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Pervasive Computing in Smart Homes

! Smart homes: efficiency, automation, convenience
! Enabled by pervasive computing
• Smart meters, energy sensors, load controllers
• Appliance integration

! Greening smart homes
• Why? 73% of U.S. electricity

! Economic benefits:
• infrastructure, energy costs

! Environmental benefits:
• carbon footprint, renewables
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Demand-Side Energy Management

! Control consumer-side energy demand
• Respond to energy availability 
• Reduce peak usage, fluctuations 

! Components of DSEM
• Monitoring (data collection)
• Control (e.g., load shifting)
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! We focus on performing peak load reduction



! For utilities:
• Lowered peak grid demand

• Infrastructure savings

• Transmission & distribution

Sean Barker (sbarker@cs.umass.edu)

Benefits of Peak Load Reduction
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(loss ∝ current2)
47%!

! For consumers:
• Variable pricing cost savings

• Battery efficiency

• Assist with capping



! Change user behavior
• Users don’t want to!
• Maintain household routines

! Inflexible loads
• Unacceptable: lights, TV
• Inconvenient: dishwasher

! Goal: transparent peak reduction
• No user cooperation
• No negative impact

Sean Barker (sbarker@cs.umass.edu)

Challenges of Peak Load Reduction
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Lights off until 9 pm!
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Outline

! Motivation

! Home measurement study

! SmartCap scheduler

! Evaluation on home data

! Conclusions
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• What can we schedule transparently?

• How can we perform transparent peak reduction?

• How effectively does SmartCap flatten demand?



! Interactive loads
• Controlled by users
• TV, lights, microwave
• Little scheduling freedom!

! Background loads
• Not controlled by users
• A/C, refrigerator, heater
• Don’t care how objective is met
• Significant scheduling freedom!

Sean Barker (sbarker@cs.umass.edu)

Types of Loads
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Not OK to 
interfere!

OK to change 
on/off times!
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SmartCap Measurement Study

! Home monitoring deployment
• 3 occupants, one year (so far)

! Instrumented all outlets and switches
• Lights, TV, dishwasher, freezer, A/C, etc.
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! Few major background loads
• heat recovery ventilator
• refrigerator
• freezer
• dehumidifier
• air conditioner (x3)

! 8% of loads but            
59% of energy use

Sean Barker (sbarker@cs.umass.edu)

1. Background Loads are Significant
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Load Peak Average Quantity

Refrigerator 456W 74W 1
Freezer 437W 82W 1
HRV 1129W 24W 1
Dehumidifier 505W 371W 1
Main A/C 1046W 305W 1
Bedroom A/C 1 571W 280W 1
Bedroom A/C 2 571W 141W 1

Background 4715W 1277W 7
Interactive 9963W 887W 85

Table I
IN THE SUMMER, BACKGROUND LOADS IN OUR HOME ACCOUNT FOR

59% OF THE TOTAL ENERGY CONSUMPTION.

from a real home that houses three occupants. We have
collected the home’s aggregate power for the last 12 months
and power at each outlet and switch for the past 82 days.
Since our monitoring did not affect the occupants’ daily
routine, our data reveals realistic home power usage patterns
over the monitoring period. Our home deployment contin-
uously gathers power usage data for the entire home every
second and 30 individual outlet loads every few minutes; our
prototype maintains a record of the on-off state of 30 of the
home’s wall switches at every instant in time. SmartCap’s
gateway is also able to remotely (and programmatically)
control the home’s outlets and wall switches. More details
about our home deployment are available in prior work [12].

A. Interactive vs. Background Loads

To quantify the potential benefits of scheduling back-
ground loads, we separate the power consumption of back-
ground loads from that of interactive loads. In our prototype
home, we monitor seven background loads at outlets: a
refrigerator, a freezer, a dehumidifier, three window air
conditioning units (A/Cs), and a heat recovery ventilation
(HRV) system. By contrast, we estimate that the home
used 85 distinct interactive loads over the past year. Thus,
SmartCap does not attempt to schedule the vast majority of
household loads, since it would affect the home’s occupants.

