should be repeated several times (for the purpose 

of this example assume 1000 iterations), and the efficiency values at each iteration 

must be recorded. At the end of the iterations, the efficiency scores of each building 

form a distribution (in this case we have two distributions, each formed using 1000 

values—one for each iteration). The mean of each distribution is the bias-corrected 

efficiency score, and the 95% confidence interval is the 95% confidence interval of the 

efficiency score. 

3.3 Stochastic Benchmarking of Buildings Using SEEF 

SEEF returns an efficient frontier and an estimate of the uncertainty in the frontier. It 

forms the distribution of efficiency score of each building, from which the bias-

corrected score and its confidence interval are estimated. The efficiency score 

distribution can also be used to find a stochastic ranking of buildings: In each iteration 
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b of Algorithm 1, record rank ݍሺܾ, ݇ሻ of building ݇ among all buildings. Then form 

ECDF of ݍሺܾ, ݇ሻ to provide a distribution of ranks for building ݇. For example, the 

ECDF can be used to determine a 95% confidence interval for the rank of building ݇. 

Including reliability in rankings allows the analyst to make more informed 

comparisons. 

4 Experimental Data and Model Setup 

To illustrate the application of SEEF, we applied the method to a 10-min interval 

smart meter data set of 307 households in the US, collected between June and 

September 2010. A smart meter is a device that records electricity consumption of a 

building in regular intervals (every 10 minutes in this case) and communicates that 

information to a server where it is saved for later retrieval. The consumption data is 

accompanied by a survey of household information, including demographic features, 

building characteristics, and appliance ownership. The participants are spread across 

164 zip codes and cover six of eight climate zones in the US. Climate zones in the data 

set include Cold, Hot-Dry, Hot-Humid, Marine, Mixed-Dry, and Mixed-Humid. The 

two excluded data sets are Very Cold and Sub-Arctic climate zones, the former only 

occurs in a few places within the US and the latter only occurs in Alaska. Climate 

zones are defined with reference to Building America definitions, and are based on 

annual precipitation and temperature records (PNNL, 2010). Building types of 307 

subjects in our data set include apartment units, townhouses, and detached buildings. 

Participants were employees of a technology company in Silicon Valley and 

voluntarily participated in the experiment. They all paid for their own electricity bill. 
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More details on the data collection process can be found in Kavousian et al. (2012) 

and Houde et al. (2012). 

The next section describes how we defined a measure of level of service for each 

house based on the information available in the survey. 

4.1 Choice of Level of Service 

Quantifying the utility that users receive from consuming energy is easier in some 

contexts compared to others. For example, for a manufacturing plant, the utility can be 

defined as the number of products that the plant produces. For a retail store, the utility 

can be defined as the number of customers it serves (Phylipsen et al, 1997). However, 

in a household model, quantifying the utility that a household gets from using energy 

is still an open question among economists, behavioral economists, sociologists, and 

psychologists (Lutzenhiser et al, 2010). This paper uses a technical approach 

(Lutzenhiser et al, 2010) to calculate a measure that is correlated with the service that 

users receive from electricity consumption. This measure is defined as the aggregate 

expected consumption of the stock of appliances, and is called Appliance Ownership 

Index (AOI) (Capasso et al, 1994). A household's AOI is defined as a linear 

combination of the number of most important appliances, with coefficients of the 

linear combination being the industry average (or model-based estimates) of the 

electricity consumption of each piece of appliance. The AOI is normalized (setting the 

maximum value to one) to form LOS. In other words, the LOS of user ݑ, denoted by 

 :௨ is calculated using the following formulaܱܵܮ
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௨ܫܱܣ ൌ 	෍ܣ௞ 	ൈ	 ௞ܰ,௨

௞

௜ୀଵ

 

௨ܱܵܮ ൌ 	
௨ܫܱܣ

ሻܫܱܣሺݔܽܯ
 

Where ܣ௞ is the average electricity consumption for appliance ݇, and ௞ܰ,௨ is the count 

of appliance ݇ that user ݑ owns. 

Choice of LOS is context-specific and depends on the purpose of energy efficiency 

studies. LOS is further discussed later in this paper and a sensitivity analysis is 

performed to examine the effect of the choice of level of service metric on energy 

efficiency estimates. But first in the following sections we demonstrate the power of 

SEEF model in informing energy efficiency programs by using Appliance Ownership 

Index as the LOS definition. 

4.2 Weather Normalization 

Some of the uncertainty in energy consumption of a building is due to local weather 

variations. If the weather data is available, it is important to normalize consumption 

values for weather impact.  An examination of the relationship between energy 

consumption and outside temperature in our sample shows significant correlation for 

temperature lags of up to 24 hours. To remove this effect, we fit a stepwise regression 

model on outside temperature including lags of up to 24 hours.  

௜ݕ ൌ 	ܽ௜ ൅	∑ ܾ௜௝ ௜ܶ௝ ൅ ௜௝ߝ       i=1,2,…,K;    j=0,1,2,…,24 
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Where ௜ܶ௝’s are the outside temperature readings for building ݅ recorded ݆ samples 

ago.  

The estimated coefficients ෠ܾ௜௝′ݏ are then used to calculate normalized energy 

consumption, by assigning a reference temperature (65’F) to all households, and 

calculating their hourly consumption using the regression model.  

෤௜ݕ ൌ 	ܽ௜ ൅	∑ ෠ܾ
௜௝ ෨ܶ௜௝ ൅ ௜௝ߝ      i=1,2,…,K;    j=1,2,…,24;     ෨ܶ௜௝ ൌ ,݅∀   ܨ65 ݆ 

4.3 SEEF Frontier Shape Choice 

The hypothesis test for the shape of the frontier for this data set suggests a non-linear 

frontier ( ෠ܴ: 0.64; ܴ௖௥௜௧=0.91). Figure 10 illustrates two innovations of SEEF: Figure 

10a compares linear frontier with curved frontier. Existing applications of DEA in 

energy efficiency use the linear frontier (dashed red line); but as the figure shows, 

using a linear frontier results in under-estimation of the energy efficiency of high 

energy users. SEEF offers a method to choose the functional form of the frontier based 

on measured data. Figure 10b shows the bias-corrected frontier and its confidence 

intervals. Existing applications of DEA in energy efficiency treat energy consumption 

as a deterministic value, or resample values from a fixed set of measurements to 

simulate fluctuation in daily energy consumption. SEEF offers a method to use 

repeated measurements of energy consumption to estimate bias-corrected and 

confidence intervals for the efficient frontier.  

Note that bias-corrected frontier does not completely envelop data points as a 

deterministic frontier would do. This is due to the stochasticity assumption in 
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estimating bias-corrected efficient frontier. However, the efficiency values are still 

strictly between zero and one, as explained here: at any given iteration, a random 

consumption value for each user is selected, and the efficient frontier is formed using 

the collection of those random consumption values. Therefore, at any given iteration, 

the frontier envelops all points, and thus the efficiency values calculated at any given 

iteration are between zero and one. Subsequently, the bias-corrected efficiency values 

that are averages of efficiency values of all iterations are still between zero and one. 

On the other hand, each data point on the plot represents the average consumption 

value which may or may not be enveloped completely by the bias-corrected frontier. 

In short, the seeming discrepancy of efficiency values higher than one is only due to 

the way the points and the frontiers are illustrated here and the actual efficiency values 

are still between zero and one. 
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For example, in Figure 11, after 15th building, the efficiency scores drop sharply. For 

reference, we label the first 15 buildings as the efficient buildings subset (or efficient 

homes) and similarly call the rest of the population typical buildings. The choice of 

efficient set depends on the goals of the energy efficiency analysis; for instance one 

can label the first 7 buildings as efficient, because the confidence intervals of their 

efficiency values are all higher than 0.6 on efficiency scale. Once the efficient set is 

identified, the characteristics of its buildings can be compared with the rest of the 

population to infer insights. 

For example, in our data set, whereas 65% of typical buildings resided in a Marine 

climate zone, this ratio was 73% within the efficient buildings subset. Since we have 

normalized the consumption data for outside temperature, the higher ratio of marine-

climate residences in the efficient homes group suggests the effect of other factors that 

correlate with mild climate, such as lower penetration of air conditioners or design 

based on natural ventilation.  

Newer buildings are more strongly represented in efficient buildings compared with 

the rest of the population: 40% of efficient homes are built after 2004, whereas only 

18% of the typical buildings are built after 2004. On the other hand, while 45% of 

typical buildings are built before 1975, this ratio is 33% in efficient homes. 

Efficient houses in our data set also illustrated higher penetration for some energy-

efficient features. For example, 80% of efficient homes had installed double-pane 

windows, compared with 68% in the rest of the population. Similarly, 60% of efficient 
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homes declared using energy-start air conditioners, while this ratio was 43% in typical 

homes. 

Table 2 compares appliance ownership for a select group of appliances among 

efficient homes with that of the overall population. Some items such as electric water 

heaters, electric central heaters, and electric oven have higher penetration in efficient 

homes than the rest of the population. On the other hand, some items such as 

dishwashers, electric heaters, second refrigerators, and second or third AC’s are less 

common in efficient houses. One possible reason for this observation is that having 

high-consumption items such as water heaters and central heaters will give some 

buildings extra “allowance” for energy consumption, because of the way we defined 

efficiency. In other words, having high-consumption items increases the service level 

of the building, which enables the building to use more energy while be considered as 

efficient. This behavior of the frontier method has two implications for practitioners. 

First, it suggests that efficiency is a relative term that is defined in the context of the 

service that a building offers. Frontier methods such as SEEF enable a more balanced 

view of efficiency by comparing buildings of the similar levels of service with each 

other rather than comparing the entire stock of buildings at once. Second, the effect of 

level of service measure on energy efficiency scores emphasizes the importance of 

choosing an appropriate level of service measure and performing sensitivity analysis 

before making judgments about energy efficiency of a building. We will discuss this 

insight later in the paper. 
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Table 7 - Appliance ownership in efficient homes versus the overall population. 

