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ABSTRACT

The first step to saving energy in the home is often to cre-
ste an_ energy breakdoun: the amount, of energy used by

di li in the home. U ly, cur-
renL techniques that produce an energy breakdown are not
scalable: they require hardware to be installed in each and
every home. In this paper, we propose a more scalable so-
lution called Gemello that estimates the energy breakdown
for one home by matching it with similar homes for which
the breakdown is already known. This matching requires
only the monthly energy bill and household characteristics
such as square footage of the home and the size of the house-
hold. We evaluate this approach using 57 homes and results
indicate that the accuracy of Gemello is comparable to or
better than existing techniques that use sensing infrastruc-
ture in each home. The information required by Gemello is
often publicly available and, as such, it can be immediately
applied to many homes around the world.

1. INTRODUCTION

Buildings account for more than 30% of total energy usage
around the world, of which up to 93% is due to residential
buildings [41, 18, 42]. Some of this energy can be saved
by producing an energy breakdown: the amount of energy
used by each individual appliance in the home, akin to the
itemised bills we get from grocery stores. With such a break-
down, utility companies can focus conservation programs on
homes that have an especially inefficient appliance, such as a
fridge, water heater, or air conditioner. Energy feedback can
also help induce haviour in the
themselves [15, 4, 30, 43, 24].

Unfortunately, current techniques that produce an energy
breakdown are not scalable: they require hardware to be in-
stalled in each home and /or intensive manual training of the
system. One approach, called non-intrusive load monitoring
(NILM), tries to infer the energy breakdown based on the
aggregate power trace from a single smart meter installed
in the home. This approach is perhaps the most practi-
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cal because smart meters are already being rolled out in
millions of homes worldwide. However, current techniques
require high resolution data (1 minute sampling frequency
or higher) (39, ] while most smart meters today only
support 15-minute or hourly sample rates to support time-
of-use energy pricing. Even if smart meters had a higher
sampling rate, most of the world does not yet have smart
meters and many places do not even have plans to deploy
them. Alternatives to NILM are more accurate but require
specialized sensors to be installed inside the home [20], on
each individual appliance [32, 26, 16], or on each circuit in
the breaker box [37]. All of these solutions are limited by
the need for instrumentation to be deployed in every home.

In this paper, we propose a more scalable solution called
Gemello that produces an energy breakdown in homes with-
out requiring new hardware to be installed in each home. In-
stead, Gemello estimates the energy breakdown for a home
by matching it with similar homes that do have a hardware-
based disaggregation solution. This matching requires only
the monthly energy bill and household characteristics such
as square footage of the home and the size of the house-
hold. From an energy perspective, homes in the same ge-
ographic region are often very similar because they have
similar construction methods, use the same heating fuels,
and contain similar fridges, washing machines, and other
appliances. Gemello exploits this fact to provide an energy
breakdown for many homes in a region by instrumenting
only a fraction of them.

course, no two homes are exactly identical and find-
ing a perfect twin is unlikely. Therefore, Gemello uses a
different set of matching homes to estimate the energy us-
age of each individual appliance. The key to success is the
ability to define ‘similarity’ on a per-appliance basis. For ex-
ample, homes with similar seasonal trends in their monthly
energy bill are expected to have similar heating/cooling en-
ergy (referred as heating, ventilation, and air conditioning
[HVAC] from now on); homes with similar square footage
are expected to have similar lighting loads; and homes with
a similar number of occupants are expected to have similar
washing machine energy usage because that is driven by the
amount of clothes worn each day. The energy usage of each
appliance is predicted by a different set of features, and so
Gemello finds a different set of homes to predict the energy
usage of each appliance.

We evaluate this approach using 57 homes from the pub-
licly available Dataport data set [38], in which the ground
truth energy breakdown is measured by metering each appli-
ance of the home individually for one year or more. Results

show that the accuracy of Gemello is comparable to or bet-
ter than established NILM techniques called FHMM and
LBM, both of which require on-site, high-frequency power
metering in each home [33, 45]. Gemello can achieve 76%
and 69% accuracy on HVAC and fridge, compared to 61%
and 39% for FHMM and 56% and 72% for LBM. Further-
more, it achieves up to 57% accuracy on washing machine,
dryer, dishwasher, and lighting loads, which is higher than
previously reported results. Many existing techniques are
not able to disaggregate these loads at all. Our analysis
shows that these results are robust with as few as 7 instru-
mented homes: the accuracy for HVAC loads is ~69%, still
8% better than state-of-the-art approaches. The accuracy of
Gemello becomes higher in homes with smart meters that
provide power readings at 15-minute resolution.

The Gemello technique has potential for immediate im-
pact because all of the information it requires is already
available. Essentially all homes already have a standard
power meter that provides total monthly energy usage for
billing purposes, and in many regions this information can be

online’ such as the
size of the home and the number of people in the household
are often publicly available and are already being used by
companies to match homes for other types of eco-feedback?.
Finally, many companies are already collecting submetering
information from thousands of homes around the world®. By
combining these three sources of information, Gemello could
be used to provide an energy breakdown for homes around
the world without the need to install new instrumentation
in each location.

2. RELATED WORK

Various techniques for measuring appliance level energy
consumption have been studied in the past. The simplest
technique is to install appliance level sensors that monitor
and report appliance energy consumption (26, 16). Many
commercial vendors are also selling appliance level sensors
such as Kill-A-Watt" and Hobo plug load data logger®. In-
stead of directly monitoring the appliance of interest, a few
recent systems have looked into indirect sensing techniques.
Kim et al. [32] develop a system called Viridiscope that
leverages the correlation amongst sensor streams, like us-
ing a vibration sensor on a fridge to tell if the compres-
sor is running or not, and then using a model to determine
fridge’s power. Similarly, Clark et al. [13] develop a system
called Deltaflow that employs energy harvesting sensors and
performs computation on the activation of these sensors to
determine appliance power draw. Jain et al. [25] install tem-
perature sensors inside a home to estimate air conditioner
energy usage. Gupta et al. [20], Chen et al. [12] and Gulati et
al. [19] use the electromagnetic interference typically gener-
ated by electronic appliances to determine appliance usages.
Previous work has also looked into using sensors deployed
at household circuits (lesser in number than individual ap-
pliances) to infer per-appliance energy usage [37]. All these
solutions are limited by the need for instrumentation to be
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deployed in every home. Previous research has shown that
there are various challenges beyond cost of the system that
prevent such systems from being scaled [23].

NILM is often considered the most practical approach to-
wards generating energy breakdown. However, like other ap-
proaches mentioned above, it also requires instrumentation
in each home. While the effort of deploying a smart meter
may be less in ison to other related most
of the world still does not have smart meter infrastructure.

Since its inception in the early 1980s by George Hart [21],
the field of NILM has seen various approaches based on dif-
ferent machine learning techniques leveraging different fea-
tures of the power trace. However, many of these approaches
require submetered data to learn a model of each appliance
and these models have not been shown to generalize well
across homes. Even if the models did generalise, NILM ap-
proaches require high frequency power metering with resolu-
tions of 1-minute or higher. Very high frequency approaches
(>10 kHz) [11] use features such as voltage-current trajec-
tories to detect events in aggregate power time series. How-
ever, current smart meters do not collect data at such high
rates because they are designed and deployed for the pur-
poses of time-of-use pricing and there are currently no ef-
forts to deploy devices suitable for energy disaggregation on
a large scale. Therefore, these techniques, while promising,
face real practical barriers before being used at scale.