Interactive loads that we do not schedule include lights,
entertainment appliances (e.g., TV, cable box, gaming con-
sole), computing equipment (e.g., routers, laptops, desktops),
kitchen appliances (e.g., microwave, toaster oven, espresso
maker, garbage disposal), and miscellaneous devices (e.g.,
clocks, vacuums, hair dryers). In most cases, disconnecting
any of these loads from power when in use is readily ap-
parent to occupants. We also group clothes dryers, washing
machines, and dishwashers with interactive loads. While we
could schedule the start time of these appliances, we do
not include them because adjusting the start time affects
occupants. To see why, consider that a scheduler may be able
to decide when an appliance executes, but occupants must
ultimately initialize the appliance, e.g., fill it with clothes
or dishes, before its scheduled start time. Changing the start
time may force occupants to initialize the appliance at an

 0

 500

 1000

 1500

 2000

 2500

 3000

5 am 9 am 1 pm 5 pm 9 pm 1 am 5 am

Po
we

r (
wa

tts
)

Time

interactive
mealtime
peaks

Figure 2. The power consumption of interactive loads is highly variable
throughout the day. As expected, peak power consumption occurs around
mealtimes in the morning, early afternoon, and early evening.

inopportune time. Further, for clothes dryers and washing
machines, their operation is often pipelined, with households
washing multiple laundry loads back-to-back.

Observation #1: While background loads comprise 7.5%

of the total loads over our monitoring period, they account

for 59% of the average energy consumption. Table I shows
the peak and average power consumption for each back-
ground load we monitor during a representative week in the
summer, as well as the peak and average power consumption
for all background and interactive loads. During this week,
background loads consume 209 kWh, while interactive loads
consume 146 kWh. The three window A/C units signifi-
cantly increase the fraction of energy consumed by back-
ground loads, since each A/C draws between 400W and 1kW
when the compressor is on. On hot days, the compressor
may run as much as half the day, depending on the comfort
level the occupants desire. Note that during the winter the
A/Cs do not run, since the home uses a gas furnace for
heat. As a result, background load is lower in the winter.
In this case, the duct heater for the HRV system, which
heats incoming air from the outside, dominates background
energy consumption, accounting for 70% of the total, while
the refrigerator, freezer, and dehumidifier account for the
remaining 30%. Below, we highlight other observations from
our home’s data that influences our approach to scheduling.

B. Interactive Variability

Observation #2: The power consumption of interactive

loads varies due to the actions of occupants throughout the

day, and is not readily predictable. Figure 2 highlights this
point by showing the power consumption of the interactive
loads in isolation on a typical day. Additionally, Figure 3
shows consumption patterns for four interactive loads. No-
tice that the power draws of these loads vary considerably
throughout the day, with the peak periods occurring during
the morning between 6am and 10am and in the early evening
between 5pm and 9pm. These periods coincide with food
preparation and are partially the result of using high-power
kitchen appliances, such as a coffee pot, garbage disposal,
microwave, dishwasher, or toaster oven. During the night,
the minimum steady state power consumption is roughly

! Background loads are few but major energy users
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2. Background Loads are Periodic
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! Periodicity: regular on/off intervals
! Mostly (but not fully) independent of user behavior

! Background loads vary but have useful periodicity

unusual 
event

irregular 
intervals

regular 
intervals
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• Brief, high-power devices

! Many unpredictable 
individual loads
• Human usage patterns
• May change over time
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3. Interactive Loads are Unpredictable
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! Peak reduction must 
compensate for 
interactive loads



! Background loads cycle on and off
! Exact on/off times (mostly) don’t matter
! Schedule cycling of background loads

Sean Barker (sbarker@cs.umass.edu)

Flattening in SmartCap
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! Interleave background loads to flatten peaks
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Figure 6. A background load scheduler is capable of flattening demand,

but must account unpredictable interactive and background loads.

absolute deviation from the mean power, which is an average

of the absolute difference between power at every time t and

the average power. We use this metric instead of the standard

deviation simply because it is more intuitive; standard de-

viation exhibits the same trends but is greater than or equal

to our metric. The magnitude of the deviation quantifies

how much demand varies; a lower deviation indicates flatter

demand and a better schedule. In our example, the worst-

case no scheduling scenario has a deviation of 1125W from

the mean power, while the best-case scenario has a deviation

of 375W due to 15 minutes of no power consumption at

the end of the period. In this scenario, interleaving the

A/Cs results in a 3x reduction in the deviation and, thus,

a significantly flatter demand profile.