Appliance Ownership Penetration in Homes 
Labeled Efficient  

Penetration in the Rest 
of the Population 

Electric Water Heaters 27% 13% 

Electric Central Heater 40% 20% 

Dish Washer 66% 92% 

Electric Heater 8% 19% 

Electric Oven 87% 55% 

Second Refrigerator 13% 20% 

More than one AC 6% 14% 

 

Another important application of the efficiency ranks is to prioritize and plan for 

energy efficiency programs (i.e., benchmarking). Buildings with lower efficiency 

scores should be given priority in efficiency programs. 

5.2 Comparing Energy Efficiency of Buildings in Different Sub-Populations 

The efficient frontier specifies the best-practice technology that a population of 

buildings can achieve. Therefore, by comparing efficient frontiers of sub-populations 

of buildings, one can identify which sub-population can achieve lower levels of energy 

consumption for the same level of service. Such insight can be used in several 

applications, including comparing the potential for energy efficiency in different 

populations of buildings and optimizing design practices to design a building with 

more energy efficient features. 
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5.4 Comparing SEEF with Other Benchmarking Methods 

A common method for measuring energy efficiency of buildings is comparing energy 

intensity (energy per square foot) (Schipper, 1983). The energy intensity method is a 

fast and simple way for preliminary comparison among buildings of similar size and 

characteristics. However, it is too simplistic because it assumes the entire population 

of buildings (with their different types, sizes, and occupancy level, etc.) can be 

compared universally and with only one metric. In frontier methods terms, energy 

intensity method is comparable to a frontier model with square footage as the LOS and 

a linear frontier. However, research has shown that buildings are not linear systems, 

and as buildings grow in size, the processes with which they consume energy changes 

(Kavousian et al. 2012). For instance, the volume of the house may increase with a 

different rate than the square footage; or, the penetration of certain equipment such as 

pools will change as the size changes.  

SEEF solves this problem by comparing the energy consumption of buildings of the 

same service level, without making any assumptions about linearity of buildings’ 

energy consumption. Thus, when the efficient frontier is non-linear, the results of 

intensity method will be different than those of DEA (Figure 14).  

To make the case more clear, we compared the efficient buildings as measured by the 

intensity method with the 15 most efficient homes as measured by SEEF. As Figure 

14 shows, the energy intensity method has a bias towards buildings with lower floor 

area. On the other hand, SEEF identifies efficient buildings across the entire range of 
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inefficient by the energy intensity method. This is an example of a type I error in 

identifying inefficient buildings: declaring a building as inefficient when in fact it does 

not have significant potential for improvement. Type I errors lead to inefficient 

allocation of resources when planning energy efficiency programs.  

5.5 Discussion on Level of Service (LOS) 

The choice of Level of Service (LOS) impacts the results of SEEF. For instance, 

Figure 15 shows a comparison of efficiency scores of our data set when calculated 

using different LOS definitions. The upper-right part of the plot shows the correlation 

between efficiency scores of buildings when measured using different LOS’s. The 

bottom-left part of the plot visually shows this relationship: the horizontal and vertical 

axes on each plot represent efficiency scores based on one LOS, and the local 

regression line shows the relationship of the efficiency scores. Finally, the plots on the 

diameter show histograms of efficiency scores with respect to each LOS definition. 

The correlations of efficiency values range from 25% to around 63%, suggesting that 

efficiency scores of a building, when measured with respect to different LOS’s, can be 

very different. In other words, different metrics encourage different behaviors. For 

example, choosing energy per square foot favors large buildings with less number of 

occupants, but tells very little about how efficiently the occupants use energy. For an 

energy efficiency planner, it is important to choose the right LOS definition to 

encourage the right behavior. Once the LOS is specified, the data requirements to 

benchmark the buildings become clear, too. In this paper, the goal is to develop a 

novel method to quantify energy efficiency once the LOS is defined. We chose the 
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follows: EE1: floor area; EE2: number of occupants; EE3: floor area and number of 
occupants; EE4: appliance ownership index; EE5: building characteristics (e.g., 
insulation level, type of building, etc.).  

6 Conclusions 

Frontier methods quantify the energy efficiency of buildings by forming an efficient 

frontier (i.e., best-practice technology) and comparing all buildings against that 

frontier. The efficient frontier specifies the lowest energy consumption observed at 

any Level of Service (LOS), defined as the utility that the users receive from using 

energy. Because energy consumption fluctuates with time, energy efficiency is a 

stochastic variable rather than a deterministic value. Thus, one needs to estimate the 

uncertainty of this stochastic variable when benchmarking building energy efficiency. 

In this paper, we developed Stochastic Energy Efficiency Frontier (SEEF) method to 

find bias-corrected estimates and confidence intervals for energy efficiency of 

buildings based on repeated observations of energy consumption. We also presented a 

method for to rank buildings based on SEEF results. We showed how the functional 

form of the frontier can impact analysis results, and developed a method to choose the 

functional form based on the data. We also developed a method to calculate and 

compare the stochastic energy efficiency score, and introduced a ranking algorithm 

based on the stochastic efficiency scores. 

Using a smart meter data set of 307 residential buildings in the US, we demonstrated 

how SEEF can be used to compare the energy efficiency of different populations at 

different times. To illustrate the method, we used the metric Appliance Ownership 

Index (a linear combination of the number of appliances, with coefficients 
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proportional to the average consumption of each piece of appliance) as the LOS. The 

results of SEEF (efficiency scores and ranks) can be used in several follow-up 

analyses, including: comparing different sub-populations of buildings by comparing 

their efficient frontier and comparing the efficiency scores of buildings in different 

time-of-use periods to identify irregular behavior. 

SEEF performed better than the energy intensity method (comparing kWh / sq. ft) for 

benchmarking energy efficiency of the smart meter data set. While SEEF identified 

efficient buildings across the entire spectrum of building sizes and types, the energy 

intensity method showed bias towards smaller buildings. The discrepancy between the 

results of SEEF and energy intensity method can be attributed to the non-linearity of 

buildings; i.e., the same ratio of kWh/Sq.Ft could not be used as a benchmark to 

compare buildings of all sizes and types. SEEF addresses the non-linearity of 

buildings by using a non-parametric frontier that is defined at each service level as the 

benchmark. 

Stochastic Energy Efficiency Frontier (SEEF) offers an improvement over existing 

frontier methods to benchmark the energy efficiency of buildings. In sum, these 

advantages include: 

 SEEF recognizes the stochasticity of energy consumption, and treats energy 

efficiency as a random variable. By doing so, SEEF finds bias-corrected 

efficiency estimates and their respective confidence intervals, which can then 

be used to compare the efficiency of different buildings. 
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 The ranking process identifies the probability distribution of the efficiency 

ranks of buildings. This is an improvement over the existing methods, which 

simply compare energy efficiency scores of buildings and deterministically 

declare one building more efficient than the other. 

 SEEF uses actual data (i.e., repeated measurements) to estimate uncertainty of 

efficiency scores. 

In short, the contributions of this paper to the field of energy efficiency include: 

a) Calling for a new way to quantify efficiency based on input/output 

relationship; 

b) Demonstrating the value of frontier methods in energy efficiency analysis; 

c) Improving the way the efficient frontier is defined, by: 

I. formalizing a statistical method for choosing the functional form of the 

efficient frontier; 

II. developing a method to estimate the sensitivity of efficiency estimates 

to temporal variation in energy consumption using measured data as 

opposed to resampling methods (i.e., stochastic non-parametric frontier 

instead of deterministic); 

III. developing SEEF algorithm to rank buildings based on their energy 

efficiency given the Level of Service (LOS) and time-series data of 

energy consumption. 

While this paper presented SEEF as a novel approach to benchmark building energy 

efficiency, the definition of Level of Service is still open to discussion. A possible 
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follow-up study is to examine the results of energy efficiency ranking using different 

LOS definitions and compare the results critically. Since SEEF compares all buildings 

with the best-practice technology, it is prone to outliers. Thus, another direction for 

further development for SEEF is to devise a method to identify and remove outliers 

from the data set. We plan to develop a robust statistical ranking algorithm for 

buildings based on SEEF. As the first step, we are analyzing the performance of SEEF 

on a large data set of energy consumption. The results of this research can be used to 

improve the way we benchmark buildings, and ultimately, improve resource allocation 

for energy efficiency programs. 
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Chapter 4 

Estimating Appliance Energy Efficiency in Residential Buildings Based on Smart 

Meter Interval Data – An Application of Stochastic Energy Efficiency Frontiers 

(SEEF)  

Amir Kavousian, Ram Rajagopal, Martin Fischer 

Keywords: Home Energy Efficiency, Appliance Energy Efficiency, Stochastic Energy 

Efficiency Frontier (SEEF), Smart Meter Interval Data 

1 Abstract 

Residential buildings account for about 37% of total electricity consumption in the 

US, with more than 34% of residential electricity consumed by appliances. The 

efficiency of appliance usage depends on both the technical efficiency of the appliance 

and on users’ behavior. Utility monthly bills provide limited data to infer the appliance 

usage efficiency. Increased availability of smart meter data enables more detailed 

analysis of appliance data; however, computational methods to perform such analyses 

are still missing. This paper offers a new process to estimate the efficiency of 

appliance usage by individual users in a large population of buildings. This process is 

based on Stochastic Energy Efficiency Frontiers (SEEF), a non-parametric method to 

estimate energy efficiency and its confidence interval. Our process also accounts for 

weather and seasonal effects, as well as lifestyle effects.  

We validated the method using a smart meter data set of 4231 households in Ireland, 

supported by a 120+ question survey. In this data set, families with kids who have 
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full-time employment and are highly-educated showed higher appliance usage 

efficiency compared to families with no kids, or families with retirees or unemployed 

members. When normalized for appliance ownership, families with kids also have 

relatively higher efficiency values due to enjoying economies of scale. When the 

respondents expressed doubt in being able to motivate other household members to 

save energy, the energy efficiency was lower. Households with tendency to make 

major lifestyle changes to save energy were also more efficient on average. 

Conversely, households who express small chances of making major lifestyle changes 

were more likely to be in the least efficient group of households. Our results 

emphasize the role of education (to a wide audience) in achieving energy efficiency 

goals. Households with high penetration of efficient lightbulbs and double-glazed 

windows showed higher appliance usage efficiency. Owned residences had higher 

efficiency scores, most likely due to higher penetration of efficient features.  

