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In the United States, the residential sector accounts for a
significant proportion of the greenhouse gas (GHG)

emissions produced each year. Sixty-two percent of vehicle
emissions come from passenger cars and light-duty trucks,
and one-quarter of non-transportation emissions come from
residential sources.1 Many individual-level behaviors that
contribute to these emissions could be modified, for exam-
ple, by purchasing compact fluorescent bulbs (purchasing
behaviors), increasing one’s refrigerator temperature (non-
purchasing, one-time behaviors), regularly shutting off the
lights (repeated behaviors or habits), or insulating one’s hot
water heater (complex behaviors that require expert assis-
tance or are costly). Changes in such individual-level behav-
iors may play an important role in slowing climate change.

Reliable and valid tools for measuring the frequency, du-
ration, or intensity of behaviors such as these, in conjunction
with tools that provide accurate information about their
GHG footprints, may help reduce emissions.2 Such reduc-
tions could be achieved by using the data acquired with
these tools in a variety of applications geared toward indi-
viduals, policymakers, program designers, and researchers.
Some applications include the following:

(1) This information can help generate goals and
provide feedback to individuals in order to facili-
tate behavior change. Close to 40 studies have
shown that providing individuals with feedback on
their residential electricity use results in reductions
of 5-15%, with the greater reductions occurring
with more frequent or disaggregated feedback.3

Research in public health has demonstrated that
feedback is more effective at producing behavior
change when used in conjunction with goals, and
goals are most effective when they focus on proxi-
mate, specific behaviors.4 The use of goals and
feedback could be effective for reducing energy
use by individuals, households, building managers,
owners of commercial enterprises, and others.

(2) The data could help identify which behaviors
and populations should be targeted with specific
behavioral, technological, or policy interventions
in order to develop more successful and cost-effec-
tive programs. For example, it seems prudent to di-
rect resources toward interventions that target pop-
ulations which frequently engage in large footprint
behaviors. (Other factors, such as the potential
malleability of the behaviors, acceptability of the
interventions, and effects on equity should also be
considered when selecting target behaviors and
populations, but will not be discussed further here.)

(3) Data quantifying behavior prior to and fol-
lowing interventions allow for their assessment.
Without the ability to reliably and validly estimate
GHG-related behaviors with fairly high behav-
ior-specific resolution, substantial effort, time, and
resources may be wasted without knowing whether
programs and policies are needed at all, or are ben-
eficial, ineffective, or even harmful; which pro-
grams and policies should be replicated and dis-
seminated; and which need to be ended, revised, or
replaced. The effects of interventions are much
more easily detectable when end use behaviors are
disaggregated. This is because it is difficult to de-
tect the effect of changes in a small subset of end
use behaviors that an individual is likely to change
at any given time, out of an aggregated household
measure of electricity use.

(4) These data could enable a more diverse inter-
vention kit for utilities. The ability to verify that a
particular intervention resulted in energy savings
allows utilities in some states to collect revenues
for their energy efficiency efforts. Existing inter-
ventions are typically limited to rebates and cou-
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pons because these are closely linked with energy
savings behaviors, i.e., the purchase of an en-
ergy-efficient item. Higher resolution data make it
easier to verify that other types of programs such as
media messages or in-home feedback displays re-
sult in energy savings. This is because the relevant
data are not obscured through aggregation, as de-
scribed above, and also because a clear link can be
established between the behaviors targeted by the
intervention and those behaviors that individuals
actually change.

(5) These data could improve the effectiveness
of research directed at reducing energy use. Behav-
ior change techniques are most effectively evalu-
ated using end use specific data, for the reasons
described above. Building research could also
benefit, for example, actual building energy use,
which is much higher than that predicted by mod-
els, but few data are currently available to identify
the origins of this discrepancy. A more detailed
understanding of the frequency and timing of vari-
ous end use behaviors could shed light on the
problem. Specific data might also enable engi-
neers to determine which appliances or appliance
subcomponents should be targeted for energy effi-
ciency improvements.

(6) Data on end use behaviors could be used to
estimate individual and population frequencies of
GHG emissions-related behaviors and changes in
their frequencies over time, for example, to im-
prove models of energy use and to aid policymakers
in understanding energy consumption trends.

(7) The data could foster innovation that enables
individuals to reduce their energy use even further.
Information regarding individuals’ energy use
could be incorporated into online social networks
or video games to increase motivation to reduce en-
ergy consumption. For example, data regarding the
actual energy consumption of one’s individual ap-
pliances could be compared to the expected energy
consumption of those appliances contained in
databases5 in order to alert users when an appliance
should be repaired or replaced. When coupled with
control devices, information regarding the energy
use of appliances or temperature systems could en-
able individuals to adjust use of these items re-
motely or automatically with presets. A better un-
derstanding of where energy is used and under
what conditions could enable laypeople to develop
innovative solutions to reducing energy use.