As noted in prior work [6], [13], the scheduling prob-

lem for ideal background loads with regular known on-off

periods distills to a simple offline optimization problem in

the absence of interactive loads. Figure 6(c) demonstrates

how interactive loads alter scheduling by inserting into our

previous example four 5 to 15 minute peaks of 1000W

during the hour-long period, as could be expected from

heating up food in a microwave. Even though A/Cs have

enough slack within the hour to defer their power consump-

tion whenever the microwave turns on (Figure 6(d)), an

algorithm that determines the schedule in advance will not

know about these microwave events. While this is a simple

idealized example, it illustrates that load scheduling in the

presence of unpredictable interactive loads is an online, and

hence heuristic, process. Sudden and unpredictable changes

to a load’s slack, such as from opening doors or changes

in weather, introduce similar issues that warrant an online

approach. As we discuss in Section VI, and in contrast to

Figure 6(a) and (b), we find that scheduling background

loads is most advantageous during “peaky” periods with

many short, but high power, interactive loads.

SmartCap’s scheduler executes every interval T to de-
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Figure 7. Example of how LSF flattens demand.

termine which background loads receive power (and how

much for the battery charger). In our simulator and testbed,

we choose T ’s length to be significantly less (one minute)

than the typical on-off periods of our background loads; the

setting also ensures that background loads are not quickly

turned on and off, which may degrade their reliability. We

assume that once a load’s slack reaches zero, the sched-

uler must provide it the necessary power regardless of the

increase in peak usage. We call our basic load scheduling

policy Least Slack First (LSF), since it supplies power to

loads in ascending order of their current slack value. Thus,

loads with a lower slack have a higher priority. LSF is a di-

rect adaption of the Earliest Deadline First (EDF) scheduling

policy common in real-time operating systems. We combine

LSF with a target capacity threshold to determine how many

loads to power, and how much power to supply to battery

chargers. Once the sum of the background loads’ power

usage reaches the capacity threshold, the scheduler stops

powering additional background loads. Figure 7 depicts how

LSF scheduling flattens demand for a real power signal,

assuming three A/Cs turn on near each other as in Figure 6.

As in our example, LSF flattens the demand profile by

interleaving the on periods.

Our experiments use an adaptive threshold based on an

exponentially weighted moving average of the home’s power

consumption over the previous hour. Setting the capacity

threshold presents a trade-off. A threshold too low causes

the scheduler to defer too many loads, resulting in their slack

values approaching zero in tandem. This induces large peaks

by ultimately forcing the scheduler into simultaneously

powering many loads with zero slack. A threshold too high

causes the scheduler to power too many background loads

at a time, resulting in a peak that is higher than necessary.

V. PROTOTYPE: DESIGN AND IMPLEMENTATION

Our SmartCap home deployment is in an average 3-

bedroom, 2-bath house with 1700 sq. ft. and a total of 8

rooms across three floors, including a basement. Since the

prototype is a real home with three occupants that went

about their daily routines during the monitoring period, our

data reflects real-life home usage patterns. The home does

not have central air, and its furnace and water heater use
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Figure 6. A background load scheduler is capable of flattening demand,

but must account unpredictable interactive and background loads.

absolute deviation from the mean power, which is an average

of the absolute difference between power at every time t and

the average power. We use this metric instead of the standard

deviation simply because it is more intuitive; standard de-

viation exhibits the same trends but is greater than or equal

to our metric. The magnitude of the deviation quantifies

how much demand varies; a lower deviation indicates flatter

demand and a better schedule. In our example, the worst-

case no scheduling scenario has a deviation of 1125W from

the mean power, while the best-case scenario has a deviation

of 375W due to 15 minutes of no power consumption at

the end of the period. In this scenario, interleaving the

A/Cs results in a 3x reduction in the deviation and, thus,

a significantly flatter demand profile.

