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Our goal is to reduce EE Actions or Behaviors. People often think that I
mean habits, like shutting off the lights, when I say this; I’d like to clarify
that our project addresses several types of actions or behaviors, not just
habits, including <[slide bullets\
It might be worth noting that we focus on residential buildings, and some
light commercial
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Our funding is from the relatively new federal agency – arpa-e at doe,
which is modeled off of darpa, but focuses on energy. Our initiative has
~20 different projects. Our team includes 15 faculty from 10 departments
ranging from<S, EE, EE, Econ, on the one hand, and Psych, Comm,
Education, Behavioral Epidemiology at the School of Medicine on the
other.
The projects all center around how to leverage smart meter or other
sensor data, with behavioral techniques, to maximize energy savings.

3

Our initiative attempts to address the following problems.
First, billions are being spent to produce a smart infrastructure, with all of
the CA IOU territory having smart meters in the next year, and an
estimated half the US by 2020, yet the energy savings potential of this
infrastructure – without careful consideration of the human element – will
not reach its full potential.
Second, EE is difficult: Figuring out what to do and how to do it is difficult
and boring
How can we address both of these issues? How can we leverage smart
infrastructure to maximize energy savings?
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Our solution is that a smart infrastructure enables quantification, which in
turn enables ways to reduce energy use.
For one, it enables diagnostics or personalized recommendations, so that
people aren’t left guessing what they should do; [Once they know what to
do, we can use other approaches to simplify how to do it.]
Second, quantification enables a variety of behavioral techniques that
were difficult to implement before. For example, Feedback, Incentives,
Markets, Competitions, Data visualization. [These increase motivation.]
Third, quantification allows us to create the best programs with
unprecedented speed, ease, cost, and scale – through objective evaluation
of program energy savings.
Let’s look at how to achieve these things with a smart infrastructure.
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Here’s an overview of our project;
We are at a unique point in history, and have a great opportunity on our hands because:
- Wireless sensors (e.g., Smart meters, HAN, Gas, transportation, hot water sensors) are becoming
pervasive, enabling quantification of energy information
- And web enabled devices are Pervasive - so that computers and phones can deliver programs to help
individuals reduce energy use
We ask: How can we leverage smart infrastructure to achieve deep and widespread energy savings?

To address this, in the middle, we have Stanford’s Engine which links the pervasive sensors and webenabled devices.
The engine includes 3 buckets – each which uses quantification of sensor data in a different way.
1. The first bucket is the technology platform, and includes projects that use sensor data to perform
analytics - like diagnostics on where a given individual should save energy through disaggregation.
The tech platform also supports data capture and storage, and includes some comm protocol dev’t
work.
2. The second bucket includes our programs or interventions – these live on top of the tech platform.
Here, quantification enables a variety of behavioral techniques to be used that were difficult to use
previously. For example, Feedback, Incentives, Markets, Competitions, Data visualization. [These
increase motivation.]
3. The third bucket includes modeling and evaluation. Here, quantification allows us quantify program
savings and inform policy. Quantification also enables us to create the best programs with speed,
ease, cost, and scale – because we can objectively evaluate their energy savings and refine
programs accordingly.

Thus, the projects all center around how to leverage smart meter or other sensor data,
with behavioral techniques, to maximize energy savings.
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This is a landing page from which we can get to 5 of the 7 intervention
projects, from that middle bucket I just described; I’ll talk about a few of
these now.
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This is our simple feedback interface - The data is graphed, compared to
one’s baseline in the past, compared to one’s neighbors energy use, and
the user is also given recommendations, and sent emails at strategic times.
All of our projects are set up so that we can easily change the features
displayed, and track their effectiveness in reducing energy on customers.
This project in particular looks at the impact of how we organize
recommendations, and also the impact of using message framing about
one’s community versus individual action;
!ll of the projects I’ll discuss also use web collector technology – so that
we can get utility smart meter data into the programs. That is, a
homeowner simply provides their online utility username and password –
so the homeowner opts in, and direct interfacing with the utilities is not
necessary. This is standard technology that is used in Mint.com for
financial information, EarthAid.net, etc.
In addition to utility data, we can take in data from other sensors, like TED
devices, home area networks, etc.
Greg Walton
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Prof Byron Reeves project is PowerHouse, an online game that incorporates real
world energy data into some of the game play. For example, on the graph page
presented here one can challenge their friends to a “lights out night” etc and
then see who won based on the actual data. The game play in this background
game trains people up in a short amount of time to turn off appliances when not
in use, by providing points or reinforcement in a sped up timeframe.
Some eye-opening facts about games:
The audience of this genre is big, with as many as 400M people worldwide that
operate avatars in virtual environments (Gartner, 2007).
It is also surprisingly diverse, given that gamers average 33 years old (there are
more of them in their 40’s or 50’s than in their teens), the majority of them have
full time jobs and kids, and the gender ratio ranges from equal to 3:1 depending
on the genre.
Furthermore, people are coming to expect engagement in workplace settings as
well – IBM and other corporations are beginning to incorporate game-like
elements and virtual meetings into work tasks.