2 Introduction 

Residential buildings consume about 22% of total primary energy in the US (US EIA, 

2014). Appliances (including cooking, electronics, refrigeration, wet cleaning, and 

computers) account for more than 20% of the energy consumed in residential 

buildings (US Buildings Data Book, US DOE, 2014). Utilities spend millions of 

dollars annually to improve appliance energy efficiency. For example, in California 

alone in 2013, utilities spent $80M on appliance and plug load efficiency programs, 

the highest expenditure among all utility energy efficiency programs (CPUC, 2013). 

Thanks to improved manufacturing standards, the efficiency of newly-manufactured 
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appliances has improved significantly over the past few decades (NRDC, 2014). 

However, this improvement has not resulted in equal reduction in appliance energy 

consumption in home. Such discrepancy can be attributed to lower than expected 

penetration of efficient appliances, increased use of efficient appliances (rebound 

effect), or even keeping old appliances such as refrigerators after purchasing a new 

more efficient system. As a result, even across similar buildings, the energy 

consumption levels for similar appliance saturation levels are widely variable 

(Kavousian et al., 2013). When planning energy efficiency programs, it is important to 

identify houses with higher potential for appliance energy reduction.  

Several methods exist for estimating appliance saturation and individual appliance end 

use consumption; the most widely known methods are: Sub-Metering (Knight et al., 

2007), Non-Intrusive Load Monitoring (NILM) (Berges et al., 2008), and Conditional 

Demand Analysis (CDA) (Parti & Parti, 1980). Sub-metering involves installing 

separate energy meters for appliances, and monitoring their loads individually. While 

highly accurate, sub-metering requires an extensive metering infrastructure that 

renders it impractical for large-scale applications such as utility energy efficiency 

programs. One level lower in data-intensity than sub-metering, NILM analyzes high-

frequency energy consumption data (often on the sub-second frequency), and provides 

estimates of each appliance energy consumption, in a process called disaggregation. 

While some NILM applications claim successfully estimating individual appliance 

load with accuracies of higher than 90%, the data requirements (sub-second load) and 

high computational power needed to analyze the data make NILM impractical with the 

existing data collection and processing infrastructure at the utility level. The least data-
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intensive method of the three, CDA estimates appliance ownership using regression 

analysis of monthly bills. Due to its low data requirements, CDA is the most practical 

option of the three methods introduced above; however, the accuracy of its estimations 

are low due to its use of aggregate load. There is need for a method that works best 

with 15-min interval energy consumption data that most utilities collect using their 

smart meter networks. 

Smart meter data have made it possible to make inferences about energy consumption 

components and underlying processes (such as lifestyle choices) that lead to energy 

consumption (Beckel et al., 2013; Kwac et al., 2014; Albert & Rajagopal, 2013; 

Kavousian et al., 2013). What is missing is a framework that makes use of the latest 

advances in analyzing smart meter data to identify efficient and inefficient users, and 

specify the root causes of such efficiency and inefficiency. 

This paper presents a method to infer appliance energy efficiency using smart meter 

data. Our proposed method is based on our previous work on Stochastic Energy 

Efficiency Frontiers (SEEF), a dynamic method to estimate energy efficiency using an 

input-output framework. We also use previous work on the estimation of appliance 

ownership and household activities from smart meter data to control for factors 

outside the influence of users in determining their energy efficiency. We are not aware 

of any previous work that has taken advantage of smart meter interval data to estimate 

energy efficiency of appliances, without the need for disaggregating load into its 

components. To illustrate the method in a real-world setting, we use a database of 

4000 households in Ireland to estimate their appliance energy efficiency, and examine 
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the factors that contribute to appliance energy efficiency in households. The following 

sections first introduce the experimental data, followed by the model setup and results. 

Finally, we examine the results in the context of existing knowledge and practice of 

appliance energy efficiency. 

3 Experimental Data 

A data set of more than 4000 households in Ireland was used to illustrate the building 

ranking method. The data set was collected by Ireland’s Commission for Energy 

Regulation (CER), with the goal of assessing the technical feasibility and potential 

effects of smart meter implementation in Ireland (CER, 2011). The experimental data 

set includes electricity consumption (30-min interval) from July 20th, 2009 through 

December 26th, 2010 for a total of 525 days. In addition to consumption data, the data 

set includes a detailed list of dwelling characteristics, as well as demographic and 

socioeconomic data about participant households. The household data describe (a) 

building structural information, such as building type, insulation level, vintage, (b) 

buildings systems features including type of water heating, cooking fuel, percent 

efficient light bulbs, (c) appliances ownership, for instance number of TV sets, 

refrigerators, (d) demographic and socioeconomic status, such as number of people, 

age, socioeconomic status, and (e) behavioral features, including motivation for 

energy saving and energy efficient habits (see Table 8 for more details). Details of the 

data collection methodology can be found at McLoughlin et al. (2012). Table 8 

summarizes appliance ownership data. Immersion heaters are electric water heating 
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devices that heat up water through a heating element put in direct contact with water. 

They are used commonly in Ireland for fast water heating. 

No information on the location of individual homes was released. However, our 

analysis of weather data from weather stations across Ireland shows that the weather 

conditions are reasonably consistent across the geographic areas. Thus, we assumed 

that weather is similar across all experiment subjects, and used the average readings 

from three weather stations across Ireland to estimate users’ weather for our analyses. 

Table 8 - Summary of appliance ownership on CER data.  

Appliance 
Count (total n = 4231) 

0 1 2 3+ 

Washing Machine 51 3516 25  

Clothes Dryer 1136 2451 5  

Dish Washer 1161 2422 9  

Instant Hot Shower 
(Electric) 

1085 2298 189 20 

Shower Pump 2529 968 82 13 

Cooker 820 2761 10 1 

Electric Heater 2594 800 162 36 

Freezer 1805 1718 65 4 

Water Pump 2893 684 14 1 

Immersion heaters 845 2736 11  

TV 34 919 1333 1306 

Computer 1867 1620 13 5 

Laptops 1638 1546 296 112 

Gaming Consoles 2352 828 305 107 
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Energy is a random variable. Daily and hourly energy consumption values of a single 

user may change dramatically over time, due to several reasons. Therefore, a 

building’s energy efficiency rank is also a random variable, fluctuating over time in 

response to changes in energy consumption of the building itself, and the buildings 

that are used as comparison benchmark. A fair ranking system controls for factors that 

are outside the control and interest of the users to change, and ranks buildings based 

on remaining energy consumption values.  

For our purposes, we consider three sources for temporal fluctuation in energy 

consumption of a user over time: climate and seasonal effects, lifestyle effects, and 

random effects. Climate and seasonal effects are due to fluctuations in outside 

temperature, humidity, cloud cover, and so on, as well as the change in daylight hours 

and seasonal activities over different times of the year. Lifestyle effects are individual 

temporal patterns of energy consumption of users that are not explained by external 

variables such as a change in seasons or outside temperature. Lifestyle effects impact 

both timing and end uses of energy. For example, the lifestyle of a family of four with 

kids will be different from the lifestyle of a graduate student, and the difference in 

lifestyle will impact their energy consumption patterns. The family with kids may use 

energy during the early morning and early evening hours most of the days and 

primarily use energy to cook, heat up the space, and for lighting. The single person 

may have a late-night schedule most often, with long periods of unoccupancy, and 

primarily use electricity for computers, watching TV and game consoles. 
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Climate and seasonal effects are outside the control of the households and should not 

be include in energy efficiency ranking. For our purposes, we also do not include 

lifestyle effects in our energy efficiency ranking. Other studies with a behavioral or 

conservation focus might find lifestyle effects particularly interesting for energy 

reduction purposes. After removing the effects of climate, season, day of week, and 

lifestyle effects, we incorporate the remaining fluctuation of energy consumption in 

energy efficiency estimation. The next sections briefly explain controlling for climate 

and seasonal as well as lifestyle effects. 

3.1. Controlling for Weather and Seasonal Effects 

Consumption shows both weather and seasonal components. For instance, Figure 16 

shows the relationship of daily consumption with outside temperature and day of week 

in our data set. While Figure 16 (a) shows the relationship of total daily consumption 

versus outside temperature averaged over all homes in the study, each individual home 

is different in the way that it is affected by outside temperature. Figure 16 (b) shows 

the distribution of correlation of outside temperature with daily total consumption for 

individual houses. As seen the correlations range from -0.8 (highly negatively 

correlated) to +0.4 (moderately positively correlated). Finally, as Figure 16 (c) shows, 

consumption also has a strong relationship with day of week—the total consumption 

on the weekends is on average 0.83 kWh higher than weekdays.  
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To account for weather and seasonal effects, an individual time-series regression 

model was fit to each house. The model has temperature, day of week, and month 

effects. 

௜ݕ ൌ 	ܽ௜ ൅	∑ ܾ௜௝ ௜ܶ௝௝ ൅ 	∑ ܿ௜௝ܦ௝௝ 	൅	∑ ݀௜௝ܯ௝௝ 	൅	ߝ௜      i=1,2,…,K buildings;   
j=0,1,2,…,525 days  

Where:  

௜ܶ௝  outside temperature reading for building ݅ at day ݆ 
 ௝  day of week on day ݆ of the dataܦ
 ݆ ௝  month of year on dayܯ

The estimated coefficients ( ෠ܾ௜௝) are then used to calculate normalized energy 

consumption, by assigning a reference temperature (10’C) to all households, and 

calculating their hourly consumption using the regression model.  

෤௜ݕ ൌ 	ܽ௜ ൅	∑ ෠ܾ
௜௝ ෨ܶ௜௝ ൅ ௜௝ߝ      i=1,2,…,K;    j=1,2,…,24;     ෨ܶ௜௝ ൌ ,݅∀   ܨ65 ݆ 

Figure 17 shows total daily consumption before and after normalizing for weather 

components. 
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evening-peak, unoccupied, etc. It has been shown that the entire load shapes of any 

user can be shown using a few recurring load shapes (Kwac at al., 2014). This enables 

us to compare energy consumption of users only within similar daily load shape 

clusters, effectively removing the lifestyle effects. For example, we can only compare 

double-peak and evening-peak days of customers against each other, knowing that 

these are the days when the customers are more likely to have used their appliances.  