A xisting for energy di
tion (33, 39, 21, 45, 35] require a model of each appliance.
The main differences between these techniques are how they
are created and how they are used to infer the hidden states
of the appliances based on the aggregate power readings.
For example, some systems model appliances as finite state
machines (FSMs). However, such approaches generally show
poor accuracy on complex appliances such as washing ma-
chine and other electronics, as a FSM is a poor model for
such appliances. Some systems assume the model is man-
ually generated, learned from training data [21, 33], and in
rare cases learned automatically [5]. In all cases, however,
the accuracy of these models depends on how well the model
approximates the true appliances in the home and it has not
yet been that these
generalize well across homes. Only recently, researchers have
started looking into automatically learning arbitrarily com-
plex appliances using deep neural networks [29]. However, as
claimed by the authors themselves, the work is just scratch-
ing the surface. These challenges are likely to impact the

and ility of existing to-

wards solving the energy breakdown problem.

3. APPROACH

The goal of Gemello is to predict the energy consump-
tion of household appliances given easy to collect informa-
tion such as a single aggregate energy reading per month
and static household characteristics. The key intuition be-
hind Gemello is that if per appliance energy consumption is
available for a home then any other home that is ‘similar’
in nature will also have the same energy consumption for
that appliance. This intuition leads to the following specific
requirements for Gemello to work:

1. Small set of submetered homes (SH) for which per
appliance energy consumption s directly measu;

2. Easy to collect information for all the homes in the
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ABSTRACT

The first step to saving energy in the home is often to cre-
ste an_ energy breakdoun: the amount, of energy used by

di li in the home. U ly, cur-
renL techniques that produce an energy breakdown are not
scalable: they require hardware to be installed in each and
every home. In this paper, we propose a more scalable so-
lution called Gemello that estimates the energy breakdown
for one home by matching it with similar homes for which
the breakdown is already known. This matching requires
only the monthly energy bill and household characteristics
such as square footage of the home and the size of the house-
hold. We evaluate this approach using 57 homes and results
indicate that the accuracy of Gemello is comparable to or
better than existing techniques that use sensing infrastruc-
ture in each home. The information required by Gemello is
often publicly available and, as such, it can be immediately
applied to many homes around the world.

1. INTRODUCTION

Buildings account for more than 30% of total energy usage
around the world, of which up to 93% is due to residential
buildings [41, 18, 42]. Some of this energy can be saved
by producing an energy breakdown: the amount of energy
used by each individual appliance in the home, akin to the
itemised bills we get from grocery stores. With such a break-
down, utility companies can focus conservation programs on
homes that have an especially inefficient appliance, such as a
fridge, water heater, or air conditioner. Energy feedback can
also help induce haviour in the
themselves [15, 4, 30, 43, 24].

Unfortunately, current techniques that produce an energy
breakdown are not scalable: they require hardware to be in-
stalled in each home and /or intensive manual training of the
system. One approach, called non-intrusive load monitoring
(NILM), tries to infer the energy breakdown based on the
aggregate power trace from a single smart meter installed
in the home. This approach is perhaps the most practi-
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cal because smart meters are already being rolled out in
millions of homes worldwide. However, current techniques
require high resolution data (1 minute sampling frequency
or higher) (39, ] while most smart meters today only
support 15-minute or hourly sample rates to support time-
of-use energy pricing. Even if smart meters had a higher
sampling rate, most of the world does not yet have smart
meters and many places do not even have plans to deploy
them. Alternatives to NILM are more accurate but require
specialized sensors to be installed inside the home [20], on
each individual appliance [32, 26, 16], or on each circuit in
the breaker box [37]. All of these solutions are limited by
the need for instrumentation to be deployed in every home.

In this paper, we propose a more scalable solution called
Gemello that produces an energy breakdown in homes with-
out requiring new hardware to be installed in each home. In-
stead, Gemello estimates the energy breakdown for a home
by matching it with similar homes that do have a hardware-
based disaggregation solution. This matching requires only
the monthly energy bill and household characteristics such
as square footage of the home and the size of the house-
hold. From an energy perspective, homes in the same ge-
ographic region are often very similar because they have
similar construction methods, use the same heating fuels,
and contain similar fridges, washing machines, and other
appliances. Gemello exploits this fact to provide an energy
breakdown for many homes in a region by instrumenting
only a fraction of them.

course, no two homes are exactly identical and find-
ing a perfect twin is unlikely. Therefore, Gemello uses a
different set of matching homes to estimate the energy us-
age of each individual appliance. The key to success is the
ability to define ‘similarity’ on a per-appliance basis. For ex-
ample, homes with similar seasonal trends in their monthly
energy bill are expected to have similar heating/cooling en-
ergy (referred as heating, ventilation, and air conditioning
[HVAC] from now on); homes with similar square footage
are expected to have similar lighting loads; and homes with
a similar number of occupants are expected to have similar
washing machine energy usage because that is driven by the
amount of clothes worn each day. The energy usage of each
appliance is predicted by a different set of features, and so
Gemello finds a different set of homes to predict the energy
usage of each appliance.

We evaluate this approach using 57 homes from the pub-
licly available Dataport data set [38], in which the ground
truth energy breakdown is measured by metering each appli-
ance of the home individually for one year or more. Results

show that the accuracy of Gemello is comparable to or bet-
ter than established NILM techniques called FHMM and
LBM, both of which require on-site, high-frequency power
metering in each home [33, 45]. Gemello can achieve 76%
and 69% accuracy on HVAC and fridge, compared to 61%
and 39% for FHMM and 56% and 72% for LBM. Further-
more, it achieves up to 57% accuracy on washing machine,
dryer, dishwasher, and lighting loads, which is higher than
previously reported results. Many existing techniques are
not able to disaggregate these loads at all. Our analysis
shows that these results are robust with as few as 7 instru-
mented homes: the accuracy for HVAC loads is ~69%, still
8% better than state-of-the-art approaches. The accuracy of
Gemello becomes higher in homes with smart meters that
provide power readings at 15-minute resolution.

The Gemello technique has potential for immediate im-
pact because all of the information it requires is already
available. Essentially all homes already have a standard
power meter that provides total monthly energy usage for
billing purposes, and in many regions this information can be

online’ such as the
size of the home and the number of people in the household
are often publicly available and are already being used by
companies to match homes for other types of eco-feedback?.
Finally, many companies are already collecting submetering
information from thousands of homes around the world®. By
combining these three sources of information, Gemello could
be used to provide an energy breakdown for homes around
the world without the need to install new instrumentation
in each location.

2. RELATED WORK

Various techniques for measuring appliance level energy
consumption have been studied in the past. The simplest
technique is to install appliance level sensors that monitor
and report appliance energy consumption (26, 16). Many
commercial vendors are also selling appliance level sensors
such as Kill-A-Watt" and Hobo plug load data logger®. In-
stead of directly monitoring the appliance of interest, a few
recent systems have looked into indirect sensing techniques.
Kim et al. [32] develop a system called Viridiscope that
leverages the correlation amongst sensor streams, like us-
ing a vibration sensor on a fridge to tell if the compres-
sor is running or not, and then using a model to determine
fridge’s power. Similarly, Clark et al. [13] develop a system
called Deltaflow that employs energy harvesting sensors and
performs computation on the activation of these sensors to
determine appliance power draw. Jain et al. [25] install tem-
perature sensors inside a home to estimate air conditioner
energy usage. Gupta et al. [20], Chen et al. [12] and Gulati et
al. [19] use the electromagnetic interference typically gener-
ated by electronic appliances to determine appliance usages.
Previous work has also looked into using sensors deployed
at household circuits (lesser in number than individual ap-
pliances) to infer per-appliance energy usage [37]. All these
solutions are limited by the need for instrumentation to be

"http://www.greenbuttondata.org/
‘hnps://opowr.com/

http:/ /powerhousedynamics.com/
“http://www.p3international. com/produclﬁ/p4400 html
Shute: / ({www m/p: /

deployed in every home. Previous research has shown that
there are various challenges beyond cost of the system that
prevent such systems from being scaled [23].