As noted in prior work [6], [13], the scheduling prob-

lem for ideal background loads with regular known on-off

periods distills to a simple offline optimization problem in

the absence of interactive loads. Figure 6(c) demonstrates

how interactive loads alter scheduling by inserting into our

previous example four 5 to 15 minute peaks of 1000W

during the hour-long period, as could be expected from

heating up food in a microwave. Even though A/Cs have

enough slack within the hour to defer their power consump-

tion whenever the microwave turns on (Figure 6(d)), an

algorithm that determines the schedule in advance will not

know about these microwave events. While this is a simple

idealized example, it illustrates that load scheduling in the

presence of unpredictable interactive loads is an online, and

hence heuristic, process. Sudden and unpredictable changes

to a load’s slack, such as from opening doors or changes

in weather, introduce similar issues that warrant an online

approach. As we discuss in Section VI, and in contrast to

Figure 6(a) and (b), we find that scheduling background

loads is most advantageous during “peaky” periods with

many short, but high power, interactive loads.

SmartCap’s scheduler executes every interval T to de-
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Figure 7. Example of how LSF flattens demand.

termine which background loads receive power (and how

much for the battery charger). In our simulator and testbed,

we choose T ’s length to be significantly less (one minute)

than the typical on-off periods of our background loads; the

setting also ensures that background loads are not quickly

turned on and off, which may degrade their reliability. We

assume that once a load’s slack reaches zero, the sched-

uler must provide it the necessary power regardless of the

increase in peak usage. We call our basic load scheduling

policy Least Slack First (LSF), since it supplies power to

loads in ascending order of their current slack value. Thus,

loads with a lower slack have a higher priority. LSF is a di-

rect adaption of the Earliest Deadline First (EDF) scheduling

policy common in real-time operating systems. We combine

LSF with a target capacity threshold to determine how many

loads to power, and how much power to supply to battery

chargers. Once the sum of the background loads’ power

usage reaches the capacity threshold, the scheduler stops

powering additional background loads. Figure 7 depicts how

LSF scheduling flattens demand for a real power signal,

assuming three A/Cs turn on near each other as in Figure 6.

As in our example, LSF flattens the demand profile by

interleaving the on periods.

Our experiments use an adaptive threshold based on an

exponentially weighted moving average of the home’s power

consumption over the previous hour. Setting the capacity

threshold presents a trade-off. A threshold too low causes

the scheduler to defer too many loads, resulting in their slack

values approaching zero in tandem. This induces large peaks

by ultimately forcing the scheduler into simultaneously

powering many loads with zero slack. A threshold too high

causes the scheduler to power too many background loads

at a time, resulting in a peak that is higher than necessary.

V. PROTOTYPE: DESIGN AND IMPLEMENTATION

Our SmartCap home deployment is in an average 3-

bedroom, 2-bath house with 1700 sq. ft. and a total of 8

rooms across three floors, including a basement. Since the

prototype is a real home with three occupants that went

about their daily routines during the monitoring period, our

data reflects real-life home usage patterns. The home does

not have central air, and its furnace and water heater use



! Periodic background loads exhibit ‘slack’
• Measure of how long background load can remain off
• Based on guardband (e.g., fridge temperature range)

Sean Barker (sbarker@cs.umass.edu)

Scheduling Loads: Slack
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Figure 6. A background load scheduler is capable of flattening demand,

but must account unpredictable interactive and background loads.

absolute deviation from the mean power, which is an average

of the absolute difference between power at every time t and

the average power. We use this metric instead of the standard

deviation simply because it is more intuitive; standard de-

viation exhibits the same trends but is greater than or equal

to our metric. The magnitude of the deviation quantifies

how much demand varies; a lower deviation indicates flatter

demand and a better schedule. In our example, the worst-

case no scheduling scenario has a deviation of 1125W from

the mean power, while the best-case scenario has a deviation

of 375W due to 15 minutes of no power consumption at

the end of the period. In this scenario, interleaving the

A/Cs results in a 3x reduction in the deviation and, thus,

a significantly flatter demand profile.