3.3. Incorporating Remaining Variation of Consumption in Energy Efficiency 

Estimates 

After removing the effect of climate, seasonal effects, and lifestyle effects, we call the 

remaining energy component as “normalized” consumption. The fluctuations of 

normalized consumption can be incorporated in energy efficiency estimations. We use 

the bootstrapping algorithm explained in Kavousian & Rajagopal (2014) to estimate 

the confidence interval of efficiency scores based on the fluctuations of normalized 

consumption. 

4 Model Setup for Appliance Efficiency Estimation 

Efficiency is defined as “doing more using less”. In a household context, the appliance 

ownership can be used as a proxy for “doing more”; i.e., a household that owns a 

washer and dryer is enjoying more utility (or as called in this paper, service) compared 

to a household without washer and dryer. Assuming that we are mainly interested in 

efficiency and not conservation, our approach to efficiency should be centered on 

keeping the same services in homes (e.g., washer/dryer, dishwasher, etc.), while 

minimizing the amount of energy that is spent on them. Therefore, we are interested in 
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managing the tradeoff between the Level of Service (LOS, the sum of all services that 

a household enjoys) versus energy consumption (Kavousian & Rajagopal, 2014).  

Frontier methods have been historically used to visualize and examine such tradeoffs, 

especially in settings with high degree of variability and uncertainty. For example, 

Figure 21 shows level of service (measured based on appliance ownership) versus 

energy consumption for the households of our case study. The energy consumption 

values are normalized for climate, seasonal, and lifestyle effects as explained in 

previous sections. As the plot shows, while energy consumption generally increases 

with increase in LOS, for any given LOS the range of energy consumption values is 

still wide. I.e., the energy-LOS plot is bounded on the left. This left boundary is the 

basis for specifying the energy efficiency frontier (Farrell, 1957; Carnes et al., 1998). 

The energy consumption of each user is then compared against the frontier as the 

benchmark: the closer a user is to the frontier, the higher its energy efficiency value is. 

In the rest of this section, we explain how we used Stochastic Energy Efficiency 

Frontier (SEEF) to estimate appliance efficiencies of the households of our study. 

Later, we will explain the appliance efficiency scores using household data such as 

demographic and behavioral variables. 
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4.1 Estimating Level of Service 

To represent the appliance stock of each house, we use a metric called Appliance 

Ownership Index (AOI). It is a weighted sum of the number of appliances, with the 

weight of each appliance being proportional to its energy intensity. We use average 

annual consumption values of the appliances to represent energy intensity (Caposso et 

al., 1994). The AOI is normalized (setting the maximum value to one) to form LOS. In 

other words, the LOS of user ݑ, denoted by ܱܵܮ௨ is calculated using the following 

formula: 

௨ܫܱܣ ൌ 	∑ ௞ܣ 	ൈ	 ௞ܰ,௨
௞
௜ୀଵ   

௨ܱܵܮ ൌ 	
஺ைூೠ

ெ௔௫ሺ஺ைூሻ
  

Where ܣ௞ is the average electricity consumption for appliance ݇, and ௞ܰ,௨ is the count 

of appliance ݇ that user ݑ owns. 

4.2 Identifying Appliances Time of Use 

For our case study, representative load shapes were found using adaptive K-means and 

summarized using hierarchical clustering, per Kwac et al., 2013. These representative 

load shapes formed a “dictionary”, by which we classified each day profile of each 

customer as one of the 7 main load shapes: morning peak, noon peak, afternoon peak, 

evening peak, night peak, double-peak, and inactive days (days with a flat load shape 

and low energy consumption). 
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Once we have classified the load shape and magnitude of each day for each household, 

we can compare households based on their comparable day profiles. 

4.3 Estimating Energy Efficiency Using Stochastic Energy Efficiency Frontier 

As Figure 21 shows, the LOS-energy consumption plot is bounded from below—

barring a few outliers. We identified 34 users as outliers, using a 3-standard deviation 

rule on the ratio of LOS on log of energy consumption. These outliers are unoccupied 

on average on 44% of the days, while the entire population is unoccupied on average 

32% of the time.  

4.4 Regression Model for Identifying the Most Important Household Variables 

in Driving Energy Efficiency 

We regressed efficiency results on household variables to examine the drivers of 

energy efficiency. We assume that the energy efficiency score of each household can 

be explained using a linear combination of its household variables.  

௜ܧ ൌ ଴ߚ	 ൅	∑ ௜௞ܪ௞ߚ
௞
௜ୀଵ   

Where: 
݅ ௜  Energy efficiency ofܧ െ  .user ݄ݐ
–	݇ ௞  Regression coefficient ofߚ  .household variable ݄ݐ
݇ ௜௞  Value ofܪ െ ݅ household variable for ݄ݐ െ  .user ݄ݐ

 

The data set includes 120+ household variables, many of which are highly correlated. 

Model selection techniques can reduce the number of variables, and reduce the risk of 

multi-collinearity. We chose stepwise regression for model selection. Stepwise 

regression is a greedy algorithm that starts with the variable that best describes the 
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dependent variable, and subsequently adds to the model the variables that best 

improve the fit. The goodness of fit is measured using the Akaike Information Criteria 

(AIC): 

ܥܫܣ ൌ 	െ2. log ܮ ൅ 2. ݂݁݀  
 

Where: 
L  The likelihood 
edf  Equivalent degrees of freedom (i.e., the number of free 
parameters) 

 

Variables are added to the model until adding a new variable does not reduce residual 

deviance significantly. In short, stepwise regression identifies the variables with 

highest impact on goodness of fit, and ranks them in the order of their importance. 

5 Results 

For energy efficiency program management, it is important to understand the factors 

that contribute to higher or lower efficiency. This section presents the results of the 

regression model to explain the difference in energy efficiency using household 

variables (behavioral, demographic, and building variables). 

Figure 23 shows the coefficients of the regression model. Variables with positive 

coefficients contribute to increased efficiency, while variables with negative 

coefficient are associated with decreased efficiency.  
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because of higher number of retrofits and energy efficient features that owned 

residences have. On behavioral variables, not being able to motivate others in the 

residence to save energy is correlated with lower efficiency scores. Households with 

the head of household having advanced degree are on average more efficient. Self-

assessment of potential for energy savings has a positive but not very powerful impact 

on energy efficiency. Overall, as seen in Figure 23, more fundamental behavioral 

variables such as having higher education or living in an owned residence (implying 

higher socioeconomic status) have a larger effect on energy efficiency compared to 

self-assessment questions.  

Demographic variables such as household type, education, employment showed 

significant correlation with energy efficiency. Generally, families with kids who have 

full-time employment and are highly-educated are more efficient compared to families 

with no kids, or families with retirees or unemployed members. This observation 

confirms the intuition that houses that are more active during the day are less efficient. 

The difference in demographics of efficient and inefficient users has important 

implications for communication purposes (e.g., use of local newspapers rather than 

on-line account). Families with kids consume the most, and also are the most 

responsive to incentives. When normalized for appliance ownership, families with 

kids also have relatively higher efficiency values due to enjoying economies of scale. 

Therefore, they are prime subjects for utility incentive programs. 

Several behavioral variables especially around the motivation to improve energy 

efficiency showed correlation with energy efficiency scores. For example, when the 
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respondents expressed doubt in being able to motivate other household members to 

save energy, the energy efficiency actually was lower. We also observed that 

households with tendency to make major lifestyle changes to save energy are indeed 

more efficient on average. Conversely, households who write off chances of making 

major lifestyle changes significantly increase their chances of being in the least 

efficient group of households. All these results emphasize the role of education (to a 

wide audience) in achieving energy efficiency goals. 

Physical characteristics of the building, such as water heater fuel use, insulation, and 

use of efficient light bulbs showed significant correlation with energy efficiency. 

Households with high penetration of efficient lightbulbs and double-glazed windows 

showed higher efficiency. Owned residences had higher efficiency scores, most likely 

due to higher penetration of efficient features. Using renewable sources of energy for 

water heating did not impact appliance efficiency, but increased the sensitivity of 

electrical load to outside air temperature. This suggests that water heating load is a 

major load component in the homes of our study, and by removing the burden of water 

heating from electrical load, the most dominant load becomes space heating and 

cooling. 

In short, larger families with higher education and both parents working full-time 

showed higher efficiency. People in owned residences with insulation and other 

efficient features also showed higher efficiency.  
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6 Discussion on Computational and Statistical Validation of SEEF  

While SEEF offers advantages over existing methods for estimating energy efficiency, 

a few computational and statistical issues must be examined when using SEEF.  

First, like any other frontier method, SEEF results are sensitive to outliers. While 

normalizing for weather and lifestyle effects reduces the chances of including outliers 

in the data set, it is still needed to run statistical tests to identify potential outliers. 

Furthermore, the outliers need to be examined separately before being completely 

removed from the data set. For example, in the data set used in this study, we found 32 

outliers after applying common statistical outlier detection methods. Further analysis 

showed that these 32 outliers were mostly un-occupied residences, which validated 

our decision to remove them from the data set. However, it is also likely that some 

homes with extremely low consumption levels have on-site generation, in which case 

a separate treatment of that group of homes is necessary. 

Next, as seen from the frontier plots, the data set becomes sparse as the LOS increases. 

This is expected; for example, the likelihood of observing homes with more than 4 

TVs or three refrigerators is less than the likelihood of observing homes with one TV 

and one refrigerator. The sparse population of houses in higher LOS levels may 

introduce an upward bias in energy efficiency ranking of these houses, since, with the 

sparsity of data, it will be more likely to not observe more efficient homes that would 

move the frontier to the left.  

The sparse population at high LOS levels also implies that a smaller number of unique 

buildings will be on the efficiency frontier throughout bootstrap iterations. When there 
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are more homes close to the frontier (as is the case in lower LOS levels), at different 

bootstrap iterations different buildings may form the frontier; e.g., the chance that 

building A consumes less energy than building B during some months but not all the 

time is higher when both buildings overall use similar amounts of energy. The change 

in buildings that define the frontier can result in wider confidence interval in the mid-

range of LOS values, while the confidence interval will get narrower at the higher or 

lower LOS values. While narrower confidence interval may not result in a bias in 

energy efficiency estimates, it will impact the results of comparison of energy 

efficiency values.  