NILM is often considered the most practical approach to-
wards generating energy breakdown. However, like other ap-
proaches mentioned above, it also requires instrumentation
in each home. While the effort of deploying a smart meter
may be less in ison to other related most
of the world still does not have smart meter infrastructure.

Since its inception in the early 1980s by George Hart [21],
the field of NILM has seen various approaches based on dif-
ferent machine learning techniques leveraging different fea-
tures of the power trace. However, many of these approaches
require submetered data to learn a model of each appliance
and these models have not been shown to generalize well
across homes. Even if the models did generalise, NILM ap-
proaches require high frequency power metering with resolu-
tions of 1-minute or higher. Very high frequency approaches
(>10 kHz) [11] use features such as voltage-current trajec-
tories to detect events in aggregate power time series. How-
ever, current smart meters do not collect data at such high
rates because they are designed and deployed for the pur-
poses of time-of-use pricing and there are currently no ef-
forts to deploy devices suitable for energy disaggregation on
a large scale. Therefore, these techniques, while promising,
face real practical barriers before being used at scale.

A xisting for energy di
tion (33, 39, 21, 45, 35] require a model of each appliance.
The main differences between these techniques are how they
are created and how they are used to infer the hidden states
of the appliances based on the aggregate power readings.
For example, some systems model appliances as finite state
machines (FSMs). However, such approaches generally show
poor accuracy on complex appliances such as washing ma-
chine and other electronics, as a FSM is a poor model for
such appliances. Some systems assume the model is man-
ually generated, learned from training data [21, 33], and in
rare cases learned automatically [5]. In all cases, however,
the accuracy of these models depends on how well the model
approximates the true appliances in the home and it has not
yet been that these
generalize well across homes. Only recently, researchers have
started looking into automatically learning arbitrarily com-
plex appliances using deep neural networks [29]. However, as
claimed by the authors themselves, the work is just scratch-
ing the surface. These challenges are likely to impact the

and ility of existing to-

wards solving the energy breakdown problem.

3. APPROACH

The goal of Gemello is to predict the energy consump-
tion of household appliances given easy to collect informa-
tion such as a single aggregate energy reading per month
and static household characteristics. The key intuition be-
hind Gemello is that if per appliance energy consumption is
available for a home then any other home that is ‘similar’
in nature will also have the same energy consumption for
that appliance. This intuition leads to the following specific
requirements for Gemello to work:

1. Small set of submetered homes (SH) for which per
appliance energy consumption s directly measu;

2. Easy to collect information for all the homes in the
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ABSTRACT

The first step to saving energy in the home is often to cre-
ste an_ energy breakdoun: the amount, of energy used by

di li in the home. U ly, cur-
renL techniques that produce an energy breakdown are not
scalable: they require hardware to be installed in each and
every home. In this paper, we propose a more scalable so-
lution called Gemello that estimates the energy breakdown
for one home by matching it with similar homes for which
the breakdown is already known. This matching requires
only the monthly energy bill and household characteristics
such as square footage of the home and the size of the house-
hold. We evaluate this approach using 57 homes and results
indicate that the accuracy of Gemello is comparable to or
better than existing techniques that use sensing infrastruc-
ture in each home. The information required by Gemello is
often publicly available and, as such, it can be immediately
applied to many homes around the world.

1. INTRODUCTION

Buildings account for more than 30% of total energy usage
around the world, of which up to 93% is due to residential
buildings [41, 18, 42]. Some of this energy can be saved
by producing an energy breakdown: the amount of energy
used by each individual appliance in the home, akin to the
itemised bills we get from grocery stores. With such a break-
down, utility companies can focus conservation programs on
homes that have an especially inefficient appliance, such as a
fridge, water heater, or air conditioner. Energy feedback can
also help induce haviour in the
themselves [15, 4, 30, 43, 24].

Unfortunately, current techniques that produce an energy
breakdown are not scalable: they require hardware to be in-
stalled in each home and /or intensive manual training of the
system. One approach, called non-intrusive load monitoring
(NILM), tries to infer the energy breakdown based on the
aggregate power trace from a single smart meter installed
in the home. This approach is perhaps the most practi-
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cal because smart meters are already being filled out in
millions of homes worldwide. However, curre:
require high resolution data (1 minute sampli
or higher) (39, ] while most smart mete
support 15-minute or hourly o

of-use energy pricing. Even il
sampling rate, most of the wo
meters and many places do ng
them. Alternatives to NILM
specialized sensors to be in:
each individual appliance [32,
the breaker box [37]. All of t
the need for instrumentation td

In this paper, we propose a M0
Gemello that produces an energy breakdown in homes with-
out requiring new hardware to be installed in each home. In-
stead, Gemello estimates the energy breakdown for a home
by matching it with similar homes that do have a hardware-
based disaggregation solution. This matching requires only
the monthly energy bill and household characteristics such
as square footage of the home and the size of the house-
hold. From an energy perspective, homes in the same ge-
ographic region are often very similar because they have
similar construction methods, use the same heating fuels,
and contain similar fridges, washing machines, and other
appliances. Gemello exploits this fact to provide an energy
breakdown for many homes in a region by instrumenting
only a fraction of them.

course, no two homes are exactly identical and find-
ing a perfect twin is unlikely. Therefore, Gemello uses a
different set of matching homes to estimate the energy us-
age of each individual appliance. The key to success is the
ability to define ‘similarity’ on a per-appliance basis. For ex-
ample, homes with similar seasonal trends in their monthly
energy bill are expected to have similar heating/cooling en-
ergy (referred as heating, ventilation, and air conditioning
[HVAC] from now on); homes with similar square footage
are expected to have similar lighting loads; and homes with
a similar number of occupants are expected to have similar
washing machine energy usage because that is driven by the
amount of clothes worn each day. The energy usage of each
appliance is predicted by a different set of features, and so
Gemello finds a different set of homes to predict the energy
usage of each appliance.

We evaluate this approach using 57 homes from the pub-
licly available Dataport data set [38], in which the ground
truth energy breakdown is measured by metering each appli-
ance of the home individually for one year or more. Results

show that the accuracy of Gemello is comparable to or bet-
ter than established NILM techniques called FHMM and
LBM, both of which require on-site, high-frequency power
metering in each home [33, 45]. Gemello can achieve 76%
and 69% accuracy on HVAC and fridge, compared to 61%
and 39% for FHMM and 56% and 72% for LBM. Further-
more, it achieves up to 57% accuracy on washing machine,
dryer, dishwasher, and lighting loads, which is higher than
previously reported results. Many existing techniques are
not able to disaggregate these loads at all. Our analysis
shows that these results are robust with as few as 7 instru-
mented homes: the accuracy for HVAC loads is ~69%, still
8% better than state-of-the-art approaches. The accuracy of
Gemello becomes higher in homes with smart meters that
provide power readings at 15-minute resolution.