As noted in prior work [6], [13], the scheduling prob-

lem for ideal background loads with regular known on-off

periods distills to a simple offline optimization problem in

the absence of interactive loads. Figure 6(c) demonstrates

how interactive loads alter scheduling by inserting into our

previous example four 5 to 15 minute peaks of 1000W

during the hour-long period, as could be expected from

heating up food in a microwave. Even though A/Cs have

enough slack within the hour to defer their power consump-

tion whenever the microwave turns on (Figure 6(d)), an

algorithm that determines the schedule in advance will not

know about these microwave events. While this is a simple

idealized example, it illustrates that load scheduling in the

presence of unpredictable interactive loads is an online, and

hence heuristic, process. Sudden and unpredictable changes

to a load’s slack, such as from opening doors or changes

in weather, introduce similar issues that warrant an online

approach. As we discuss in Section VI, and in contrast to

Figure 6(a) and (b), we find that scheduling background

loads is most advantageous during “peaky” periods with

many short, but high power, interactive loads.

SmartCap’s scheduler executes every interval T to de-

 0

 1000

 2000

 3000

 4000

 5000

9 am8 am7 am6 am

Po
w

er
 (w

at
ts

)

Time (Hours)

No Scheduling
LSF (2.2kW)

A/C's 1, 2, 3
activate

Figure 7. Example of how LSF flattens demand.

termine which background loads receive power (and how

much for the battery charger). In our simulator and testbed,

we choose T ’s length to be significantly less (one minute)

than the typical on-off periods of our background loads; the

setting also ensures that background loads are not quickly

turned on and off, which may degrade their reliability. We

assume that once a load’s slack reaches zero, the sched-

uler must provide it the necessary power regardless of the

increase in peak usage. We call our basic load scheduling

policy Least Slack First (LSF), since it supplies power to

loads in ascending order of their current slack value. Thus,

loads with a lower slack have a higher priority. LSF is a di-

rect adaption of the Earliest Deadline First (EDF) scheduling

policy common in real-time operating systems. We combine

LSF with a target capacity threshold to determine how many

loads to power, and how much power to supply to battery

chargers. Once the sum of the background loads’ power

usage reaches the capacity threshold, the scheduler stops

powering additional background loads. Figure 7 depicts how

LSF scheduling flattens demand for a real power signal,

assuming three A/Cs turn on near each other as in Figure 6.

As in our example, LSF flattens the demand profile by

interleaving the on periods.

Our experiments use an adaptive threshold based on an

exponentially weighted moving average of the home’s power

consumption over the previous hour. Setting the capacity

threshold presents a trade-off. A threshold too low causes

the scheduler to defer too many loads, resulting in their slack

values approaching zero in tandem. This induces large peaks

by ultimately forcing the scheduler into simultaneously

powering many loads with zero slack. A threshold too high

causes the scheduler to power too many background loads

at a time, resulting in a peak that is higher than necessary.

V. PROTOTYPE: DESIGN AND IMPLEMENTATION

Our SmartCap home deployment is in an average 3-

bedroom, 2-bath house with 1700 sq. ft. and a total of 8

rooms across three floors, including a basement. Since the

prototype is a real home with three occupants that went

about their daily routines during the monitoring period, our

data reflects real-life home usage patterns. The home does

not have central air, and its furnace and water heater use

! Schedule based on remaining slack
! Least Slack First (LSF)
• Operate loads in order of ascending slack

! Online scheduler
• Respond to foreground (interactive) loads

Sean Barker (sbarker@cs.umass.edu)

SmartCap Scheduler
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! Preempt background loads by interactive loads
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Figure 6. A background load scheduler is capable of flattening demand,

but must account unpredictable interactive and background loads.

absolute deviation from the mean power, which is an average

of the absolute difference between power at every time t and

the average power. We use this metric instead of the standard

deviation simply because it is more intuitive; standard de-

viation exhibits the same trends but is greater than or equal

to our metric. The magnitude of the deviation quantifies

how much demand varies; a lower deviation indicates flatter

demand and a better schedule. In our example, the worst-

case no scheduling scenario has a deviation of 1125W from

the mean power, while the best-case scenario has a deviation

of 375W due to 15 minutes of no power consumption at

the end of the period. In this scenario, interleaving the

A/Cs results in a 3x reduction in the deviation and, thus,

a significantly flatter demand profile.