As explained above, the potential bias in efficiency estimation and narrow confidence 

interval of high-LOS buildings is caused by sparsity of data at high-LOS region of the 

energy-LOS plot. Thus, more data are needed to estimate the upward bias in efficiency 

estimates and the downward bias in confidence intervals. But an alternative solution is 

to use perturbation methods to simulate more high-LOS buildings. In this method, 

existing high-LOS buildings will be copied with a random added error term to form 

new simulated buildings. The distribution of the error term will be estimated based on 

the distribution of energy consumption and LOS at denser parts of the energy-LOS 

plot. Another alternative is to examine high-LOS buildings separately.    

7 Conclusions  

The goal of the majority of energy efficiency ranking (benchmarking) efforts is to 

extract actionable insights that can help the users or energy efficiency planners to 

reduce their energy consumption. When comparing energy consumption of different 
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buildings against each other, one needs to control for the effect of variables that are 

outside the influence or interest of the users to change. For example, while the 

occupants may be able to change their lifestyle to save energy, not all of them may be 

willing to do that. 

Energy consumption is driven by users’ desire to use the services in a house (e.g., 

refrigeration or air conditioning), and is impacted by several internal and external 

variables, such as weather, building size, building systems, appliance ownership, and 

behavior of the occupants. Energy consumption is a highly fluctuating variable, hence 

energy efficiency is a stochastic variable. If one is interested in making statistical 

inferences about the efficiency of different users, the confidence interval for efficiency 

scores is needed. In this paper, we introduced a process to rank buildings’ energy 

efficiency and calculate confidence interval for their ranks. We also demonstrated how 

to account for weather, seasonal, and lifestyle effects on energy consumption before 

ranking buildings. This framework is based on a few assumptions and principles: 

(a) Energy consumption is stochastic, hence comparable periods of consumption 

should be used for comparison and benchmarking. Users have different 

consumption regimes in different days. These regimes are different both in pattern and 

magnitude of consumption. If the goal is to estimate how efficiently someone’s 

appliances run, and how efficiently they use the appliances, we must focus attention 

on the periods that the user is home and uses the appliances. 

(b) Frontier methods specify the boundary of relationship between LOS and 

energy consumption. Plots of energy consumption versus Level of Service (LOS) 
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suggest that while the energy consumption generally increases with increase in LOS, 

for any given LOS a wide range of consumption values can be observed. While 

minimum possible energy consumption for a given house is conceivable (for example, 

having only refrigerator load for several days), the upper bound of energy 

consumption is not tractable. Therefore, a frontier model where the lower boundary of 

consumption for a given level of detail is specified is more appropriate than a 

regression model that is affected by all data points. Therefore, the relationship 

between energy consumption and LOS can be best specified using a frontier. To add 

stochasticity to efficiency estimates calculated using efficiency frontiers, we used 

Stochastic Energy Efficiency Frontier (SEEF) to estimate the energy efficiency of 

households. 

(c) The role of household variables on appliance energy efficiency: The variation in 

energy efficiency can be partially explained by household variables. Examining the 

correlation of household variables with energy efficiency can help utilities in both 

planning and communicating the energy efficiency programs. For example, knowing 

that households with part-time employed or unemployed members as well as families 

with lower education levels have lower appliance usage efficiency can help utilities 

adjust their incentives and messaging of energy efficiency programs to obtain the best 

results.  

The results of this work can help utilities in planning, targeting, and marketing energy 

efficiency programs. Furthermore, power systems researchers and policy makers can 

use the insights of our work in their market analysis.  
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In this paper, we analyzed the appliance load, and also briefly examined the thermal 

component of residential electrical load. Another important component of electrical 

load is lighting load. In our future work, we plan to examine lighting efficiency, and 

compare it to appliance and thermal efficiency of households. 

While in this case study the appliance data were available, the methods described in 

the paper are not dependent on appliance data availability. In more general cases, 

estimates of appliance ownership can be obtained directly from the smart meter data 

using classification methods. The authors are involved in a follow-up study to 

integrate appliance ownership estimation techniques with the appliance efficiency 

estimation method used in this paper. Appliance ownership data can also be collected 

using or survey methods or inferred using nationally-available data (e.g., Residential 

Energy Consumption Survey or Residential Appliance Saturation Survey in the US). 
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Table 9 – Factors contributing to home energy sensitivity to outside temperature and 
seasonal effects. 

Variable Estimate Standard 
Deviation 

P-Value 

Respondent’s Age 0.019887 0.002138 < 2e-16 

Building type (apartment, detached bungalow) 0.010813 0.001967 4.11e-08 

Percentage of efficient lightbulbs -0.040585 0.006546 6.29e-10 

Using renewable power for water heating 0.073243 0.019097 0.000128 

Social class (based on employment; higher value for 
higher income) 

0.007641 0.002283 0.000824 

Number of occupants 0.006556 0.001557 2.62e-05 

Ownership (or rent) 0.033777 0.009590 0.000434 

Using double-pane windows -0.023038 0.008340 0.005771 

Education (higher value for higher education) -0.005328 0.002300 0.020570 

Using timer for water heater 0.011850 0.004873 0.015076 

Using timer for space heater -0.013123 0.006632 0.047907 

Using solid fuel for heating -0.011065 0.005599 0.048223 
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Chapter 5 

Actionable Benchmarking of Commercial Buildings: Examining the Effectiveness 

of Energy Conservation Measures and the Impact of Operational and External 

Factors on Energy Efficiency Scores Utilizing Stochastic Energy Efficiency 

Frontiers 

Amir Kavousian, Martin Fischer, Ram Rajagopal 

Keywords: Actionable Benchmarking, Energy Star, IPMVP Option C, Stochastic 

Energy Efficiency Frontier (SEEF), Energy Conservation Measures (ECMs), Energy 

Management  

1 Abstract 

Energy efficiency benchmarking methods help energy managers monitor energy 

performance of buildings and prioritize energy efficiency investments. Several 

benchmarking methods are available to compare a building against its own, against 

buildings of a portfolio, or against a large number of buildings of the same class. 

However, a critical review of different benchmarking methods based on how they 

support ongoing improvement of buildings’ energy efficiency is missing. In particular, 

there is a need to understand how different benchmarking scores change as a result of 

changes in operational and external parameters that affect building performance to be 

able to interpret benchmarking scores. 

This paper first reviews different classes of benchmarking methods using three 

specific examples: IPMVP Option C, SEEF, and Energy Star. These methods 
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respectively compare a building with its own, with a portfolio of buildings, and with 

all buildings of the same class. The interactions of each benchmarking method with 

two different energy factors are examined. First, the effect of internal changes such as 

implementation of retrofits or a change in number of occupants on benchmarking 

scores is examined. Next, the sensitivity of each benchmarking method to external 

changes such as change in outside temperature is analyzed. To demonstrate these 

interactions, a data set of monthly energy consumption and operational data from 120 

buildings on the campus of a technology firm is used.  

Our results suggest that general benchmarking methods such as Energy Star are useful 

for reporting and public purposes, while individual-buildings methods such as IPMVP 

are valuable in detailed analysis of the impact of interventions on energy consumption. 

Portfolio comparison methods such as SEEF are useful in monitoring the energy 

efficiency of a portfolio of buildings, and in inferring retrofit options for buildings of 

interest. Furthermore, portfolio methods such as SEEF are more flexible in the choice 

of metrics and in specifying the expected relationship of energy factors and energy 

consumption (e.g., linear versus non-linear relationship between kWh and area). 

The results of our research helps practitioners choose the benchmarking method that is 

most appropriate for their purposes, and to better interpret the benchmarking results.  

Finally, we observed that the quality of models and analyses can considerably benefit 

from more detailed data, such as interval consumption data and Building Management 

System (BMS) data.  
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2 Introduction 

Commercial buildings account for nearly a fifth of US primary energy use and more 

than a third of US electricity consumption (US DOE, 2014). With existing 

technologies, it is possible to economically reduce energy consumption of commercial 

buildings by 30%. When emerging technologies are included, this figure reaches 80% 

by 2020 (Farese et al., 2012). In 2010 alone, energy utilities in the US spent $7B in 

energy efficiency projects in buildings; however, research shows that most energy 

efficiency projects do not achieve their goal of energy reduction, or even result in 

increased consumption (Deutsche Bank & Living Cities, 2011; Shapiro, 2011). An 

important step in ensuring that investments achieve expected energy reduction goals is 

to select the buildings that collectively offer the highest energy reduction. Energy 

benchmarking can help in selecting buildings for retrofit.  

While several widely-used benchmarking methods exist, they mostly serve for 

demonstration purposes rather than as decision tools (Peterman, 2012). In the absence 

of formal decision making processes, energy managers and property owners usually 

resort to personal opinion and heuristics for selecting the buildings to retrofit and the 

type of retrofit to apply to the buildings. This practice normally results in 

implementing cooling, heating, or lighting retrofits on the largest and the most energy 

intense buildings, while attractive retrofits such as insulation and infiltration 

improvement are often ignored (Shapiro, 2011). To achieve desired outcomes, energy 

managers need to select proper benchmarking method. However, a comparison of the 

most important benchmarking methods is missing. 
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To address this gap, this paper offers an overview and comparison of the most 

common methods for benchmarking, and proposes a method to examine the results of 

Energy Conservation Measures (ECMs) on the benchmarking scores. The interaction 

of the benchmarking results with operational, structural, and external factors is 

examined, and practical recommendations for energy managers on how to interpret 

benchmarking results is offered. Furthermore, using a real-world case study, this paper 

compares the performance of the benchmarking methods, and identifies their 

advantages and weaknesses in different settings. Particular attention is given to 

minimal data situations, since most existing buildings still use monthly data to monitor 

building performance. 

The following section introduces the most common benchmarking methods chosen for 

comparison in this paper. Then, real-world data from a case study is used to compare 

these benchmarking methods, and examine their correlations with ECMs. Based on the 

results of the comparisons, the pros and cons of each method and specific conditions 

under which to select each benchmarking method are discussed. 

2.1 Longitudinal Benchmarking 

Primarily used for Measurement and Verification (M&V), longitudinal benchmarking 

compares the actual performance of the building with an empirical model developed 

based on past performance data of the building itself. Any deviation of future energy 

consumption from values projected by the empirical model is regarded as an 

improvement or decline in energy efficiency, depending on the direction of the 

diversion (Figure 28). 
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A common method for longitudinal benchmarking is the International Performance 

Measurement and Verification Protocol – Option C Whole Building Measurement, 

referred to as IPMVP Option C in this paper. The IPMVP fits a least-squares 

regression model of the actual consumption against independent variables such as 

Cooling Degree Days and Heating Degree Days (CDD and HDD) (Porter et al., 2005). 