The Gemello technique has potential for immediate im-
pact because all of the information it requires is already
available. Essentially all homes already have a standard
power meter that provides total monthly energy usage for
billing purposes, and in many regions this information can be

online’ such as the
size of the home and the number of people in the household
are often publicly available and are already being used by
companies to match homes for other types of eco-feedback?.
Finally, many companies are already collecting submetering
information from thousands of homes around the world®. By
combining these three sources of information, Gemello could
be used to provide an energy breakdown for homes around
the world without the need to install new instrumentation
in each location.

2. RELATED WORK

Various techniques for measuring appliance level energy
consumption have been studied in the past. The simplest
technique is to install appliance level sensors that monitor
and report appliance energy consumption (26, 16). Many
commercial vendors are also selling appliance level sensors
such as Kill-A-Watt" and Hobo plug load data logger®. In-
stead of directly monitoring the appliance of interest, a few
recent systems have looked into indirect sensing techniques.
Kim et al. [32] develop a system called Viridiscope that
leverages the correlation amongst sensor streams, like us-
ing a vibration sensor on a fridge to tell if the compres-
sor is running or not, and then using a model to determine
fridge’s power. Similarly, Clark et al. [13] develop a system
called Deltaflow that employs energy harvesting sensors and
performs computation on the activation of these sensors to
determine appliance power draw. Jain et al. [25] install tem-
perature sensors inside a home to estimate air conditioner
energy usage. Gupta et al. [20], Chen et al. [12] and Gulati et
al. [19] use the electromagnetic interference typically gener-
ated by electronic appliances to determine appliance usages.
Previous work has also looked into using sensors deployed
at household circuits (lesser in number than individual ap-
pliances) to infer per-appliance energy usage [37]. All these
solutions are limited by the need for instrumentation to be
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deployed in every home. Previous research has shown that
there are various challenges beyond cost of the system that
prevent such systems from being scaled [23].

NILM is often considered the most practical approach to-
wards generating energy breakdown. However, like other ap-
proaches mentioned above, it also requires instrumentation
in each home. While the effort of deploying a smart meter
may be less in ison to other related most
of the world still does not have smart meter infrastructure.

Since its inception in the early 1980s by George Hart [21],
the field of NILM has seen various approaches based on dif-
ferent machine learning techniques leveraging different fea-
tures of the power trace. However, many of these approaches
require submetered data to learn a model of each appliance
and these models have not been shown to generalize well
across homes. Even if the models did generalise, NILM ap-
proaches require high frequency power metering with resolu-
tions of 1-minute or higher. Very high frequency approaches
(>10 kHz) [11] use features such as voltage-current trajec-
tories to detect events in aggregate power time series. How-
ever, current smart meters do not collect data at such high
rates because they are designed and deployed for the pur-
poses of time-of-use pricing and there are currently no ef-
forts to deploy devices suitable for energy disaggregation on
a large scale. Therefore, these techniques, while promising,
face real practical barriers before being used at scale.

A xisting for energy di
tion (33, 39, 21, 45, 35] require a model of each appliance.
The main differences between these techniques are how they
are created and how they are used to infer the hidden states
of the appliances based on the aggregate power readings.
For example, some systems model appliances as finite state
machines (FSMs). However, such approaches generally show
poor accuracy on complex appliances such as washing ma-
chine and other electronics, as a FSM is a poor model for
such appliances. Some systems assume the model is man-
ually generated, learned from training data [21, 33], and in
rare cases learned automatically [5]. In all cases, however,
the accuracy of these models depends on how well the model
approximates the true appliances in the home and it has not
yet been that these
generalize well across homes. Only recently, researchers have
started looking into automatically learning arbitrarily com-
plex appliances using deep neural networks [29]. However, as
claimed by the authors themselves, the work is just scratch-
ing the surface. These challenges are likely to impact the

and ility of existing to-

wards solving the energy breakdown problem.

3. APPROACH

The goal of Gemello is to predict the energy consump-
tion of household appliances given easy to collect informa-
tion such as a single aggregate energy reading per month
and static household characteristics. The key intuition be-
hind Gemello is that if per appliance energy consumption is
available for a home then any other home that is ‘similar’
in nature will also have the same energy consumption for
that appliance. This intuition leads to the following specific
requirements for Gemello to work:

1. Small set of submetered homes (SH) for which per
appliance energy consumption s directly measu;

2. Easy to collect information for all the homes in the
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ABSTRACT

The first step to saving energy in the home is often to cre-
ate an energy breakdown: the amount of energy used by

each i i in the home. U /, cur-
rent techniques that produce an energy breakdown are not
scalable: they require hardware to be installed in each and
every home. In this paper, we propose a more scalable so-
lution called Gemello that estimates the energy breakdown
for one home by matching it with similar homes for which
the breakdown is already known. This matching requires
only the monthly energy bill and household characteristics
such as square footage of the home and the size of the house-
hold. We evaluate this approach using 57 homes and results
indicate that the accuracy of Gemello is comparable to or
better than existing techniques that use sensing infr:
ture in each home. The information required by Gemel
often publicly available and, as such, it can be immedia)
applied to many homes around the world.

1. INTRODUCTION

Buildings account for more than 30% of total energy usage
around the world, of which up to 93% is due to residential
buildings [41, 18, 42]. Some of this energy can be saved
by producing an energy breakdown: the amount of energy
used by each individual appliance in the home, akin to the
itemised bills we get from grocery stores. With such a break-
down, utility companies can focus conservation programs on
homes that have an especially inefficient appliance, such as a
fridge, water heater, or air conditioner. Energy feedback can
also help induce haviour in the
themselves [15, 4, 30, 43, 24].

Unfortunately, current techniques that produce an energy
breakdown are not scalable: they require hardware to be in-
stalled in each home and /or intensive manual training of the
system. One approach, called non-intrusive load monitoring
(NILM), tries to infer the energy breakdown based on the
aggregate power trace from a single smart meter installed
in the home. This approach is perhaps the most practi-
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cal because smart meters are already being filled out in
millions of homes worldwide. However, curre:
require high resolution data (1 minute sampli
or higher) (39, | while most smart mete
support 15-minute or hourly o
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sampling rate, most of the wo
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specialized sensors to be ins
each individual appliance [32,
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Gemello that produces an energy breakdown in homes with-
out requiring new hardware to be installed in each home. In-
stead, Gemello estimates the energy breakdown for a home
by matching it with similar homes that do have a hardware-
disaggregation solution. This matching requires only
onthly energy bill and household characteristics such
footage of the home and the size of the house-
hold From an energy perspective, homes in the same ge-
similar because they have

Abstract

ability to define ‘similarity” on a per-appliance basis. For ex-
ample, homes with similar seasonal trends in their monthly
energy bill are expected to have similar heating/cooling en-
ergy (referred as heating, ventilation, and air conditioning
[HVAC] from now on); homes with similar square footage
are expected to have similar lighting loads; and homes with
a similar number of occupants are expected to have similar
washing machine energy usage because that is driven by the
amount of clothes worn each day. The energy usage of each
appliance is predicted by a different set of features, and so
Gemello finds a different set of homes to predict the energy
usage of each appliance.