As noted in prior work [6], [13], the scheduling prob-

lem for ideal background loads with regular known on-off

periods distills to a simple offline optimization problem in

the absence of interactive loads. Figure 6(c) demonstrates

how interactive loads alter scheduling by inserting into our

previous example four 5 to 15 minute peaks of 1000W

during the hour-long period, as could be expected from

heating up food in a microwave. Even though A/Cs have

enough slack within the hour to defer their power consump-

tion whenever the microwave turns on (Figure 6(d)), an

algorithm that determines the schedule in advance will not

know about these microwave events. While this is a simple

idealized example, it illustrates that load scheduling in the

presence of unpredictable interactive loads is an online, and

hence heuristic, process. Sudden and unpredictable changes

to a load’s slack, such as from opening doors or changes

in weather, introduce similar issues that warrant an online

approach. As we discuss in Section VI, and in contrast to

Figure 6(a) and (b), we find that scheduling background

loads is most advantageous during “peaky” periods with

many short, but high power, interactive loads.

SmartCap’s scheduler executes every interval T to de-
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termine which background loads receive power (and how

much for the battery charger). In our simulator and testbed,

we choose T ’s length to be significantly less (one minute)

than the typical on-off periods of our background loads; the

setting also ensures that background loads are not quickly

turned on and off, which may degrade their reliability. We

assume that once a load’s slack reaches zero, the sched-

uler must provide it the necessary power regardless of the

increase in peak usage. We call our basic load scheduling

policy Least Slack First (LSF), since it supplies power to

loads in ascending order of their current slack value. Thus,

loads with a lower slack have a higher priority. LSF is a di-

rect adaption of the Earliest Deadline First (EDF) scheduling

policy common in real-time operating systems. We combine

LSF with a target capacity threshold to determine how many

loads to power, and how much power to supply to battery

chargers. Once the sum of the background loads’ power

usage reaches the capacity threshold, the scheduler stops

powering additional background loads. Figure 7 depicts how

LSF scheduling flattens demand for a real power signal,

assuming three A/Cs turn on near each other as in Figure 6.

As in our example, LSF flattens the demand profile by

interleaving the on periods.

Our experiments use an adaptive threshold based on an

exponentially weighted moving average of the home’s power

consumption over the previous hour. Setting the capacity

threshold presents a trade-off. A threshold too low causes

the scheduler to defer too many loads, resulting in their slack

values approaching zero in tandem. This induces large peaks

by ultimately forcing the scheduler into simultaneously

powering many loads with zero slack. A threshold too high

causes the scheduler to power too many background loads

at a time, resulting in a peak that is higher than necessary.

V. PROTOTYPE: DESIGN AND IMPLEMENTATION

Our SmartCap home deployment is in an average 3-

bedroom, 2-bath house with 1700 sq. ft. and a total of 8

rooms across three floors, including a basement. Since the

prototype is a real home with three occupants that went

about their daily routines during the monitoring period, our

data reflects real-life home usage patterns. The home does

not have central air, and its furnace and water heater use



! Evaluate LSF on home data
• Computed per-period slack
• Linear slack model

! Flattening metric
• Average deviation from mean

! Flattening period
(a) One day
(b) Four hours

! High deviation period (mealtimes) or low (nights)

Sean Barker (sbarker@cs.umass.edu)

SmartCap Evaluation
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! Day-long periods
• Flattening on 91% of days
• 16% average flattening

! Four-hour periods
• High variance (31%)
• >20% flattening

• Low variance (69%)
• <3% flattening

Sean Barker (sbarker@cs.umass.edu)

Evaluation: Smart Home
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Figure 8. LSF decreases the absolute average deviation from the mean power (with no scheduling) on the vast majority of days (91%), as well as over
peak 4-hour periods with mid-range and high-range deviations.

natural gas, which removes three potentially large consumers
of electricity. During the summer, the occupants use three
window A/C units to cool the home—one large unit in the
living room and a smaller unit in each upstairs bedroom.