The IPMVP regression model for building k (assuming the baseline period included m 

observations) is as follows: 

஻ܧ
௞ ൌ 	ܺ஻

௞. ௞ߚ ൅	ߝ௞  

Where: 

஻ܧ
௞ : ሺ݉ ൈ 1ሻ matrix of observed energy consumption during the 

baseline period  

ܺ௞ : ሺ݉ ൈ ሺ݊ ൅ 1ሻሻ matrix of observed independent variables, such as 
CDD, HDD, Headcount, Number of computers, etc. 

௞ : ሺሺ݊ߚ ൅ 1ሻ ൈ 1ሻ matrix of model parameters, which will be 
estimated by the least squares method 

௞ : ሺ݉ߝ ൈ 1ሻ matrix of model residuals, which are assumed to be other 
effects and trends not identified using the simple regression model.  

Once the baseline model is fitted, the projected values are estimated by the following 

equations: 

௉ܧ
௞ ൌ 	ܺ௉

௞. ௞ߚ ൅	ߝ௞  

Where: 

௉ܧ
௞ : ሺ݉ ൈ 1ሻ matrix of predicted energy consumption for the post-

baseline period  

ܺ௉
௞ : ሺ݉ ൈ ሺ݊ ൅ 1ሻሻ matrix of ݊ observed independent variables during 

the post-baseline period. The intercept is assumed to be the baseload; 
i.e., the load that does not depend on independent variables such as 
CDD and occupancy. 
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computational requirements of simulation models, as well as problems with model 

verification have made them a less practical method for benchmarking of large 

number of buildings (Maile, 2009). In this paper we do not examine simulation-based 

methods. 

2.2 Cross-Sectional Benchmarking  

Cross-sectional benchmarking methods compare a building with its peer buildings, 

normalizing for factors such as floor area, occupancy, energy fixtures, and climate. 

The most common cross-sectional benchmarking method is Energy Star, developed by 

the US Environmental Protection Agency (EPA) under the national energy 

performance rating program. Energy Star is an external (cross-sectional) benchmark to 

assess how efficiently buildings use energy, relative to similar buildings nationwide. 

The rating system is based on a 1-100 scale for each building type; a rating of 50 

indicates average energy performance while a rating of 75 or better indicates top 

performance. EPA evaluates and modifies the rating system separately for each 

building type. For office buildings, the following seven variables are currently used in 

the model: square foot, number of occupants, operating hours, number of workers per 

square foot, location and the amount of conditioned and heated space (EPA, 2011). 

Once the predicted EUI is calculated, the ratio of actual source EUI to predicted 

source EUI can be calculated, and compared with the distribution of this ratio over all 

buildings. The Energy Star score is calculated as the quantile of the calculated ratio 

with respect to the industry distribution; e.g., an Energy Star value of 75 means that 

only 25% of buildings have a ratio of actual to predicted energy consumption of more 
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than that building. Table 10 summarizes model parameters for Energy Star 

calculations. 

Table 10 - Energy Star predicted EUI calculation summary 

Variable Mean Coefficient 

Constant (intercept) -- 186.6 

Natural log of square foot 9.535 34.17 

Number of computers per 1000 ft2 2.231 17.28 

Natural log of weekly operating hours 3.972 55.96 

Natural log of number of workers per 1000 ft2 0.5616 10.34 

Heating Degree Days x Percent heated 4411 0.0077 

Cooling Degree Days x Percent cooled 1157 0.0144 

   

2.3 Non-Parametric Methods 

Frontier methods quantify the energy efficiency of buildings by forming an efficient 

frontier (i.e., best-practice technology) and comparing all buildings against that 

frontier (Figure 29). The efficient frontier is formed by examining how much energy a 

building consumes in relation to the Level of Service (LOS) that it provides. Frontier 

methods divide into two categories: parametric and non-parametric. Parametric 

frontier methods, also called Stochastic Frontier Analysis (SFA), assume that the 

efficient frontier can be presented using a mathematical formula plus a random 

component (Aigner et al., 1977). Non-parametric frontier methods such as Data 

Envelopment Analysis (DEA) and Stochastic Energy Efficiency Frontier (SEEF) make 

no assumptions about the mathematical formula of the frontier, and instead form the 

frontier using measured data (Kavousian & Rajagopal, 2013). Our focus in this paper 
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Huntington (1995) enumerates the shortcomings of existing methods, such as strong 

assumptions that parametric models make to develop the energy model, and suggests 

the use of frontier methods to deal with those complexities and shortcomings. Some 

examples of applying DEA in energy efficiency are found in Carnes et al., 2008; Lee 

& Lee, 2008; Grosche, 2009; Onut & Soner (2006); Ferrier & Hirschberg (1992). For 

reviews of using this method in environmental studies, see Ang & Zhang (2000) and 

Zhou et al. (2008). Kavousian & Rajagopal (2013) describe the shortcomings of 

existing applications of DEA in energy efficiency, and introduce Stochastic Energy 

Efficiency Frontier (SEEF) for quantifying the energy efficiency of buildings using 

high or low resolution consumption data. 

2.4 Other Benchmarking Methods 

Some benchmarking methods focus on a particular aspect of a building’s performance, 

e.g., heating and cooling load. For example, in some studies the correlation of outside 

temperature with cooling and heating loads has been used as benchmarking metrics. 

(Shiel, 2014). In this paper, we examined the correlation of electricity consumption 

with Cooling Degree Days (CDD), the correlation of electricity consumption with 

Heating Degree Days (HDD), and the correlation of gas consumption with HDD.   

3 Case Study  

A data set of monthly energy consumption and operational data from 120 buildings on 

the campus of a technology firm is used to compare energy benchmarking methods 

and energy efficiency projects on commercial buildings. The next sections describe 
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the experimental data and the results of the case study, followed by a discussion and 

recommendations for practitioners. 

3.1 Experimental Data 

The experimental data includes energy consumption and operational data for 120+ 

buildings on the campus of a technology firm in Washington, US, spanning from July 

2008 to July 2012. The data set includes monthly energy consumption (electricity and 

gas) of individual buildings, as well as their headcount, number of computers, data 

center load, HVAC system type, and a breakdown of floor area (office space, data 

center space, café space, and warehouse). The data set also includes energy 

management data including dates and descriptions of Energy Conservation Measures 

(ECMs), retrofits, and Retro-commissioning (RCx) projects. Several building types 

(including developer buildings, administrative buildings, data centers, cafeterias, and 

sales buildings) were included in the data set. For our analyses, we only focused on 

developer and administrative buildings, since they constitute the largest group of 

buildings, and are similar to most common commercial buildings.    

3.2 Methods 

Data for 44 developer and administration buildings that had sufficient amount of 

verifiable data were used for the analyses. Three different benchmarking methods 

were applied on the data set: Energy Star, IPMVP Option C, and Stochastic Energy 

Efficiency Frontier (SEEF).  

IPMVP procedure uses the difference between predicted and measured energy 

consumption as a performance metric. To convert this metric to a score, we used the 
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is interesting: while smaller ECMs do not considerably contribute to improving 

SEEF/Energy Star scores, the higher the volume of ECMs get, the more the efficiency 

scores improve. This is expected since most lower-volume ECMs are small retrofits 

such as changing a fraction of building light bulbs. On the contrary, larger ECMs such 

as retrofitting HVAC systems or optimizing control sequence much bigger impact on 

benchmarking scores, with a rate noticeably higher than that of smaller retrofits.  

Comparison of Energy Star and SEEF 

SEEF and Energy Star show moderate correlation (0.69). This is expected since, for 

comparison purposes, we used similar variables in calculating the two metrics. The 

relationship between SEEF and Energy Star is also non-linear: Energy Star values tend 

to be higher than SEEF in general, and the difference becomes even higher after a 

certain threshold. A few buildings have considerably higher Energy Star scores than 

SEEF scores (highlighted in Figure 33). A closer analysis of the differences in Energy 

Star calculation against SEEF reveals more insights about the differences in scores. 
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As seen in Figure 35, ten buildings have negatively-correlated values of Energy Star 

and SEEF. A follow-up analysis reveals that the buildings with negative correlation 

have slightly more variation in their occupancy rates, compared to the buildings with 

positive correlation.  

Comparison of Longitudinal Benchmarking against Cross-Sectional 

Benchmarking 

Longitudinal benchmarking methods such as IPMVP measure the improvement of 

buildings compared to their pre-retrofit or normal states. As Figure 32 suggests, the 

IPMVP score is not correlated with any of the two cross-sectional benchmarking 

scores. This implies that whether a building is improving compared to its own baseline 

does not necessarily result in an improvement over the entire population. In many 

cases, the baseline model of the building is already low-performing, hence 

considerable improvement is needed before the building can be compared against the 

entire population. Thus, longitudinal and cross-sectional benchmark scores should be 

regarded independently.  

Based on our validated data set of three buildings (Figure 32), high-volume ECMs 

improved IPMVP scores. However, we need more data to establish a general 

relationship based on this observation. 

4.2 Effect of ECMs on Benchmarking Scores over Time 

Energy Conservation Measures (ECMs) are implemented with the goal of improving 

the performance of buildings and reducing their energy waste. Actionable 

benchmarking of buildings provides feedback to energy managers on whether ECMs 
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have achieved their goal of energy reduction or not. By actionable, we refer to the 

ability to infer specific actions and decisions to improve the energy efficiency of 

buildings. For example, benchmarking can reveal the features that lead to higher 

efficiency in a group of buildings, or retrofit projects that resulted in improved 

efficiency. Therefore, in this section we examine the relationship between ECMs 

versus different benchmarking scores. ECMs are measured using their “volume”, 

which is the estimate of energy managers from potential effect of each ECM on 

energy consumption of the buildings. 

To compare the correlation of benchmarking scores with ECMs, we tracked both the 

efficiency scores and month-over-month improvement of the scores and regressed 

them against the size of ECMs. As a metric to measure month-over-month 

improvement of scores, we used a log-ratio model. We explain the two models in the 

following sections.  