This Article surveys the range of tools that are currently
available for measuring the carbon footprint of individual
behaviors and the frequency, duration, and intensity of those
behaviors. Different types of tools might be suitable for the
different applications described above; in this Article we re-
view tools that include text-based documents, footprint cal-
culators, surveys and logs, and measurement technologies.

We also discuss the characteristics of the tools. For example,
we review which categories of behaviors are covered by the
tool, e.g., home electricity, gas, transportation, food; the
tool’s ability to evaluate the frequency of behaviors with
specificity and sensitivity; whether carbon footprint esti-
mates are provided by the source; and whether the source is
easy to use.

I. Tools

A. Text-Based Documents

Several peer-reviewed text-based documents are available
that estimate the carbon footprint of behaviors. These gener-
ally derive estimates from large government or industry data
sets and make additional assumptions and calculations to
measure the impact of specific behaviors or categories of
behaviors. These documents focus on electricity and trans-
portation,6 food,7 or a broad variety of categories of behav-
iors.8 However, many of these sources cover only a small
subset of behaviors or provide statistics that are difficult to
use for the aforementioned applications. There are also sev-
eral government and academic documents that focus on the
carbon impact resulting from the production of food and
goods.9 However, these dense documents generally require
additional calculations and assumptions to produce figures
for the uses described above, they tend to be based on Euro-
pean goods, and it is questionable whether the figures gener-
alize to the United States. In summary, these documents
likely provide the best data available to date on the carbon
footprint of individual behaviors, although they could be
made more specific and/or user-friendly, and there are sig-
nificant gaps in knowledge for behaviors related to food and
product consumption.

B. Online Calculators

Recently online carbon footprint calculators have become
popular. Most of these include only very general questions,
such as overall home electricity use and miles driven.10 This
makes the calculators unsuitable for the purposes described
above. Also, there are large inconsistencies between online
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carbon calculators,11 and their reliability and validity are un-
known. Here we describe just two of the numerous calcula-
tors. These assess specific behaviors and take a rigorous ap-
proach to acquiring their figures.

The Home Energy Saver (HES)12 is extremely specific
and comprehensive regarding home energy use; questions
investigate home construction characteristics, types of ap-
pliances and heating and air conditioning systems, and fre-
quency of use of this equipment. The authors of the calcula-
tor plan to develop a behavior module in which an individual
can choose to answer only those questions that relate to
day-to-day behaviors rather than home construction and ap-
pliance purchase information.13 The HES is an excellent
tool for surveying a comprehensive set of specific home en-
ergy characteristics and end uses, and it provides a sufficient
range of response options on each question to detect differ-
ences in energy use on these across individuals or within an
individual across time. The tool is also very accurate in that
it closely predicts actual financial expenditures based on the
non-financial user input described above. However, using
the tool requires significant time to gather and input data.
Also, information on energy use or GHG emissions for indi-
vidual end uses must be derived from supplementary docu-
mentation that the group provides14—automated results are
reported in terms of one’s estimated financial costs by end
use category as well as aggregate potential annual financial,
energy, and carbon emission savings.

The Berkeley Institute for the Environment15 calculator
has a broader focus in that it covers home energy use as well
as behaviors relating to transportation, food, and the pur-
chase of goods and services. However, it clusters behaviors
in a way that is much less specific than the HES. carbon di-
oxide figures are derived from national databases. For ex-
ample, for food and services, a life-cycle assessment model
is used to convert monetary expenditures in a particular sec-
tor of the U.S economy, e.g., meat, vegetables, all services,
to the corresponding GHG emissions produced from this ex-
penditure (based on the total GHG emissions for that sec-
tor). However, because behaviors are measured in terms of
money spent by an individual on a category of behavior,
rather than on the frequency of individual behaviors, inter-
pretation is confusing for many of the applications de-
scribed at the beginning of this Article.

C. Surveys and Logs

In the past few decades, many surveys have been developed
to measure pro-environmental behaviors. These typically
ask about a relatively small number of environment-related
behaviors and have been used to investigate whether they

are correlated with attitudes or other psychological con-
structs. Many cover sustainability in general, and include
questions that are not specific to climate change, such as
household chemical use, battery recycling, etc.16 Of the sur-
veys that deal with climate-relevant behaviors, some deal
only with recycling17 or transportation,18 or estimate behav-
iors indirectly, e.g., appliance ownership,19 and others code
behaviors on a binary scale, which diminishes their sensitiv-
ity for detecting variations and changes in behavior, particu-
larly in individuals.20 The majority of these measures do not
meet the needs laid out at the beginning of this Article be-
cause they do not cover a sufficient number of individual be-
haviors relevant to climate change.

The Stanford Climate Change Behavior Survey is a re-
cently developed self-administered survey designed to as-
sess the frequency, duration, or intensity of climate
change-relevant behaviors performed by individuals.21 The
instrument covers several categories of behavior (electricity
and gas use, transportation, food, and waste) and inquires
about many specific behaviors within each of these catego-
ries. Another benefit is that the response options for each
question were designed to be sufficiently sensitive to detect
behavior change over time or across individuals. However,
the survey is geared only toward individuals, such as rent-
ers or high school and college students. A more compre-
hensive version could target homeowners, e.g., currently
there are no questions on appliance purchases or retrofits.
Also, there is presently no conversion for the behaviors to
their carbon footprint.