We provide a brief summary of our SmartCap deployment.
A TED 5000 measures power consumption for the entire
home every second using meter-like measurements of the
wires supplying grid power to the home’s main circuit
breaker panel. The TED specification claims accuracy within
2%; we found the TED to be within 1% of the utility power
readings during the monitoring period. We use Insteon-
enabled switches to monitor and control loads; Insteon is a
common, commercially-available home automation protocol
that uses power line communication. In particular, we use
the Insteon iMeter Solo to monitor power at background
load outlets, and the Insteon ApplianceLinc to control power
to our background loads from our gateway. Our gateway
connects to an Insteon Power Line Modem (PLM), which
is able to inject Insteon commands and listen for responses
over the home’s power lines. The gateway both polls the
iMeters for their power usage and issues on-off commands
to the appliances through the PLM. For background load
scheduling, SmartCap only requires power data for the
whole home and at the seven background loads. How-
ever, our prototype is capable of remotely monitoring and
controlling each outlet and wall switch in the home [12].
To monitor environmental metrics and compute slack, we
deploy eight temperature and humidity sensors inside or near
each background load, as well as outside, using an Oregon
Scientific WMR200A weather station.

In addition to our in-home SmartCap deployment, we
also setup a smart home testbed to mimic our home’s back-
ground loads. The testbed enables us to perform repeatable
experiments, such that we do not disturb home occupants.
It uses the same SmartCap system as our real deployment:
Insteon-enabled power meters and switches to monitor and
control background loads. The background loads include a
humidifier, dehumidifier, multiple electric heaters, a freezer,
and a refrigerator – we use heaters rather than A/Cs, since
our testbed resides within a window-less room and A/Cs
require outside drainage. Since we use external load control
switches that are not integrated with the appliance to connect

and disconnect power, we use appliances that remember
and restart in the same setting after a power outage. For
experiments, we are able to replay traces using our home
data both with and without LSF scheduling.

VI. EVALUATION

We evaluate LSF in simulation and in our smart home
testbed to explore its performance in realistic settings. Our
simulator, written in Java, uses input traces of household
load events to simulate background load scheduling using
LSF. Each load event corresponds to a change in the power
level for a single load. The simulator also associates both a
maximum and minimum slack value with each background
load every period, which includes a single off interval and
its subsequent on interval. At each period boundary, the
simulator assumes the load is at its maximum slack value if
it has just transitioned to the off state, and assumes the load
has zero slack if it has just transitioned to the on state.

The simulator uses a simple linear model for computing
per-period slack: when a load is on its slack increases
linearly, and when it is off it decreases linearly. To always
ensure that the load reaches its maximum slack by the end
of each period, the simulator determines the slope of the
linear increase or decrease in slack using the ratio of the on
and off durations for the current period. Note that, due to
environmental changes, each background load may exhibit
different period durations, as well as per-period on and off
durations, throughout the day. In practice, SmartCap may
use an environmental model to compute slack in real time;
linear models tend to perform well, as Figure 5 demonstrates
for the refrigerator and its inside temperature. Since we
automatically generate input traces from the home’s power
data, our per-period slack computation is an indirect way of
accounting for environmental changes in simulation.

Since our scheduler only controls background loads, our
input traces represent all interactive loads as a single load
with many frequent load events. To get power readings for
the interactive loads, we subtract each background load from
the home’s aggregate power consumption. Note that since
we collect aggregate power consumption every second, our
trace includes a new event nearly every second to represent
the changing consumption of the interactive loads.

Up to 50% 
improvement
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Figure 8. LSF decreases the absolute average deviation from the mean power (with no scheduling) on the vast majority of days (91%), as well as over
peak 4-hour periods with mid-range and high-range deviations.

natural gas, which removes three potentially large consumers
of electricity. During the summer, the occupants use three
window A/C units to cool the home—one large unit in the
living room and a smaller unit in each upstairs bedroom.

We provide a brief summary of our SmartCap deployment.
A TED 5000 measures power consumption for the entire
home every second using meter-like measurements of the
wires supplying grid power to the home’s main circuit
breaker panel. The TED specification claims accuracy within
2%; we found the TED to be within 1% of the utility power
readings during the monitoring period. We use Insteon-
enabled switches to monitor and control loads; Insteon is a
common, commercially-available home automation protocol
that uses power line communication. In particular, we use
the Insteon iMeter Solo to monitor power at background
load outlets, and the Insteon ApplianceLinc to control power
to our background loads from our gateway. Our gateway
connects to an Insteon Power Line Modem (PLM), which
is able to inject Insteon commands and listen for responses
over the home’s power lines. The gateway both polls the
iMeters for their power usage and issues on-off commands
to the appliances through the PLM. For background load
scheduling, SmartCap only requires power data for the
whole home and at the seven background loads. How-
ever, our prototype is capable of remotely monitoring and
controlling each outlet and wall switch in the home [12].
To monitor environmental metrics and compute slack, we
deploy eight temperature and humidity sensors inside or near
each background load, as well as outside, using an Oregon
Scientific WMR200A weather station.