Simple efficiency score model: the simple model analyzes the effect of ECMs on the 

efficiency score, assuming the following relationship holds between efficiency score 

and cumulative volume of ECMs: 

݁௧
௞ 	ൌ ݂ሺ݉௧

௞ሻ  

Where the variable definitions are the same as the log-ratio model. 

 

For simple efficiency score model, 20 buildings (out of 25 with ECMs) showed 

significant correlation between the cumulative volume of ECMs and SEEF efficiency 

scores. Out of these 20 buildings, 16 had positive slopes of the regression model, 
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implying that ECMs had a positive impact on efficiency scores of the buildings, while 

4 buildings had negative slopes. Similarly, 20 buildings showed statistically 

significant correlation between ECM volume and Energy Star score, with 15 buildings 

having a positive correlation while 5 buildings having a negative correlation.  

Continuous improvement model: The log-ratio model examines the effect of ECMs 

on continuous improvement of buildings. The model regresses the log of the ratio of 

subsequent efficiency scores on cumulative volume of ECMs.  

The underlying assumption of the model is that the log-ratio can be explained as: 

logሺ݁௧ାଵ
௞ 	/	݁௧

௞		ሻ 	ൌ ݂ሺ݉௧
௞ሻ  

Where: 

݁௧ାଵ
௞   Efficiency score of building ݇ at time ݐ ൅ 1 

݁௧
௞  Efficiency score of building ݇ at time ݐ 

݉௧
௞  Cumulative volume of ECMs performed on building ݇ up to 

time ݐ 

 

The log-ratio model was statistically significant for only 5 buildings out of 35 

buildings, and the coefficients of the models were very small. This implies that while 

the ECMs had a positive impact on the efficiency score, they did not significantly 

improve the continuous month-over-month improvement of buildings. 

The type of ECM might have an effect on the slope of the efficiency score regression 

model. In our data set, buildings with a positive relationship between ECMs and SEEF 

score had more HVAC equipment retrofits, while buildings with negative relationship 
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Results of SEEF sensitivity analysis show that, when energy consumption level is 

constant, an increase in number of computers has the most significant impact on 

improving SEEF score, while a decrease in lab load, headcount and number of 

computers have almost equal but negative impact on SEEF scores. In terms of size of 

effect, the positive effect of number of computers is larger in magnitude than the 

negative effect of both headcount and lab load. This suggests that, for example, if the 

number of computers increases by 20%, to maintain the efficiency scores, lab load 

should decrease by more than 20%. Overall, the sensitivities range from 0.6 to 1.4; the 

efficiency scores may change up to 40% as a result of a 20% change in one 

operational value. SEEF is more sensitive to headcount, while Energy Star is more 

sensitive to data center load. For example, if a decrease in lab load is accompanied by 

an increase in occupancy (for instance, a change of building usage from developer to 

administrative), the energy managers need to reduce the energy consumption to keep 

the benchmarking scores at pre-change levels. 

4.4 Effect of External Parameters on Efficiency Scores 

Other than operational factors and ECMs, external factors such as outside temperature 

also impact the energy consumption of buildings. Both SEEF and Energy Star 

normalize for outside temperature; thus, it is likely that any change in the efficiency 

score of the buildings across different temperatures is due to the efficiency of the 

building systems and its structure (Kavousian et al., 2013). For example, Figure 37 

shows three different scenarios for the relationship between Total Degree Day (sum of 

CDD and HDD) with efficiency scores. In each case, the change in efficiency over 
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Table 11 - Sensitivity of buildings to outside temperature, by system type. 

System Type Average 
SEEF 
Efficiency 
Score 

Correlation 
of SEEF 
Score with 
Total Degree 
Days 

Average 
Energy 
Star 
Efficiency 
Score 

Correlation 
of Energy 
Star Score 
with Total 
Degree Days 

A (Central Chilled Water 
Plant, not located in the 
building; Chilled Water 
AHU’s, Chilled Water Labs) 

64.47 -0.38 74.87 0.05 

B (Chillers in building; 
Chilled Water AHU’s, 
Chilled Water Labs) 

69.48 0.08 66.96 0.13 

C (Chillers in building; 
Direction Expansion AHU’s, 
Chilled Water Labs) 

54.40 0.37 58.33 0.10 

D (Direction Expansion 
AHU’s, Direction Expansion 
Labs) 

65.86 -0.11 48.97 0.07 

E (Chillers in building, 
Direction Expansion Labs) 

69.08 0.67 73.75 0.12 

G (Underfloor Air 
Distribution Building with 
Labs) 

86.07 -0.70 81.75 0.06 

H (Chilled water serving 
building, No Labs) 

44.35 0.01 66.53 0.15 

I (Direction Expansion 
AHU’s, No Labs) 

54.38 -0.46 44.45 0.04 

 

4.5 Effect of Building Characteristics on Efficiency Scores 

Several building characteristics impact energy efficiency. For example, Figure 38 

shows SEEF scores of all buildings, averaged over groups of the same system type, 

presented over 36 months of the experiment (starting from July 2008 through June 

2012). As seen in the figure, buildings with system type G (underfloor air distribution) 
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expected that the three methods would not provide identical results. Instead, each 

method should be used for its intended use and under proper circumstances. However, 

similarities or dissimilarities between performance measures still provide insights into 

the efficiency of buildings. 

The choice of the benchmarking metric has several significant effects. Each 

performance metric encourages a specific behavior. For example, in our case study, 

the energy managers used to solely track Energy Star scores. As a result, the Energy 

Conservation Measures (ECMs) that were associated with increased Energy Star score 

were more frequently and widely implemented than other ECMs.  

We observed a dual-mode relationship between the volume of ECMs and 

improvement in benchmarking scores: the volume of ECMs should reach a certain 

threshold to expedite the energy efficiency improvements. Smaller ECMs such as 

lighting retrofits improve the benchmark scores; but the rate of increase in 

benchmarking score increases considerably when deeper ECMs such as HVAC 

retrofits are implemented. 

Different benchmarking scores also respond differently to changes in the operational 

characteristics of the building. For example, Energy Star is more sensitive to changes 

in the data center load, while SEEF is more sensitive to changes in number of 

computers. Longitudinal models are even more sensitive to changes in operational 

factors that drive energy consumption. Hence, when a major change in the building 

happens, an entirely new benchmark needs to be formed. For practitioners, an 

understanding of the factors that impact benchmarking scores is essential. Such 
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insights will help energy managers to turn the benchmarking scores into actionable 

feedback. 

While most benchmarking methods normalize the energy consumption for outside 

temperature, it is still likely that a building is less efficient during a certain season—

depending on the efficiency of its cooling versus heating system. Benchmarking 

methods such as Energy Star that create the model based on a full-year cycle of the 

building are less likely to identify such changes in the seasonal efficiency of buildings. 

However, methods such as SEEF that develop separate comparative models for each 

month can be useful in unraveling such trends.  

Finally, structural and mechanical features of the building have a considerable impact 

on efficiency. We observed considerable differences in the efficiency scores of 

buildings with different system types. The effect of building systems also depends on 

their temporal patterns. 

Ideally, the goal of benchmarking should be to continuously monitor and improve the 

energy performance of buildings. Previous studies have shown the benchmarking tools 

such as Energy Star have been used as public tools in the past. Even in such cases, 

simply measuring the performance of buildings is associated with improved 

performance. For example, a 2012 study by the EPA examined 35,000 buildings that 

consistently used the Energy Star Portfolio Manager from 2008 to 2011 to track 

energy use. The study found that energy consumption in those buildings decreased by 

an average of 7 percent (EPA, 2012). 
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5.1 The Choice of Benchmarking Method 

The choice of the benchmarking method depends on several factors, including 

organization’s priorities, energy mangers’ goals from benchmarking, and availability 

of data. For example, since Energy Star uses industry averages to predict energy 

consumption of buildings, it is best suited for buildings with characteristics similar to 

average buildings. However, once the building is un-conventional or in a climate that 

is not well-represented in Energy Star’s calculations, then the scores’ accuracy 

considerably decline.  

SEEF demonstrated more sensitivity to operational factors of the building, external 

factors, building systems, ECMs, and an overall faster feedback rate. Thus, when the 

data for SEEF analysis are available, and when the goal of the analysis is continuous 

and fast feedback system for energy efficiency improvement, SEEF is a more viable 

option. SEEF particularly responds to the need for a metric that has the following 

features: (a) is tailored to the organization rather than based on industry-wide 

averages; (b) does not assume certain relationship between energy factors and energy 

consumption (i.e., is non-parametric); and (c) enables cross-sectional benchmarking 

among a finite building stock. Furthermore, frontier methods offer a new paradigm in 

improving efficiency: the efficiency of a firm can be improved both by reducing the 

consumption for a given output and increasing output for a given level of 

consumption. Frontier methods enable comparing to best practice rather than average 

practice; it is often more interesting to learn from the best rather than to try to improve 

upon mediocre performance. Finally, by defining the efficiency as the ratio of the 

energy consumption of the most efficient comparable building to the actual 
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consumption of the building of interest, SEEF enables calculating the potential gain 

from increasing efficiency. 

Longitudinal benchmarking methods are best suited to examine the effectiveness of 

certain one-time ECMs that were performed at a particular point in time.  

5.2 The Choice of Energy Retrofits 

Another important decision that energy managers face is the choice of energy 

retrofit(s) to implement on certain buildings to improve their energy efficiency. 

Benchmarking scores provide insights on the buildings that are less efficient, and can 

also be used to examine drivers of energy efficiency, as seen in the paper. In some 

cases, several competing retrofits are available, and in some other cases budget 

constraints limit the number of options for energy managers. In such cases, a follow-

up analysis similar to the log-ratio analysis or simple regression analysis explained in 

this paper can help energy managers to select the projects that improve the energy 

efficiency scores of their buildings the most, while staying within budget. 