We evaluate this approach using 57 homes from the pub-
licly available Dataport data set [38], in which the ground
truth energy breakdown is measured by metering each appli-
ance of the home individually for one year or more. Results

show that the accuracy of Gemello is comparable to or bet-
ter than established NILM techniques called FHMM and
LBM, both of which require on-site, high-frequency power
metering in each home [33, 45]. Gemello can achieve 76%
and 69% accuracy on HVAC and fridge, compared to 61%
and 39% for FHMM and 56% and 72% for LBM. Further-
more, it achieves up to 57% accuracy on washing machine,
dryer, dishwasher, and lighting loads, which is higher than
previously reported results. Many existing techniques are
not able to disaggregate these loads at all. Our analysis
shows that these results are robust with as few as 7 instru-
mented homes: the accuracy for HVAC loads is ~69%, still
8% better than state-of-the-art approaches. The accuracy of
Gemello becomes higher in homes with smart meters that
provide power readings at 15-minute resolution.

The Gemello technique has potential for immediate im-
pact because all of the information it requires is already
available. Essentially all homes already have a standard
power meter that provides total monthly energy usage for
billing purposes, and in many regions this information can be

online’ such as the
size of the home und the number of people in the household
are often publicly available and are already being used by
companies to match homes for other types of eco-feedback?.
Finally, many companies are already collecting submetering
information from thousands of homes around the world®. By
combining these three sources of information, Gemello could
be used to provide an energy breakdown for homes around
the world without the need to install new instrumentation
in each location.

2. RELATED WORK

Various techniques for measuring appliance level energy
consumption have been studied in the past. The simplest
technique is to install appliance level sensors that monitor
and report appliance energy consumption (26, 16). Many
commercial vendors are also selling appliance level sensors
such as Kill-A-Watt" and Hobo plug load data logger®. In-
stead of directly monitoring the appliance of interest, a few
recent systems have looked into indirect sensing techniques.
Kim et al. [32] develop a system called Viridiscope that
leverages the correlation amongst sensor streams, like us-
ing a vibration sensor on a fridge to tell if the compres-
sor is running or not, and then using a model to determine
fridge’s power. Similarly, Clark et al. [13] develop a system
called Deltaflow that employs energy harvesting sensors and
performs computation on the activation of these sensors to
determine appliance power draw. Jain et al. [25] install tem-
perature sensors inside a home to estimate air conditioner
energy usage. Gupta et al. [20], Chen et al. [12] and Gulati et
al. [19] use the electromagnetic interference typically gener-
ated by electronic appliances to determine appliance usages.
Previous work has also looked into using sensors deployed
at household circuits (lesser in number than individual ap-
pliances) to infer per-appliance energy usage [37]. All these
solutions are limited by the need for instrumentation to be
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deployed in every home. Previous research has shown that
there are various challenges beyond cost of the system that
prevent such systems from being scaled [23].
NILM is often considered the most practical approach to-
wards generating energy breakdown. However, like other ap-
proaches mentioned above, it also requires instrumentation
in each home. While the effort of deploying a smart meter
may be less in ison to other related most.
of the world still does not have smart meter infrastructure.
Since its inception in the early 1980s by George Hart [21],
the field of NILM has seen various approaches based on dif-
ferent machine learning techniques leveraging different fea-
tures of the power trace. However, many of these approaches
require submetered data to learn a model of each appliance
and these models have not been shown to generalize well
across homes. Even if the models did generalise, NILM ap-
proaches require high frequency power metering with resolu-
tions of 1-minute or higher. Very high frequency approaches
(>10 kHz) [11] use features such as voltage-current trajec-
tories to detect events in aggregate power time series. How-
ever, current smart meters do not collect data at such high
rates because they are designed and deployed for the pur-
poses of time-of-use pricing and there are currently no ef-
forts to deploy devices suitable for energy disaggregation on
a large scale. Therefore, these techniques, while promising,
fzu:e real practical barriers before being used at scale.
existing for energy di
uon 133, 39, 21, 45, 35 require a model of each appliance.
The main differences between these techniques are how they
are created and how they are used to infer the hidden states
of the appliances based on the aggregate power readings.
For example, some systems model appliances as finite state
machines (FSMs). However, such approaches generally show
poor accuracy on complex appliances such as washing ma-
chine and other electronics, as a FSM is a poor model for
such appliances. Some systems assume the model is man-
ually generated, learned from training data [21, 33], and in
rare cases learned automatically [5]. In all cases, however,
the accuracy of these models depends on how well the model
approximates the true appliances in the home and it has not
yet been that these
generalize well across homes. Only recently, researchers have
started looking into automatically learning arbitrarily com-
plex appliances using deep neural networks [29]. However, as
claimed by the authors themselves, the work is just scratch-
ing the surface. These challenges are likely to impact the
and ility of existing to-
wards solving the energy breakdown problem.

3. APPROACH

The goal of Gemello is to predict the energy consump-
tion of household appliances given easy to collect informa-
tion such as a single aggregate energy reading per month
and static household characteristics. The key intuition be-
hind Gemello is that if per appliance energy consumption is
available for a home then any other home that is ‘similar’
in nature will also have the same energy consumption for
that appliance. This intuition leads to the following specific
requirements for Gemello to work:

1. Small set of submetered homes (SH) for which per
appliance energy consumption s directly measu;

2. Easy to collect information for all the homes in the
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Gemello: Creating a Detailed Energy Breakdown from just
the Monthly Electricity Bill

ABSTRACT

The first step to saving energy in the home is often to cre-
Mennmawbmakrlmm. the amount of energy used by
each i i in the home. U cur-
rent techniques that produce an energy breakdown are not
scalable: they require hardware to be installed in each and
every home. In this paper, we propose a more scalable so-
lution called Gemello that esti the energy

cal because smart meters are already being edontm
millions of homes worldwide. However, curres
require high resolution data (1 minute sampli
or higher) [39, 11, 4] while most smart

support 15-minute or hourly sg a5
of-use energy pricing. Even i
sampling rate, most of the w
meters and many places do ng

for one home by matching it with similar homes for which
the breakdown is already known. This matching requires
only the monthly energy bill and household characteristics
such as square footage of the home and the size of the house-
hold. We evaluate this approach using 57 homes and results
indicate that the accuracy of Gemello is comparable to or
better than existing techniques that use sensing infr:

ture in each home. The information required by Geme
often publicly available and, as such, it can be immedial
applied to many homes around the world.

1. INTRODUCTION

Buildings account for more than 30% of total energy usage
around the world, of which up to 93% is due to residential
buildings [41, 18, 42]. Some of this energy can be saved
by producing an energy breakdown: the amount of energy
used by each individual appliance in the home, akin to the
itemised bills we get from grocery stores. With such a break-
down, utility companies can focus conservation programs on
homes that have an especially inefficient appliance, such as a
fridge, water heater, or air conditioner. Energy feedback can
also help induce energy-saving behaviour in the occupants
themselves [15, 4, 30, 43, 24].

Unfortunately, current techniques that produce an energy
breakdown are not scalable: they require hardware to be in-
stalled in each home and /or intensive manual training of the
system. One approach, called non-intrusive load monitoring
(NILM), tries to infer the energy breakdown based on the
aggregate power trace from a single smart meter installed
in the home. This approach is perhaps the most practi-

Pesmision 10 make digialorbar copicsof al o patof i wodk or proualox
granted.

the
specialized to be insta
each individual appliance [32,
the breaker box [37]. All of
the need for instrumentation

In this paper, we propose a
Gemello that produces an energy breakdown in homes with-
out requiring new hardware to be installed in each home. In-
stead, Gemello estimates the energy breakdown for a home
by mambmg it with similar homes that do have a hardware-
ion solution. This ing requires only
thly energy bill and household characteristics such
footage of the home and the size of the house-
hold From an —ery pe:specuve, homee in the same ge-
phic region similar because the

ample hnmu w)th ullmlu seasonal trends in their monthly
energy bill are expected to have similar heating/cooling en-
ergy (referred as heating, ventilation, and air conditioning
[HVAC] from now on); homes with similar square footage
are expected to have similar lighting loads; and homes with
a similar number of occupants are expected to have similar
washing machine energy usage because that is driven by the
amount of clothes worn each day. The energy usage of each
is predicted by a different set of features, and so
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Gemello finds a different set of homes to predict the energy
usage of each appliance.