In addition to our in-home SmartCap deployment, we
also setup a smart home testbed to mimic our home’s back-
ground loads. The testbed enables us to perform repeatable
experiments, such that we do not disturb home occupants.
It uses the same SmartCap system as our real deployment:
Insteon-enabled power meters and switches to monitor and
control background loads. The background loads include a
humidifier, dehumidifier, multiple electric heaters, a freezer,
and a refrigerator – we use heaters rather than A/Cs, since
our testbed resides within a window-less room and A/Cs
require outside drainage. Since we use external load control
switches that are not integrated with the appliance to connect

and disconnect power, we use appliances that remember
and restart in the same setting after a power outage. For
experiments, we are able to replay traces using our home
data both with and without LSF scheduling.

VI. EVALUATION

We evaluate LSF in simulation and in our smart home
testbed to explore its performance in realistic settings. Our
simulator, written in Java, uses input traces of household
load events to simulate background load scheduling using
LSF. Each load event corresponds to a change in the power
level for a single load. The simulator also associates both a
maximum and minimum slack value with each background
load every period, which includes a single off interval and
its subsequent on interval. At each period boundary, the
simulator assumes the load is at its maximum slack value if
it has just transitioned to the off state, and assumes the load
has zero slack if it has just transitioned to the on state.

The simulator uses a simple linear model for computing
per-period slack: when a load is on its slack increases
linearly, and when it is off it decreases linearly. To always
ensure that the load reaches its maximum slack by the end
of each period, the simulator determines the slope of the
linear increase or decrease in slack using the ratio of the on
and off durations for the current period. Note that, due to
environmental changes, each background load may exhibit
different period durations, as well as per-period on and off
durations, throughout the day. In practice, SmartCap may
use an environmental model to compute slack in real time;
linear models tend to perform well, as Figure 5 demonstrates
for the refrigerator and its inside temperature. Since we
automatically generate input traces from the home’s power
data, our per-period slack computation is an indirect way of
accounting for environmental changes in simulation.

Since our scheduler only controls background loads, our
input traces represent all interactive loads as a single load
with many frequent load events. To get power readings for
the interactive loads, we subtract each background load from
the home’s aggregate power consumption. Note that since
we collect aggregate power consumption every second, our
trace includes a new event nearly every second to represent
the changing consumption of the interactive loads.

>1kW 
Variance

! LSF especially good at flattening high peak periods

Untimely 
interactive 

loads



! Electric Vehicle (EV)
• Peaky typical usage
• Grid unreadiness at scale
• EV load added to home data

Sean Barker (sbarker@cs.umass.edu)

Evaluation: Electric Vehicle
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! Live testbed for active control, repeatability
• ‘Smart appliances’ via programmable Insteon switches

! Active background scheduling in LSF

Sean Barker (sbarker@cs.umass.edu)

Evaluation: Lab Testbed
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! 23% flattening (background + interactive) on testbed
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Sean Barker (sbarker@cs.umass.edu)

Related Work

! Demand-side energy management
• Load shifting [Keshav, GreenNet 10]
• Prediction [Schülke, SmartGridComm 10]
• Batteries [Zhu, BuildSys 11], [Bar-Noy, WEA 08]

! Background schedulers
• Optimizing for renewables [Taneja, SmartGridComm 10]
• Offline scheduling [Bakker, SmartGridComm 10]
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Sean Barker (sbarker@cs.umass.edu)

Conclusions

! Demand-side energy management for peak reduction

! SmartCap flattens transparently
• Modifies only background loads
• Interactive loads unaffected

! 20-30% flattening using Least Slack First

! Additional savings possible with modest user changes
• Subject of ongoing work
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Questions?

Sean Barker
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! Threshold power to preempt loads
• Start scheduling when threshold is reached

! Adaptive threshold (moving average of past use)

Sean Barker (sbarker@cs.umass.edu)

Least Slack First Threshold
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