6 Conclusions and Future Work 

The choice of benchmarking method has a profound impact on energy performance of 

buildings. Different benchmarking tools are better suited for different purposes. This 

paper provides an overview of three most significant categories of benchmarking 

tools, and compares them using a data set of 120 buildings on the campus of a 

technology company.  
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Energy Star is a general tool that will continue to be used by practitioners, but mostly 

for reporting and public relations purposes. While the generality of Energy Star makes 

it very useful for comparison of a wide range of buildings, it is not specific enough to 

properly pinpoint problem areas in buildings. On the other end of the specificity 

spectrum, longitudinal benchmarking methods such as IPMVP Option C develop 

models that are specific to buildings of interest, and help uncover deviations from the 

normal operations. However, since longitudinal analysis is normally isolated to 

individual buildings, it does not provide a method to estimate the potential for energy 

reduction, based on lessons learned or using different systems or strategies. Therefore, 

longitudinal benchmarking is the most useful as a diagnosis tool, or as a measurement 

and verification tool for retrospective analysis. Finally, frontier methods such as SEEF 

are suitable for cases where a specific relationship between the energy factors and 

energy consumption cannot be made, or where non-conventional energy factors need 

to be included in the model. SEEF also requires availability of data from a small to 

mid-size population of similar buildings. Our analyses also showed that frontier 

methods are more responsive to changes in internal and external variables that are 

associated with energy consumption. Hence, frontier methods are better suited for 

continuous monitoring and improvement of energy performance of buildings. 

Data availability can influence the choice of benchmarking, too. This paper used 

monthly data as the common denominator of data sets used by energy managers. 

However, more detailed data are needed for more detailed analysis, especially if more 

rigorous analysis of methods such as longitudinal benchmarking is desired. Additional 

data that can be useful for benchmarking include interval (e.g., hourly) consumption 
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data and Building Management System (BMS) data. Our future work will uncover the 

insights that energy managers can achieve from such additional data. Our intuition is 

that the added cost of collecting interval data and setting up a system for easy access 

to BMS data will be more than paid off by added efficiency gains from such efforts. 
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Chapter 6 

Summary of Contributions, Conclusions, Limitations, and Future Work 

My doctoral research contributes to buildings’ energy efficiency ranking by 

introducing computational methods to (a) remove from the efficiency estimation the 

effect of external and internal factors that are outside the control or interest of users to 

change, and (b) incorporate stochasticity of energy consumption in energy efficiency 

estimation. Both (a) and (b) considerably influence the energy consumption over time 

(see Chapter 2 and Chapter 4 for evidence), and can highly skew the energy efficiency 

rankings. To estimate the stochasticity of energy efficiency, I introduce a method 

called Stochastic Energy Efficiency Frontier (SEEF) that extends existing applications 

of efficient frontiers in energy efficiency by calculating confidence intervals for 

energy efficiency estimations based on repeated measurements. SEEF reduces 

potential biases in energy efficiency ranking that are introduced due to fluctuations in 

energy consumption.  

Ranking building energy efficiency poses challenges, some of which are caused by the 

complexity of modeling building energy consumption (see Chapter 2 and Chapter 4 

for more details on these challenges). A summary of these challenges are: 

 Energy consumption characteristics (e.g., daily base load, peak load, load 

shape) vary widely across buildings, both in magnitude and patterns.  

 Different energy consumption characteristics are explained by different factors. 

For example, drivers of base load are different from drivers of peak load, and 
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drivers of morning consumption are different from factors that influence 

evening consumption.  

 Demographics weakly predict energy consumption characteristics.  

 Limited building features data are available, but with more large-scale 

databases for real estate business and the growth trend in utilities’ data 

collection efforts, lack of building features data is becoming less limiting.  

 It is hard to keep track of un-occupancy states with aggregate data. 

 As a result of all the above points, explaining what drives energy consumption 

is not an easy task. It is possible to write an algorithm that works great on 20% 

of buildings, but there are so many special conditions and nuances that cannot 

be explained by simple methods and limited data.  

In addition to the above, challenges specifically posed by building energy efficiency 

ranking include: 

 Because energy consumption is highly variable, it is hard to make a general 

case about a building being more efficient than another one using limited data. 

 A tradeoff exists between consuming energy and enjoying building services. 

The goal of most programs is improving the efficiency of existing operations, 

rather than reducing the ability of users to perform activities or operations that 

they desire to do. I.e., the assumption is that users will continue to use their 

existing services (e.g., keep the same number of appliances or air-conditioned 

area).  
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 The choice of metric in building energy efficiency ranking is very important, 

because the wrong metric will encourage the wrong behavior.  

The challenges summarized above are partly due to lack of data in traditional settings. 

For example, monthly billing data in residential buildings settings is not adequate to 

identify the variation of energy consumption or to differentiate between consumption 

characteristics. With interval data becoming more accessible through the advent of 

Advanced Metering Infrastructure (AMI) and smart meters, lack of data has become 

less problematic. However, methods to analyze smart meter data to better estimate 

energy efficiency of different buildings are still missing.  

1 Contributions and Impacts 

My research extends frontier models by (a) formalizing a process to account for the 

effect of climate and lifestyle in energy efficiency ranking, and (b) improving how the 

efficient frontier is defined by calculating confidence intervals for efficiency 

estimates. The contributions of my dissertation to the field of data-driven energy 

efficiency include: 

a) Demonstrating the value of frontier methods in energy efficiency analysis; 

b) Developing a method to normalize consumption for weather, lifestyle and 

building services, and incorporating the remaining fluctuations of energy 

consumption in energy efficiency estimates;  
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c) Improving how the energy efficient frontier is defined, by developing a 

method to incorporate the stochasticity of energy consumption in energy 

efficiency estimates using measured data as opposed to resampling methods. 

In this way, SEEF improves upon existing building benchmarking methods by 

improvements upon: 

 Scalability: SEEF supports several independent outputs (services) and can be 

extended to several inputs (e.g., electricity and gas consumption), as 

demonstrated in the case studies. 

 Verifiability (the ability to perform statistical tests): By estimating a 

confidence interval for efficiency values, one can make statistical inferences 

when comparing efficiency of buildings.  

 Generality: SEEF is non-parametric, which means it does not make any 

assumptions about the relationships between outputs and inputs.  

2 Limitations and Future Work 

In the case studies presented in this thesis, the data on appliance ownership of 

residential buildings were available. However, in real-world scenarios such as large-

scale utility energy efficiency planning, individual appliance data are not available. 

Smart meter data can be used to infer appliance ownership from electricity 

consumption profiles (Becker et al., 2013). I am currently collaborating with a team of 

researchers at Stanford and ETH Zurich to integrate appliance ownership estimation 
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methods with SEEF, to enable ranking of building energy efficiency using merely 

smart meter data. 

Furthermore the effect of Level of Service (LOS) definition on ranking results can be 

studied in more detail. In the residential case studies, I chose the Appliance Ownership 

Index (AOI) since appliances are normally the most important service that building 

occupants receive from the building (after accounting for air conditioning through 

weather normalization). In the case of commercial buildings, LOS can have a broader 

set of definitions. For example, in the case study presented in chapter 5, I chose LOS 

based on occupancy, data center load (as a proxy for level of occupancy in the 

building), and outside temperature since these metrics were of highest importance to 

the building owner. However, as explained in the thesis, different researchers have 

used different definitions for LOS. Further research is needed to analyze the impact of 

choice of LOS on future performance of buildings and success of energy conservation 

measures. 

Further studies are needed to examine the form of the frontier across different 

populations. For example, a linear frontier implies a constant returns to scale 

technology. Therefore, if a population of buildings show a linear frontier, it implies 

that increasing the scale of services (in the residential context this means adding more 

appliances to existing buildings or moving to larger buildings), does not considerably 

reduce the efficiency of energy consumption. Thus, one can make a hypothesis that the 

farther from linear the frontier is, the more “wasteful” the larger buildings are. Further 

case studies and analyses are needed to validate or reject this hypothesis. 
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As explained in Chapter 4, sparsity of data from high-LOS buildings can produce 

biases in energy efficiency estimates. In particular, a small number of observations 

from high-LOS buildings may result in more buildings being closer to the frontier, 

hence introducing an upward bias in energy efficiency estimations. The sparsity also 

implies that the confidence interval for the efficient frontier may be narrower, because 

a limited number of buildings form the frontier throughout bootstrap iterations. More 

data are needed to estimate the upward bias in efficiency estimates and the downward 

bias in confidence intervals. But an alternative solution is to use perturbation methods 

to simulate more high-LOS buildings. In this method, existing high-LOS buildings 

will be copied with a random added error term to form new simulated buildings. The 

distribution of the error term will be estimated based on the distribution of energy 

consumption and LOS at denser parts of the energy-LOS plot.  

Finally, to close the loop on energy efficiency estimation and improvement, an 

extension to my doctoral research is to develop a recommendation system that tracks 

energy consumption and LOS of buildings over time and presents real-time, actionable 

feedback to users and energy managers. For example, SEEF enables the identification 

of unusually high or unusually low consumption values (after removing the effects of 

immutable factors). Thus, a potential feature of the recommendation engine could be 

to generate alerts for users when their energy consumption exceeds normal values. 

Based on my findings and validations of my thesis, future studies on energy efficiency 

ranking should use the following lessons learned: 
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 Energy consumption is a stochastic variable, and so is energy efficiency. Using 

aggregate numbers to compare energy consumption of users can result in a 

biased view about their energy efficiency, affected by periods of abnormally 

high or abnormally low consumption. 

 Several factors impact energy consumption. Some of these factors are within 

the control and interest of the users to change, but many are not. An actionable 

ranking method accounts for immutable energy drivers and finds the 

correlation of energy efficiency with changeable factors. 

 Energy consumption is driven by services that the building offers. A view that 

compares energy consumption based on merely structural factors (e.g., energy 

per square foot) can be very misleading, as different buildings with similar 

structures can provide very different levels of service. 

 Frontier methods specify a boundary for the relationship between factors such 

as energy consumption and LOS, when an ordinary regression does not 

adequately represent their relationship.  

While my research addressed all points mentioned above, it did not examine the 

scenarios for inferring or simulating more data from available smart meter data. In 

particular, two applications for immediate development are inferring appliance 

ownership data from smart meter data and simulating more users at higher LOS values 

to identify and remove potential statistical bias of efficiency and confidence interval at 

high LOS values. Through these extensions, SEEF can be expanded into a building 
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energy efficiency ranking and recommendation engine which can be used by energy 

users or energy managers to track and improve energy efficiency of their buildings.
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