‘We evaluate this approach using 57 homes from the pub-
licly available Dataport data set [38], in which the ground
truth energy breakdown is measured by metering each appli-
ance of the home individually for one year or more. Results

Approach
Evaluation

Limitations & Future work

show that the accuracy of

ter than established NIL!

LBM, both of which requil

‘metering in each home (33, 45]. Gemello can achieve 76%
and 69% accuracy on HVAC and fridge, compared to 61%
and 39% for FHMM and 56% and 72% for LBM Further-
more, it achieves up to 57% accuracy on wi ‘machine,
dryer, dishwasher, and Kighting loads, which is higher than
previously reported results. Many existing techniques are
not able to disaggregate these loads at all. Our analysis
shows that these results are robust with as few as 7 instru-
mented homes: the accuracy for HVAC loads is ~69%, still
8% better than state-of-the-art approaches. The accuracy of
Gemello becomes higher in homes with smart meters that
provide power readings at 15-minute resolution.

The Gemello technique has potential for immediate im-
pact because all of the information it requires is already
available. Essentially all homes already have a standard
power meter that provides total monthly energy usage for
b:]]mg purposes, nnd in many regions this mIormntnn can be

d online’ such as the
size of the home a.ud the number of people in the household
are often publicly available and are already being used by
companies to match homes for other types of eco-feedback®.
E\na!ly, many companies are already collecting submetering

from oi d the world’ By

these thi

Conclusions

en considered the most practical approach to-

ing energy breakdown. However, like other ap-

tioned above, it also requires instrumentation

While the effort of deploying a smart meter
ison to other related

tion in the early 1980s by George Hart [21],
M has seen various approaches based on dif-
ferent machine learning techniques leveraging different fea-
tures of the power trace. However, many of these approaches
require submetered data to learn a model of each appliance
and these models have not been shown to generalize well
across homes. Even if the models did generalise, NILM ap-
proaches require high frequency power metering with resolu-
tions of 1-minute or higher. Very high frequency approaches
(>10 kHz) [11] use features such as voltage-current trajec-
tories to detect events in aggregate power time series. How-
ever, current smart meters do not collect data at such high
rates because they are designed and deployed for the pur-
poses of time-of-use pricing and there are currently no ef-
forts to deploy devices suitable for energy disaggregation on
a large scale. Therefore, these techniques, while promising,
facere&lmmmlbmmbefmebemgusedatsmle
existing i

be used to provide an energy breakdown for homes around
the world without the need to install new instrumentation
in each location.

2. RELATED WORK

Various techniques for measuring appliance level energy
consumption have been studied in the past. The simplest
technique is to install appliance level sensors that monitor
and report appliance energy consumption (26, 16]. Many
commercial vendors are also appliance level sensors
such as Kill-A-Watt* and Hobo plug load data logger®. In-
stead of directly monitoring the appliance of interest, a few
recent systems have looked into indirect sensing techniques.
Kim et al. [32] develop a system called Viridiscope that
leverages the correlation amongst sensor streams, like us-
ing a vibration sensor on a fridge to tell if the compres-
sor is running or not, and then using a model to determine
fridge’s power. Similarly, Clark et al. [13] develop a system
called Deltaflow that employs energy harvesting sensors and
performs computation on the activation of these sensors to
determine appliance power draw. Jain et al. [25] install tem-
perature sensors inside a home to estimate air conditioner
energy usage. Gupta et al. [20], Chen et al. [12] and Gulati et
al. [19] use the electromagnetic interference typically gener-
ated by electronic appliances to determine appliance usages.
Previous work has also looked into using sensors deployed
at household circuits (lesser in number than individual ap-
pliances) to infer per-appliance energy usage [37). All these
solutions are limited by the need for instrumentation to be

'http://www.greenbuttondata.org/

“https://opower.com/

http:, //powerhousedynamics. eom/

“http://www. P /i html
Shitp:/ /www. m,,.l ducts/data-1 /
g™ o

for energy
tion [33, 39, 21, 45, 35] require a model of each appliance.
‘The main dJEeren between these techniques are how they

are created and how they are used to infer the hidden states
of the appliances based on the aggregate power readings.
For mmple, some systems model appliances as finite state
(FSMs). However, such approaches generally show

poor accuracy on complex appliances such as washing ma-
chine and other electronics, as a FSM is a poor model for
such appliances. Some systems assume the model is man-
ually generated, learned from training data [21, 33], and in
rare cases learned automatically [5]. In all cases, however,
the accuracy of these models depends on how well the model
approximates the true appliances in the home and it has not
yet been demonstrated that these model-based approaches
generalize well across homes. Only recently, researchers have
started looking into automatically learning arbitrarily com-
plex appliances using deep neural networks [29]. However, as
claimed by the authors themselves, the work is just scratch-
ing the suriwe These challenges are likely to impact the
and ility of existing to-

‘wards solving the energy breakdown problem.

3. APPROACH

The goal of Gemello is to predict the energy consump-
tion of household appliances given easy to collect informa-
tion such as a single aggregate energy reading per month
and static household characteristics. The key intuition be-
hind Gemello is that if per appliance energy consumption is
available for a home then any other home that is ‘similar’
in nature will also have the same energy consumption for
that appliance. This intuition leads to the following specific
requirements for Gemello to work:

1. Small set of submetered homes (SH) for which per

appliance energy consumption is directly measured.
2. Easy to collect information for all the homes in the
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ABSTRACT

The first step to saving energy in the home is often to cre-
Mennmawbmakrlmm. the amount of energy used by
each i i in the home. U cur-
rent techniques that produce an energy breakdown are not
scalable: they require hardware to be installed in each and
every home. In this paper, we propose a more scalable so-
lution called Gemello that esti the energy
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for one home by matching it with similar homes for which
the breakdown is already known. This matching requires
only the monthly energy bill and household characteristics
such as square footage of the home and the size of the house-
hold. We evaluate this approach using 57 homes and results
indicate that the accuracy of Gemello is comparable to or
better than existing techniques that use sensing infr:

ture in each home. The information required by Geme
often publicly available and, as such, it can be immedial
applied to many homes around the world.

1. INTRODUCTION

Buildings account for more than 30% of total energy usage
around the world, of which up to 93% is due to residential
buildings [41, 18, 42]. Some of this energy can be saved
by producing an energy breakdown: the amount of energy
used by each individual appliance in the home, akin to the
itemised bills we get from grocery stores. With such a break-
down, utility companies can focus conservation programs on
homes that have an especially inefficient appliance, such as a
fridge, water heater, or air conditioner. Energy feedback can
also help induce energy-saving behaviour in the occupants
themselves [15, 4, 30, 43, 24].