This game has been evaluated in a laboratory setting, in which individuals turn
off more electronics in the room when leaving if they’ve played the game; In a
study where individuals played the game in their homes over 10 weeks, it also
seemed to reduce energy use slightly during that period.
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Prof Banny anerjee’s group has created three FB Apps. Kidogo allows one to compute their real world energy
savings, and then microfinance individuals in developing countries based on their savings. A premise behind this is
that the monetary savings that Americans get from reducing energy is relatively small, so that microfinancing
stretches the value of one’s money;
PowerTower on the right is a tetras-like energy saving game. Individuals get blocks based on how much energy
they’ve saved; You can also create a team and compete with other teams – building your blocks into a tower to see
who can get the highest.
These apps are in process of being tested on FB.
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Prof Balaji Prabhakar has another incentive program, that also aims to stretch the value of monetary savings. Here,
participants get credits that correspond to cash for shifting to off-peak travel, or for mode shifting (from private to
public transit), or for recommending a friend. Then individuals can choose to participate in a simple game of chance
– that looks a bit like chutes & ladders in the upper right corner - to win a shot at a larger amount of money.
Individuals are poor at assessing probability and also erroneously sense that their strategy can influence outcomes,
and are very engaged in trying to win these larger sums of money.
INSINC was launched in January 2012 in Singapore, and in 6months exceeded their goal of 20k users (21,000).
A p < 0.05 level of significance was observed for utilization of public transit and shifting time of use in the optimal
direction. 11-12 percent of users in Singapore shifted off-peak
Balaji has also expanded this work to stanford campus and in non-transport domains: step/health, recycling; It’s
been difficult for him to line up a home energy program.
Balaji Prabhakar
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Prof Sam Mclure’s !ppliance alculator application allows folks to compare their current appliance’s consumption to any new appliance on the market in terms of energy costs that meet their desired attributes compares to the energy use and cost of their
existing appliance on energy consumption and other factors – and then click through to buy the new appliance.
We’ve run 4 experiments to date, testing different ways of framing information, e.g., by using behavioral economic nudges. More than 60,000 online shoppers have come to this study through Google Ads. The basic findings, which are intriguing, suggest that
projecting out cost savings over time does not have an impact on click-throughs, whereas simply changing the sort order to put the most efficient appliances on top does.
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Profs Tom Robinson and Nicole Ardoin lead our community girl scout program. The girl scouts have high penetration
– one in two women in the U.S. have been a girl scout, and how many people here have bought girl scout cookies in
the last few years? Typically a raise of hands shows ~30-100% of folks.
Here you see a screen shot of the landing page for the website for the program. On the right you can see the badges
we designed for our program.
We tested the 5 session program in 30 troops – half of the troops focused on reducing home energy use, and the
other half on transport and food energy use.
Throughout the program, to draw families to the website to make deeper energy savings, the girls act as reporters
and create a video telling others how to reduce energy<then their families can then view the videos online on the
website – which draws them to the website.
----Preliminary results indicate significant changes in reported energy-saving behaviors by children in both
interventions, with stronger effects in the home energy curriculum group.
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For the most part, the projects have been pursued independently to date. To tie things
together for you, this diagram illustrates one way they might be integrated.
1.

At the top we have engagement channels. We know from other efforts that only
~0-4% of utility customers etc. actually go to an energy website that the utilities
advertise. On the other hand, environmental community based programs
sometimes get as high as ~85% participation in communities. Thus, we see
community programs like the Girl Scouts, and online social networking sites like
FaceBook, at the top, playing a strategic role in channeling folks to

2. A web based recommendation system, which provides diagnostics about whether
you in particular should get a retrofit, replace specific appliances because they are
inefficient or malfunctioning, etc. (I’ll describe that a bit more in a second),
3. And these diagnostics allow us to channel you into specific programs and incentives
that makes it easier to take action
4. Motivation can be increased to revisit this system for more recommendations,
through novel incentives or media that make specific use of the data (e.g., some of
what I showed you today)
5. Changes in energy use data are then used to evaluate and improve the programs,
improve targeted marketing, and improve program evaluation for utility credits.
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One final note – a key piece of this model is to be able to perform
diagnostics and recommendations automatically and at scale. We think
that Energy Disaggregation using smart meter data could achieve this.
Disaggregation allows us to take a whole building (aggregate) energy
signal, and separate it into appliance specific data (i.e., plug-level or enduse data). A set of statistical approaches are applied to accomplish this.
There are often around 100 end uses of energy in a home so that it is hard
for individuals to determine what they should do to save energy, and
studies show that there is 200-300% differences in energy use between
identical housing units due to appliance saturation and lifestyle patterns.
So there’s a fair amount of variability in what people should be doing to
reduce their energy use that warrants diagnostics.
Current meters can accomplish disaggregation for approximately 10 end
uses, once the Home Area Network is activated, and improved future
deployments of meters could do more.
Andrew Ng, Zico Kolter
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We developed an Energy Services Platform to support these and future
projects, which we are in process of making available to others.
----This can be organized into three layers:
1.

The presentation layer, which is what the user sees, and includes the
device, the medium (like website or text messaging), and the GUI
(including the content, style and layout); !nd we’ve built this out to
be flexible so that we can display across platforms and build in
different ways.

2.

The services layer is anything that require computation, logic, or
analytics, like subject assignment, etc. [Many of the screens
corresponding to this I actually didn’t show today, in the interest of
time.]

3.

And the Storage layer contains all of the data.
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