StepGreen is an online tool that allows individuals to log
over time whether or not they perform specific behaviors,
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and it covers a large diversity of behaviors in several catego-
ries.22 It also provides average GHG estimates of the foot-
print of each of those behaviors and makes use of social net-
working, norms, visualization, and suggestions about spe-
cific actionable items. However, the tool only allows indi-
viduals to indicate whether they are doing a behavior or not,
so it has low sensitivity to changes in behavior over time or
between populations for any given behavior. The GHG foot-
print for each behavior assumes average frequency, dura-
tion, or intensity of the behavior, and the tool is not transpar-
ent about where these figures come from.

D. Measurement Technologies

Another approach to assessing behaviors related to GHG
emissions is to quantify the actual impact of individuals’ or
households’ electricity or gas usage using, for example,
electricity meters.23 To date, these devices have measured
overall consumption; technology that disaggregates con-
sumption by end use behaviors has been too labor- or cost-
intensive to be feasible for most applications, including suf-
ficiently powered population-based studies.

However, technologies are rapidly emerging that may al-
low for improved energy measurement at lower cost and
with easier installation. So called smart meters—electronic
meters that replace the old mechanical ones and are capable
of transmitting overall home electricity use wirelessly,
along power lines, or through high bandwidth digital com-
munications in almost real time to outside sources, e.g., the
utilities, or within the home to Home Area Networks
(HANs)—are being deployed throughout Europe and the
United States. For example, by 2012, all California residen-
tial and commercial buildings are expected to have smart
meters. Dozens of third-party vendors are developing tools
to display or augment the smart meter data. For example,
some companies are developing web interfaces that analyze
and display data from smart meters, e.g., GreenBox. Others
are developing wireless HANs that sense electricity use on
individual appliances, e.g., Tendril, Widefield Technol-
ogies, or disambiguation algorithms that derive appli-
ance-specific data from overall home electricity use, e.g.,
Electric Power Research Institute; Shwetak Patel, Univer-
sity of Washington; Dane Kouttron, Rensselaer Polytechnic
Institute. Still others are embedding chips in appliances to
allow individuals to control them, e.g., Echelon, General
Electric, Whirlpool. In September 2008, a workshop was
held by Stanford’s Precourt Institute of Energy Efficiency
on this topic, and workshop materials are available online.24

Similar technologies are under development for transpor-
tation behaviors. For example, Enviance, EnCana Corpora-

tion, and Cartasite Incorporated have partnered to measure,
record, and provide feedback on the acceleration rates and
fuel use of 400 participants in a Denver-based study.25 The
UbiGreen project, a collaboration between Intel, the Uni-
versity of Washington, and Carnegie Mellon University,
uses mobile phones, sensors, and machine-learning tech-
niques to automatically recognize transportation behaviors
such as walking, biking, and moving in a motor vehicle, and
records and provides feedback on this data.26

These technologies offer great potential to objectively
measure electricity, natural gas, and gasoline consumption.
These measurements can then fairly easily be converted into
GHG emissions. The technologies also promise the oppor-
tunity to measure end use behaviors with a fairly high de-
gree of specificity. Thus, they would acquire the two types
of data described at the beginning of this document: (1) the
carbon footprint of behaviors; and (2) the frequency, dura-
tion, or intensity of the behaviors. Furthermore, correspon-
dence between survey questions and emissions could be
established by collecting self-report survey data on indi-
viduals during the same period that their appliance-spe-
cific electricity use is measured. This would be useful for
acquiring impact estimates of specific behaviors so that
when objective measures of emissions are not feasible,
surveys could be used to assess impact. Establishing a rela-
tionship between behaviors and objective measures of GHG
emissions could also improve the resolution and accuracy of
carbon calculators.

II. Conclusion

Data regarding the frequency, duration, or intensity of spe-
cific end use energy behaviors, as well as the carbon foot-
print of these behaviors, could help reduce GHG emissions
through a variety of applications. Delaying action until ideal
tools are developed or better data are available is obviously
not an option, but many useful tools are available now, and
emerging technologies offer great promise in the near fu-
ture. These tools tend to focus on electricity, natural gas, and
transportation behaviors, while individual data on food and
purchasing behaviors is mostly lacking. This is in part due to
the difficulty in computing figures for food and purchasing
behaviors, e.g., the source of raw materials can vary signifi-
cantly over time and geographic region, although grocery
store databases derived from “club card” use, GHG regis-
tries, carbon emissions trading programs, and improved la-
beling, may eventually produce useful data on these behav-
iors as well.

Note: Many of the documents or tools discussed in this Ar-
ticle, as well as related ones, are conveniently linked through
the Precourt Institute for Energy Efficiency website.27
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