Unfortunately, current techniques that produce an energy
breakdown are not scalable: they require hardware to be in-
stalled in each home and /or intensive manual training of the
system. One approach, called non-intrusive load monitoring
(NILM), tries to infer the energy breakdown based on the
aggregate power trace from a single smart meter installed
in the home. This approach is perhaps the most practi-
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In this paper, we propose a
Gemello that produces an energy breakdown in homes with-
out requiring new hardware to be installed in each home. In-
stead, Gemello estimates the energy breakdown for a home
by mambmg it with similar homes that do have a hardware-
ion solution. This ing requires only
thly energy bill and household characteristics such
footage of the home and the size of the house-
hold From an —ery pe:specuve, homee in the same ge-
phic region similar because the

ample hnmu w)th ullmlu seasonal trends in their monthly
energy bill are expected to have similar heating/cooling en-
ergy (referred as heating, ventilation, and air conditioning
[HVAC] from now on); homes with similar square footage
are expected to have similar lighting loads; and homes with
a similar number of occupants are expected to have similar
washing machine energy usage because that is driven by the
amount of clothes worn each day. The energy usage of each
is predicted by a different set of features, and so
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Gemello finds a different set of homes to predict the energy
usage of each appliance.

‘We evaluate this approach using 57 homes from the pub-
licly available Dataport data set [38], in which the ground
truth energy breakdown is measured by metering each appli-
ance of the home individually for one year or more. Results

Approach
Evaluation

Limitations & Future work

show that the accuracy of

ter than established NIL!

LBM, both of which requil

‘metering in each home (33, 45]. Gemello can achieve 76%
and 69% accuracy on HVAC and fridge, compared to 61%
and 39% for FHMM and 56% and 72% for LBM Further-
more, it achieves up to 57% accuracy on wi ‘machine,
dryer, dishwasher, and Kighting loads, which is higher than
previously reported results. Many existing techniques are
not able to disaggregate these loads at all. Our analysis
shows that these results are robust with as few as 7 instru-
mented homes: the accuracy for HVAC loads is ~69%, still
8% better than state-of-the-art approaches. The accuracy of
Gemello becomes higher in homes with smart meters that
provide power readings at 15-minute resolution.

The Gemello technique has potential for immediate im-
pact because all of the information it requires is already
available. Essentially all homes already have a standard
power meter that provides total monthly energy usage for
b:]]mg purposes, nnd in many regions this mIormntnn can be

d online’ such as the
size of the home a.ud the number of people in the household
are often publicly available and are already being used by
companies to match homes for other types of eco-feedback®.
E\na!ly, many companies are already collecting submetering

from oi d the world’ By

these thi

Conclusions

en considered the most practical approach to-

ing energy breakdown. However, like other ap-

tioned above, it also requires instrumentation

While the effort of deploying a smart meter
ison to other related

tion in the early 1980s by George Hart [21],
M has seen various approaches based on dif-
ferent machine learning techniques leveraging different fea-
tures of the power trace. However, many of these approaches
require submetered data to learn a model of each appliance
and these models have not been shown to generalize well
across homes. Even if the models did generalise, NILM ap-
proaches require high frequency power metering with resolu-
tions of 1-minute or higher. Very high frequency approaches
(>10 kHz) [11] use features such as voltage-current trajec-
tories to detect events in aggregate power time series. How-
ever, current smart meters do not collect data at such high
rates because they are designed and deployed for the pur-
poses of time-of-use pricing and there are currently no ef-
forts to deploy devices suitable for energy disaggregation on
a large scale. Therefore, these techniques, while promising,
facere&lmmmlbmmbefmebemgusedatsmle
existing i

be used to provide an energy breakdown for homes around
the world without the need to install new instrumentation
in each location.

2. RELATED WORK

Various techniques for measuring appliance level energy
consumption have been studied in the past. The simplest
technique is to install appliance level sensors that monitor
and report appliance energy consumption (26, 16]. Many
commercial vendors are also appliance level sensors
such as Kill-A-Watt* and Hobo plug load data logger®. In-
stead of directly monitoring the appliance of interest, a few
recent systems have looked into indirect sensing techniques.
Kim et al. [32] develop a system called Viridiscope that
leverages the correlation amongst sensor streams, like us-
ing a vibration sensor on a fridge to tell if the compres-
sor is running or not, and then using a model to determine
fridge’s power. Similarly, Clark et al. [13] develop a system
called Deltaflow that employs energy harvesting sensors and
performs computation on the activation of these sensors to
determine appliance power draw. Jain et al. [25] install tem-
perature sensors inside a home to estimate air conditioner
energy usage. Gupta et al. [20], Chen et al. [12] and Gulati et
al. [19] use the electromagnetic interference typically gener-
ated by electronic appliances to determine appliance usages.
Previous work has also looked into using sensors deployed
at household circuits (lesser in number than individual ap-
pliances) to infer per-appliance energy usage [37). All these
solutions are limited by the need for instrumentation to be

'http://www.greenbuttondata.org/

“https://opower.com/

http:, //powerhousedynamics. eom/

“http://www. P /i html
Shitp:/ /www. m,,.l ducts/data-1 /
g™ o

for energy
tion [33, 39, 21, 45, 35] require a model of each appliance.
‘The main dJEeren between these techniques are how they

are created and how they are used to infer the hidden states
of the appliances based on the aggregate power readings.
For mmple, some systems model appliances as finite state
(FSMs). However, such approaches generally show

poor accuracy on complex appliances such as washing ma-
chine and other electronics, as a FSM is a poor model for
such appliances. Some systems assume the model is man-
ually generated, learned from training data [21, 33], and in
rare cases learned automatically [5]. In all cases, however,
the accuracy of these models depends on how well the model
approximates the true appliances in the home and it has not
yet been demonstrated that these model-based approaches
generalize well across homes. Only recently, researchers have
started looking into automatically learning arbitrarily com-
plex appliances using deep neural networks [29]. However, as
claimed by the authors themselves, the work is just scratch-
ing the suriwe These challenges are likely to impact the
and ility of existing to-

‘wards solving the energy breakdown problem.

3. APPROACH

The goal of Gemello is to predict the energy consump-
tion of household appliances given easy to collect informa-
tion such as a single aggregate energy reading per month
and static household characteristics. The key intuition be-
hind Gemello is that if per appliance energy consumption is
available for a home then any other home that is ‘similar’
in nature will also have the same energy consumption for
that appliance. This intuition leads to the following specific
requirements for Gemello to work:

1. Small set of submetered homes (SH) for which per

appliance energy consumption is directly measured.
2. Easy to collect information for all the homes in the
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Abstract

The average home in the Us flushes 1000's of gallons of water down the
drain each year while standing at the fixture and waiting for hot water.
Some households use a pump for hot water recirculation (HVWR) to ensure
that hot water is always immediately available, but these systems can incur
more than $1000 per year in energy costs. In this paper, we explore the
nypothesis that "just-in-time" HWR can reduce the energy footprint of HVWR
systems, without increasing hardware or installation costs and without
INncreasing water waste or human annoyance. Our basic approach is 1o
learn patterns of hot water usage In the home and to circulate hot water
only when future hot water usage is highly likely. We call this approach
Circulo. We evaluate Circulo by analyzing hot water usage pattermns from 5
different homes over a period of 7--10 days each. Our results indicate that
Circulo can reduce the energy needed for HWR by 30% while still providing
households with hot water over 90% of the time.
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drain each year while standing at the fixture and waiting for hot water.

Some households use a pump for hot water recirculation (HVWR) to ensure
that hot water is always immediately available, but these systems can incur
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Circulo can reduce the energy needed for HWR by 30% while still providing
households with hot water over 90% of the time.
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Abstract

Related Work

The average home in the US flushes 1000's of gallons of water down the
drain each year while standing at the fixture and waiting for hot water.
Some households use a pump for hot water recirculation (HVWR) to ensure
that hot water is always immediately avallable, but these systems can incur
more than $1000 per year in energy costs. In this paper, we explore the

ypotnesis that just-in-time” HVVR can reduce the energy footprint of AVVE
systems, without increasing haradware or installation costs and without
INncreasing water waste or human annoyance. Our basic approach is 1o
learn pattermns of hot water usage in the home and to circulate hot water
only when future hot water usage is highly likely. We call this approach
Circulo. We evaluate Circulo by analyzing hot water usage pattermns from 5
different homes over a period of 7--10 days each. Our results indicate that
Circulo can reduce the energy needed for HWR by 30% while still providing
households with hot water over 90% of the time.
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Evaluation

The average home in the Us flushes 1000's of gallons of water down the
drain each year while standing at the fixture and waiting for hot water.
Some households use a pump for hot water recirculation (HVWR) to ensure
that hot water is always immediately available, but these systems can incur
more than $1000 per year in energy costs. In this paper, we explore the
nypothesis that "just-in-time" HWR can reduce the energy footprint of HVWR
systems, without increasing haradware or installation costs and without
INncreasing water waste or human annoyance. Our basic approach is 1o
learn pattermns of hot water usage in the home and to circulate hot water
Onl when future hot vvater usage Is h|h| ikely. VWe call this approach

Circulo can reduce the energy needed for HWR on 30% while still providing
households with hot water over 90% of the time.
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Conclusions Circulo can be a scalable cost-effective solution.
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Abstract Tells a Lot Paper Quality!

(or, avoiding common pitfalls!)
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nergy costs. In this paper, we explore the
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All US homes have water heaters.

IaCENEEleEE 2% US homes have water heaters.
drain each year wnile standing at the Tixture and walting tor ot water.

Some households use a pump for hot water recirculation (HVWR) to ensure
that hot water is always immediately available, but these systems can incur
more than $1000 per year in energy costs. In this paper, we explore the
nypothesis that "just-in-time" HVWR can reduce the energy footprint of HWR
systems, without increasing haradware or installation costs and without
INncreasing water waste or human annoyance. Our basic approach is 1o
learn patterns of hot water usage in the home and to circulate hot water
only when future hot water usage is highly likely. We call this approach
Circulo. We evaluate Circulo by analyzing hot water usage pattermns from 5
different homes over a period of 7--10 days each. Our results indicate that
Circulo can reduce the energy needed for HWR by 30% while still providing
households with hot water over 90% of the time.



“lece of the pie!

The average home in the US flushes 1000's of gallons of

water down the drain each year while standing at the fixture
and waiting for hot water.

The average home in the US flushes 10's of gallons of water

down the drain each year while standing at the fixture and
waiting for hot water.

INncreasing water waste or human annoyance. Our basic approach is 1o
learn patterns of hot water usage in the home and to circulate hot water
only when future hot water usage is highly likely. We call this approach
Circulo. We evaluate Circulo by analyzing hot water usage pattermns from 5
different homes over a period of 7--10 days each. Our results indicate that
Circulo can reduce the energy needed for HWR by 30% while still providing
households with hot water over 90% of the time.
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s Prior Art Already Good Enough®

Some households use a pump for hot water recirculation
(HWR) to ensure that hot water is always immediately
available, but these systems can incur more than $1000 per
year in energy costs.
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Some households use a pump for hot water recirculation
(HWR) to ensure that hot water is always immediately
available, but these systems can incur $5 per year in energy

COStS.
only when tuture not water usage Is nignily kely. We call this approac

Circulo. We evaluate Circulo by analyzing hot water usage pattermns from 5
different homes over a period of 7--10 days each. Our results indicate that
Circulo can reduce the energy needed for HWR by 30% while still providing
households with hot water over 90% of the time.
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Using a Weak Baseline/Bad Prior Art

Some households use a pump for hot water recirculation
(HWR) to ensure that hot water is always immediately

available, but these systems can incur more than $1000 per

year in energy costs.
ore narn o Ty per yedr M enerdy COSIS. T NS paper, We exXplore e

vOothesis that 'ust-in-time” HVWE can reduce the enerav footonnt of HVVE
Some households use a 1940s technology and waste $1000
USD.

earn patterns of not water usage N the nome and to circulate Not water
only when future hot water usage is highly likely. We call this approach
Circulo. We evaluate Circulo by analyzing hot water usage pattermns from 5
different homes over a period of 7--10 days each. Our results indicate that
Circulo can reduce the energy needed for HWR by 30% while still providing
households with hot water over 90% of the time.
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VVeak evaluation

Evaluation

The average home in the US flushes 1000's of gallons of water down the
drain each year while standing at the fixture and waiting for hot water.
Some households use a pump for hot water recirculation (HVWR) to ensure
that hot water is always iImmediately available, but these systems can incur
more than $1000 per year in energy costs. In this paper, we explore the
nypothesis that "just-in-time" HVWR can reduce the energy footprint of HWR
systems, without increasing haradware or installation costs and without
INncreasing water waste or human annoyance. Our basic approach is 1o

1
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We evaluate Circulo by analyzing hot water usage patterns

from 5 different homes over a period of 7--10 days each.
different homes over a period of 7--10 days each. Our results indicate that

We evaluate Circulo by analyzing hot water usage patterns
from 2 different homes over a period of 2 days each.
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NVetrics not Tying to Motivation

The average home in the US flushes 1000's of gallons of water down the
drain each year while standing at the fixture and waiting for hot water.
Some households use a pump for hot water recirculation (HVWR) to ensure
that hot water is always iImmediately available, but these systems can incur
more than $1000 per year in energy costs. In this paper, we explore the
nypothesis that "just-in-time" HVWR can reduce the energy footprint of HWR
systems, without increasing haradware or installation costs and without
iNncreasing water waste or human annoyance. Our basic approach is to

Our results indicate that Circulo can reduce the energy

needed for HWR by 30% while still providing households with
hot water over 90% of the time.
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95% RMSE while still providing households with hot water
over 90% of the time.
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Incomplete Metrics

The average home in the US flushes 1000's of gallons of water down the
drain each year while standing at the fixture and waiting for hot water.
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that hot water is always iImmediately available, but these systems can incur
more than $1000 per year in energy costs. In this paper, we explore the
nypothesis that "just-in-time" HVWR can reduce the energy footprint of HWR
systems, without increasing haradware or installation costs and without
iNncreasing water waste or human annoyance. Our basic approach is to

Our results indicate that Circulo can reduce the energy

needed for HWR by 30% while still providing households with
hot water over 90% of the time.

Yllllvl W \_/ oo UVCOC|I d YUCITUuU U - U uay = C s U el UllWellw

Circulo can reduce the energy needed for HWR by 30% while still providing
Our results indicate that Circulo can reduce the energy

needed for HWR by 30%.
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Write an abstract for a smart coffee machine

Context
Motivation
Prior art
Approach
Evaluation
Results
Conclusions
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=xercise #1 (3 ming)

Write an abstract for a smart coffee machine

1.

2.

ok W

Context: XX% of homes in the US have coffee
makers

Motivation: YY work hours are lost annually due to
ate coffee

Prior art: Current coffee makers have timers, but...
Approach: 1) sensors 2) learning 3) optimization
Evaluation: 100 houses with both types; measured
poroductivity at work

Results: Homes with smart cotfee maker have Z2/%
higher productivity
Conclusions: Companies should subsidize smart
coffee maker purchases
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Write an abstract for any research you want to do

Context
Motivation
Prior art
Approach
Evaluation
Results
Conclusions
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